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 The demand for accurate weather forecasts drives the inclusion of weather forecasting in 

college meteorology curricula.  An important part of this education is the requirement and 

encouragement for students to participate in competitive weather forecasting contests.  The 

WxChallenge is one such forecasting contest open to all students, faculty and alumni of North 

American universities, and thus has enjoyed widespread participation since its inception in 2005. 

 This research investigated the development of forecast skill throughout the undergraduate 

careers of students participating in the WxChallenge since 2005.  This development occurs 

primarily through exposure to meteorological knowledge and experience with forecasting. The 

forecast skill of undergraduates was evaluated for changes through time as this development 

progressed to determine whether increased meteorological knowledge or forecasting experience 

had any significant effect on skill. 

 It was found that both experience and class level have impacted forecasting skill 

significantly, with most improvement in skill occurring in the first few semesters of an 

undergraduate’s career.  As a result, the WxChallenge can substantiate its claim as a useful 

forecasting tool in the meteorology classroom, and these results can help encourage students 

early in their college career to gain experience forecasting in order to develop skill early. 
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I. Introduction 

 

 In a 2007 information statement, the Council of the American Meteorological Society 

(AMS) indicated that over 100 million households in the United States consult weather forecasts 

at least once per day, as the influence of weather events continues to increase with population 

growth and development.  Furthermore, the Pew Research Center for the People and the Press 

stated that weather is the top reason people watch their local television news broadcast, which is 

the primary source of weather information for the public.  The second most common place for 

weather information is the Internet.  Weather is typically a major story on news programs, on 

Internet news websites, and in newspapers every day (Lorditch, 2009). 

 Weather affects about a third of the Gross Domestic Product of the United States (AMS 

Council, 2007).  Moreover, almost 90% of the emergencies declared by the Federal Emergency 

Management Agency (FEMA) are weather-related, approximately 70% of air traffic delays are 

caused by weather and cost the economy about $6 billion per year, more than 7000 road fatalities 

per year are at least indirectly attributed to weather, and more than 175 people are killed during 

heat waves in the United States each year (AMS Council, 2015).  In addition to saving lives, 

better weather forecasts also result in economic savings: for example, decreasing the extent of 

coastline under hurricane warnings saves about one million dollars per mile of coastline in 

evacuation and preparedness costs, while utility companies save more than 150 million dollars 

per year by using 24-hour temperature forecasts to meet electricity demands most effectively 

(AMS Council, 2015).  Clearly, accurate weather forecasts are critical for more than just the 

average American household. 

 Weather forecasting involves continuously examining the state of the atmosphere and 

Earth’s surface, fostered by a continuously evolving system of observing devices.  Computerized 
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weather prediction systems, known as numerical weather prediction (NWP) models, are 

continually improved in order to transform these observations into analyses; these provide 

representations of the atmosphere’s state at any given time.  They then use laws of physics, fluid 

motion, and chemistry, applied through involved mathematical equations, to forecast how the 

atmosphere will evolve through time.  To accomplish the task of developing useful weather 

forecasts, integration of information obtained from these NWP systems and observations is 

required, followed by the delivery of the information along with confidence in the forecast to the 

public or other users (AMS Council, 2007). 

 Weather forecast skill is measured by statistically evaluating the accuracy of these 

forecasts, and indicates how accurate a forecast is compared to a simple reference forecast such 

as climatology (the climatic conditions for a specific location and time period, averaged over 

time).  This skill generally decreases with time as uncertainty of forecasts increases and 

predictability decreases; errors at shorter time periods in forecasts or NWP output are 

compounded through time to lead to increasingly larger errors at increasing time scales.  In 

addition, forecasts of small-scale systems are likely to be less accurate than those of larger-scale 

systems, as they are hindered by limited computational power, a limited network of observations 

that may prevent examination of the atmosphere at a small enough scale, and inadequate 

understanding of the physical processes involved with the evolution of these phenomena (AMS 

Council, 2007). 

 Despite these limitations, because of continual improvement in understanding, 

observations, computational power, and integration of observational data into NWP models, 

forecasts for short to medium time ranges (up to two weeks) have improved in the past several 

decades – particularly in the first few days of a forecast (AMS Council, 2007).  Lead times for 
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severe weather and other hazards have increased, precipitation forecasts are as accurate to 48 

hours as they were to 24 hours a decade ago, 5-day forecast skill has more than doubled since the 

late 1970s, hurricane track errors have been significantly reduced, and the range of skillful 

medium-range forecasts has been extended by approximately one day per decade (AMS Council, 

2007).  Between 1992 and 2012, National Weather Service (NWS) forecasters improved upon 

the NAM and GFS, the two most commonly-used numerical weather forecast models in the 

United States, by 20% to 40% for forecasts 24 hours in advance.  This improvement occurred 

despite the continual improvement of the models (AMS Council, 2015).  Much of this 

improvement has been attributed to enhanced detection of weather by radar and satellite 

technology, in addition to improvements in meteorological understanding (Lorditch, 2009).  

Forecasts for extended and monthly-to-seasonal forecasts have also improved, albeit at lower 

rates (AMS Council, 2007; AMS Council, 2015). 

 Despite these advances in forecasting, there is still substantial room for improvement, 

especially for high-impact weather events such as winter storms and hurricanes.  Continuing 

challenges also include the differentiation between various precipitation types in the narrow 

transition zones in winter storms, the understanding and integration of cloud processes into NWP 

models, improving observations and the optimal assimilation of them into NWP models, 

improving summertime convective precipitation forecasts, improving seasonal forecasts, and 

improving objective techniques for determining uncertainty of forecasts and communicating 

these uncertainties to the public and other forecast users (AMS Council, 2007). 

 Therefore, despite improvements in NWP output and guidance, the AMS Council (2007, 

2015) asserts that highly skilled weather forecasters remain essential, as they are continually 

trained on the best ways to use data, model output, and forecast tools and thus able to improve on 
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them for forecasts and warnings, particularly for time scales up to a couple days.  In addition, 

dissemination and communication of forecasts to the public are essential; perfect forecasts aren’t 

any good if the users of the forecast don’t know how to use them (Lorditch, 2009).  

 With the widespread impacts of essential weather forecasts, and the improvements still 

desired, there has been a modest amount of literature that has focused on the methods of weather 

forecasting – including human involvement in the current process as numerical forecast models 

continuously improve, qualities and psyches of expert and novice forecasters, training and skill 

maintenance of forecasters, and meteorology in collegiate education. 

 One of the more notable approaches to active involvement of students in the forecasting 

process involves the use of weather forecasting contests, which have the advantage of providing 

competition and entertainment (Bond & Mass, 2009; Croft & Milutinovic, 1991; Decker, 2012; 

Hamill & Wilks, 1995; Hilliker, 2008; Illston et al., 2013; Roebber & Bosart, 1996; Roebber, 

Bosart & Forbes, 1996; Schultz, Anderson & Seo-Zindy, 2013; Skeeter, 2006; Seuss, Cervato & 

Gallus Jr, 2013; Vislocky & Fritsch, 1997; Yarger et al., 2000).  These aspects of forecasting 

contests attract students and the contests themselves ideally allow them to improve their 

forecasting skills.  While some literature has examined the effects of experience levels on 

forecasting skill, including the levels of improvement for students in semester-long meteorology 

courses and accompanying forecasting contests (Bond & Mass, 2009; Roebber & Bosart, 1996; 

Schultz et al., 2013; Seuss et al., 2013; Yarger et al., 2000), the vast majority of literature was 

older and there was a notable absence in the analysis of students’ development of forecasting 

skill as they gain both more experience and more meteorological education throughout their 

entire collegiate careers. 

 This research focused on this improvement of forecast skill by examining the first eleven 
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years of data from the WxChallenge, a national weather forecasting contest that is open to 

students, faculty, staff and alumni associated with universities across North America (Illston et 

al., 2013).  It is the largest known forecasting contest that provides forecasting data for thousands 

of students per year and allows forecasters to participate in the same contest every year; it has 

remained virtually unchanged since its inception.  Many participants even continue to participate 

in the contest after graduation and as graduate students, faculty, or alumni.  WxChallenge 

participation has numbered more than 2000 in a single year (Illston et al., 2013), and 

participation has ranged from about 1800 to 2100 participants each year since the peak in 2012-

13 (University of Oklahoma, 2016).  Therefore, this contest provided an excellent basis for this 

study.  The review of literature (see Chapter 2) indicated no prior studies on the forecasting data 

from the WxChallenge.   

 Following the literature review in Chapter 2, a discussion of the data used from the 

WxChallenge and methodology followed to analyze these data are found in Chapter 3.  Results 

from a variety of statistical tests on the data are presented in Chapter 4, followed by a discussion 

of the results, limitations of the study, and a brief discussion of their implications.  

Recommendations for future research and concluding statements are presented in Chapter 5.  
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II. Literature Review 

 Forecasting weather has always proved to be a challenge largely due to the chaotic nature 

of the atmosphere and very complex air motions.  In the mid-20th century, numerical weather 

prediction (NWP) models, run on some of the fastest computers in the world, were introduced to 

help humans in this difficult endeavor.  Since that time, these models have become increasingly 

more accurate with weather prediction, calling into question how humans can still contribute 

positively to forecasting, if at all.  Previous literature has explored characteristics of successful 

forecasters, the process and strategies used by effective forecasters, and the role of meteorology 

and weather forecasting contests in collegiate environments to successfully train forecasters. 

2.1. The role of humans and numerical weather prediction in weather forecasting 

 The role of humans in weather forecasting has been questioned since the beginning of 

NWP models in the 1960s (Stuart et al., 2006).  According to Boi and Spangler (2012), NWP 

models employ laws of fluid dynamics, in addition to moisture and heat fluxes between the 

atmosphere, hydrosphere, and lithosphere, in order to arrive at a prediction of future atmospheric 

weather conditions.  They utilize observational data from surface stations, weather balloons, 

satellites, aircraft, and other sources to initialize models to the best estimate of current 

atmospheric conditions.  As a result of the success of NWP, forecasters increasingly rely on the 

output and guidance from these models over time.  Consequently, roles of forecasters have 

transformed accordingly; Stuart et al. (2006) published a summary of a discussion at the 2004 

American Meteorological Society (AMS) Annual Meeting in Seattle, Washington about the 

continued evolution of these roles. 

   One of the themes presented at this meeting indicated that NWP solutions should provide 

guidance to forecasters, rather than provide the truth of future meteorological conditions.  
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Although there was uneasiness in the prospect of completely automated forecasts, there was 

agreement that NWP was best at establishing accurate synoptic-scale structures upon which 

humans could improve.  Suggestions arose that humans would become forecast managers in the 

future, similar to pilots of large aircraft only intervening when necessary but otherwise yielding 

flying duties to the aircraft itself.  In other words, forecasters would primarily monitor the NWP 

output and model input data, stepping in to take control only during data or computer failures, or 

when severe or extreme weather occurs (Stuart et al., 2006). 

 Stuart et al. (2006) also suggested that all operational forecasters lack comprehension of 

at least some aspects of NWP models due to insufficient time for learning, and that increased 

education about NWP and critical thinking are necessary for university students to gain a more 

solid base on strengths, weaknesses, and operation of the models. 

 Boi and Spangler (2012) pointed out that output forecasts from NWP models are 

attractive because they can reveal relationships and phenomena occurring in the atmosphere that 

even the most skillful and observant humans cannot perceive, generate objective output that 

avoids the subjectivity of humans, and theoretically perform extremely difficult calculations for 

all processes at work in the very complex systems that are tied to the atmosphere.  These tasks 

are impossible for humans without the assistance of technology, so model output is treated as the 

“truth” by many forecasters. 

 Stern (2007) developed and tested a weather forecasting system that mechanically 

combined human and computer-generated predictions.  He theorized that, because computer-

generated forecasts are unable to replicate humans’ decision making processing, humans are 

unable to fully integrate observations and guidance from NWP models.  The combination of 

multiple independent predictions typically yields more accurate predictions than the individual 
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components (the basis of ensemble forecasting); such a system would be able to outperform both 

humans and computer guidance individually.  He stated that making judgmental adjustments to 

statistical forecasts is the least effective way to combine these forecasts because it can introduce 

bias, so human forecasters in the future will serve as input to a system that mechanically 

combines forecasts.  Stern’s (2002) results using forecasts from the Australian Bureau of 

Meteorology indicated that this system resulted in forecasts that were more accurate than those 

issued officially by the Bureau. 

2.2. Descriptions of numerical weather prediction (NWP) models 

 Previous literature has also discussed the history of these aforementioned NWP models, 

how they operate, and specific models in widespread use. 

 NWP systems are models of the atmosphere that attempt to analyze the current state of 

the atmosphere and then predict how the atmosphere will behave in the future.  The first attempt 

at predicting weather began as long ago as the early 1920s; the first successful attempt occurred 

after Carl-Gustaf Rossby introduced the concepts of group velocity and dispersion and showed 

the dispersive nature of important waves in the atmosphere and oceans in the mid-1940s (Yu, 

2010).  The first NWP model based on a barotropic vorticity equation was operational in the late 

1950s.  Major advances were made with the introduction of satellites in the 1970s and significant 

improvement in model physics and reduced spatial resolutions (Yu, 2010). 

 NWP models begin with current atmospheric observations as input, interpolating them to 

a three-dimensional grid such that various fields are consistent and physically plausible.  The 

model then arrives at a starting initialization of its best approximation of the current atmosphere, 

which typically involves using a forecast from a previous run of the model modified by the 

current observations (Mass, 2015).  Subsequently, the model uses basic dynamical equations 
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(known as the primitive equations), physical parameterizations (to include important physical 

processes such as convection and cloud microphysics), and a method to solve the equations on 

powerful computers to generate forecasts of the atmosphere (Mass, 2015). 

 There are several NWP models in current widespread use.  Medium- to long-range 

forecast models include the Global Forecast System (GFS) model, which uses spectral 

representation equivalent to a 25 kilometer grid model, instead of grids.  The GFS is run to 384 

hours four times a day.  The European Center for Medium-Range Weather Forecasting 

(ECMWF) runs a model that is typically considered the best medium-range model in the world 

(Mass, 2015; Lackmann, 2015).  Other longer range models include those from the United 

Kingdom Met Office and Canadian Meteorological Center (the GEM model). 

 Shorter-range forecast models in widespread use include the Weather Research and 

Forecasting (WRF) model (used by the NWS, universities and research), the MM5 model, and 

the COAMPS model from the United States Navy (Mass, 2015).  The North American 

Mesoscale (NAM) model is a form of the WRF; it accounts for some important processes which 

other models do not (Lackmann, 2015).  It is run to 84 hours, four times a day, with a resolution 

of 12 kilometers (Lackmann, 2015).  Higher resolution models are also in widespread use, 

including the Rapid Refresh and High-Resolution Rapid Refresh models, which are run every 

hour for limited time periods into the future. 

 Finally, ensemble forecasting is a modeling strategy that runs a collection of forecasts, 

each starting with a slightly different initial state, or run with different model physics.  The mean 

of all such forecasts, referred to as the ensemble mean, has been shown to be a more skillful 

forecast than any of the individual members of the ensemble (Lackmann, 2015; Mass, 2015).  In 

addition, the variation in the solutions of each ensemble member is an effective measure of the 
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predictability or uncertainty in the forecast (Lackmann, 2015; Mass, 2015).  Small differences in 

the initial state of the atmosphere are often magnified as forecast time increases due to the 

dispersive nature of atmospheric waves – leading to the idea of ensemble forecasting in the early 

1960s (Yu, 2010).  Operational ensemble forecasting did not become a reality until the 1990s, 

however, as computer power greatly increased (Yu, 2010).  Errors in initial conditions can result 

from instrument error, the finite nature of observed data, variables not observed at all, missing 

and accurate data, and deficient analysis techniques.  With even a perfect NWP model, these 

errors grow nonlinearly with time and eventually overwhelm any forecast signal.  Varying initial 

conditions with ensemble forecasting attempts to account for as many various possible initial 

conditions as may exist (Roebber and Tsonis, 2005). 

 Ensembles are currently run for many different models, including the GFS, Canadian 

(GEM), and ECMWF (Lackmann, 2015).  The National Centers for Environmental Prediction 

(NCEP) in the United States constructed the high resolution Short-Range Ensemble Forecast 

(SREF) system (Mass, 2015), and Florida State University has experimented with a new “super 

ensemble” technique that uses weights for each member of an ensemble based on the past skill of 

each member, and has demonstrated superior forecast skill (Lackmann, 2015). 

2.3. The weather forecasting process 

 After NWP models generate their own objective weather forecasts based on physical 

equations of motion, human forecasters view the model output and create their own forecasts 

based on the NWP solutions and other factors for which they may account.  The procedure in 

which this is done is commonly known as the weather forecasting process. 

 Generally, many forecasters follow a somewhat regular individual process when 

forecasting.  However, the process can vary substantially for different weather scenarios, 
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different time scales, the size of the forecasting domain, geographic area and climatology, etc.  In 

addition, the process typically varies by forecaster; it is not a simple mechanical process for 

which standard linear procedures can be applied (World Meteorological Organization 

[henceforth abbreviated as WMO], 2004).  Improvements in numerical models, technology, and 

meteorological understanding also continuously alter the process through which a forecaster 

develops a prediction.  Many forecast services are even automating routine forecasts to allow 

forecasters to focus on high-impact events or areas where meaningful value can be added by a 

human forecaster.  That said, there are some general tasks in forecasting that are common to 

most methods (WMO, 2004). 

 The first task in the weather forecasting process is to perform an analysis of current and 

recent past weather, being sure to understand the recent evolution of the atmosphere as well as its 

current state.  This task typically involves examining model analyses, satellite images, radar 

images, and observations from recent days to efficiently assess the dynamical behavior of the 

atmosphere (WMO, 2004).  Observations can be from surface-based systems such as observing 

stations, radar, and ocean buoys, or air or space-based systems such as satellites and aircraft; the 

area to be observed is typically proportional to the lead time for which a forecast is being made 

(Toth, 2005; Mass, 2015).  Though an analysis must be thorough and comprehensive, any 

analysis should be relevant to the actual forecast or time needed for other tasks may be lost 

(British Antarctic Survey, 2015). 

 This task also involves evaluating the quality of the analyses and observations, as well as 

their relevance and importance.  Should the quality of observations that are reflected in NWP 

model analyses be poor, interpretation of forecasts from these models may be problematic 

(WMO, 2004).  A forecaster must also understand that there is a great deal of uncertainty in the 
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assessment of current weather, since there may be spatial, temporal, and variable gaps in 

coverage.  Additionally, instruments have both random and systematic errors that may distort the 

actual state of the atmosphere at a specific place and time (Toth, 2005).  Finally, this task also 

involves identifying key elements of the current state of the atmosphere, including jet streams 

and streaks and baroclinic zones (WMO, 2004).  This task allows the forecaster to understand 

what is currently happening in the atmosphere (Toth, 2005). 

 Examination of at least one NWP model and determining a likely future scenario is the 

second general task in the weather forecasting process (WMO, 2004).  Some literature suggests 

that the quality control of data, assimilation of data into the NWP models and the models’ 

projection of the initial state of the atmosphere into the future are part of this step, though they 

typically are performed by people other than the forecaster and in completely different locations 

(Toth, 2005; Mass, 2015; United Kingdom Met Office, 2009).  This task is rather difficult to 

standardize because there are many factors that can introduce erroneous forecasts, such as weak 

model physics or poor or missing initial observations.  Generally, it is important for a forecaster 

to assess multiple models when available to compare their forecasts of the evolution of key 

features in the atmospheric circulation, as well as compare forecasts and analyses from the most 

recent and prior model runs, and recent observations, to determine if the atmosphere is behaving 

as expected (WMO, 2004). 

 After examination of one more NWP models, the most difficult part of forecasting 

ensues: determining and describing the most likely scenario for the atmosphere’s evolution.  The 

WMO (2004) mentions that it is impossible to create a rule to make as rational a choice as 

possible; the choice is subject to the forecaster’s experience, particularly when there are 

important discrepancies between scenarios. 
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 The third primary task in forecasting, according to the WMO (2004) is the deduction of 

expected weather based on the chosen evolution of the atmosphere.  This involves translating the 

synoptic-scale evolution into smaller scale phenomena and describing the expected weather in 

terms of specific elements, such as temperature, throughout time and space. 

 Fourthly, a very important task in the forecast process involves distributing and 

communicating forecasts to users, as well as preparing and issuing warnings for various 

meteorological events, based on the forecaster’s determination of expected or imminent events.  

Designing products to meet the requirements of users is essential, and if time permits, discussion 

of the motives behind forecasts – such as radar images or NWP output – can be helpful as well 

(WMO, 2004). 

 These first four steps are often required to be performed quickly, as forecasters can be 

inundated by a vast amount of data while trying to identify essential characteristics of the 

atmosphere, synthesize this information, and perform these tasks rapidly, particularly in 

changing weather (WMO, 2004).  Toth (2005) also warns that forecasters must be aware that 

forecast skill is always limited, no matter how sophisticated the methods and technology used for 

forecasting.  Therefore, the forecaster must be able to access the uncertainty of forecasts.  The 

initial state of the atmosphere, as supplied to NWP models, is imperfect due to observational, 

instrumentational, and data coverage issues, and problems with assimilation of data.  Numerical 

models themselves are deficient as they have limited resolution and cannot forecast for every 

point.  There exist issues with required spatial, temporal and physical truncation of processes, 

often magnified with time.  Finally, the atmosphere is chaotic – small errors in forecasts amplify 

rapidly, leading to diminishing skill with increasing lead time; the degree of this loss of skill is 

not uniform but varies with every situation (Toth, 2005; United Kingdom Met Office, 2009). 
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 A final and sometimes underused task in the forecast process is the evaluation and 

verification of past forecasts, which the WMO (2004) deems essential to ensure quality forecasts 

and products, identify shortcomings, and enable improvement for future forecasts.  There are 

various ways to measure the skill of past forecasts; the United Kingdom Met Office (2009), for 

example, uses an index called the Numerical Weather Prediction (NWP) index that combines the 

accuracy of several different elements into one overall measure of accuracy. 

 The WMO (2004) also claims that the work of a forecaster is based on theoretical 

background from education as well as practice and experience within a weather forecasting 

service.  The training in a weather forecasting service environment allows a novice to work along 

with a more experienced forecaster for several weeks to acquire knowledge and methodology in 

a real operational environment (WMO, 2004). 

 Additional methods for the forecasting process are mentioned, such as the well-known 

“Snellman Funnel” approach to forecasting, based on Len Snellman’s approach to organizing 

forecast information by scale, from the hemispheric pattern to the synoptic situation to the 

mesoscale, where time spent analyzing each scale is inversely proportional to the scale 

(Lackmann, 2015; Mass, 2015).  The British Antarctic Survey (2015) asserts that a forecaster 

should know the physical environment and climatology for which a forecast is being prepared.  

The United Kingdom Met Office (2009) also emphasizes that collaboration is necessary for 

accurate forecasts. 

2.4. Basic forecasting strategies and techniques 

 In addition to the familiar forecasting process, there has been discussion about basic 

strategies and techniques used during the creation of a forecast itself. 

 Lackmann (2015) presents basic forecasting strategies, some of which form the basis for 
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measuring skill of other forecasts.  The simplest strategy is a persistence forecast, which states 

that future conditions will be identical to present conditions.  Of course, this forecast is generally 

fairly inaccurate except when synoptic patterns are similar or temperature and pressure gradients 

are weak, although it does also work well in tropical or polar environments.  A climatological 

forecast is one which uses average climatic conditions for a particular place and time; it usually 

does not perform well either, but can work well when storm tracks are far away and seasonal 

weather prevails, or in tropical or polar areas where the weather typically exhibits fairly low 

variability (Lackmann, 2015). 

 An analogue forecast has traditionally not been commonly utilized because it involves 

identifying a similar weather pattern in the past on which to base a forecast; identifying such 

weather patterns can be fairly time consuming and its utility is limited because no two weather 

patterns are exactly alike (Lackmann, 2015).  However, automation has recently allowed for the 

increasing availability of analogues on the Internet that can be quickly generated.  A consensus 

forecast is one which is an average of many individual forecasts; this is usually more skillful than 

any individual forecast due to statistical behavior.  Ensemble forecasting is a form of consensus 

forecasting (Lackmann, 2015).  Finally, a combination of all these strategies, as well as the 

incorporation of guidance from NWP models, is the strategy most often used (Lackmann, 2015). 

 Lackmann (2015) also presents several techniques for forecasting various elements, 

which include factors that affect each of these.  For forecasting temperatures, he mentions that a 

forecaster must consider, for example, cloud cover, precipitation, and vertical air motion, in 

addition to other factors.  For precipitation, a forecaster must consider other components, such as 

forcing mechanisms for ascent of air, moisture amount, and proximity to water sources 

(Lackmann, 2015). 
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2.5. Novice versus expert forecasters 

 Although the process and many of the techniques used by different forecasters may be 

similar, differences in forecast accuracy exist between novice (beginning) and expert 

(experienced) forecasters.  Several research studies have examined these differences, particularly 

with respect to how the different forecasters use and interpret numerical weather model data. 

 According to Boi and Spangler (2012), one of the primary differences between novice 

and expert forecasters is that novice forecasters are much more inclined to accept model output 

as the best possible forecast, while expert forecasters use the model output as a single tool, 

adding mental models and problem solving using experience to come up with better forecasts.  

These expert forecasters recognize that models are not as complex as natural systems and 

naturally miss important details that occur between their grid points (as well as other limitations), 

therefore recognizing that the model output must be interpreted and not used literally.  

Interpreting it correctly, however, is the challenge (Boi and Spangler, 2012). 

 Boi and Spangler (2012) used an example of ensemble predictions of the track of 2003’s 

Hurricane Isabel, stating that novice forecasters would simply average the ensemble tracks to 

obtain a forecast track they think is best, using the spread in the tracks as a measure of 

uncertainty, while expert forecasters would decide on a likely track based on knowledge of 

current atmospheric conditions and experience.  An interesting observation they made was that 

novices look at weather maps and forecast charts and apply simple rules of typical weather 

associated with features such as ridges and troughs, while experts look at them differently; they 

“see hills and valleys with streams of moisture, current converging and diverging, and jet streams 

passing overhead” (Boi and Spangler, 2012, p. 113).  The expert forecasters visualize the fluidity 

of the atmosphere in four dimensions as it evolves through time, and when comparing NWP 
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model’s output with current conditions, question how and why they differ to try to determine 

exactly with what the models are having problems (Boi and Spangler, 2012). 

 In addressing how forecasters progress from the novice level to a more expert level, Boi 

and Spangler (2012) remark that the fact that weather is always changing is a great advantage to 

allowing forecasters to repeatedly undertake the forecasting process, with virtually unlimited 

chances to analyze observations, interpret NWS output, and evaluate previous forecasts and 

errors.  In this way, forecasters have continued opportunity to add to their mental models and 

expertise.  Weather briefings in undergraduate meteorology classes, forecasting contests, and 

training at the professional level all contribute to these opportunities.  Forecasting contests at the 

collegiate level are examined in further detail in a subsequent section of this review. 

 Traits of skillful forecasters were identified by Stuart et al. (2006) as examined at the 

2004 AMS Annual Meeting.  Studies of collegiate forecasters in forecasting contests may 

determine if forecasters who perform well in these contests possess most of these characteristics.  

These traits are summarized in Table 2.1. 

 

Table 2.1 

Traits of skillful forecasters as identified by Stuart et al. (2006) 

Technological proficiency 

Smooth adaptation to new technologies and new forecasting techniques 

Effective synthesis of knowledge of the atmosphere’s processes 

The ability to learn from colleagues with more forecasting experience 

The ability to learn from past events and forecasts instead of forecasting chiefly from computer model guidance 

Possessing a strong passion and curiosity for meteorology 

A sense of objectivity to prevent forecasts from being affected by personal wishes 

The ability to accept responsibility for errors that occur in forecasts and to learn from them 

Mindful of the needs, expectations and knowledge level of the client or public 

Management and people skills 
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 Forecasters at the United States Naval Air Station in Pensacola, Florida were evaluated in 

a study measuring knowledge and organization of weather concepts and their relation to 

forecasting skill, experience, and performance (Hoffman, Coffey, Ford & Novak, 2005).  This 

research separated the forecasters, designating them as “experts” and “novices.”  They believed 

that the experts were more easily able to apply logical reasoning, formulate conceptual and 

mental models, cope with rare or difficult meteorological situations, quickly recognize situations 

and adapt to them immediately, and be motivated and deliberate.  They found that the forecasters 

they initially identified as novices, with less experience, were more likely to describe their 

method of forecasting as relying on persistence and the “model of the day,” while those 

identified as experts were more likely to employ reflective thinking while treating forecasting as 

exploratory hypothesis testing; that is, they adapted to factors such as season of the year and 

varying weather situations, allowing these to dictate their interpretation of model biases and their 

order of examining computer model output (Hoffman et al., 2005).  However, they also 

identified participants who exhibited a knowledge of meteorology with skilled forecasts, but who 

did not show signs of motivation to gain additional skill. 

 The psyche of expert forecasters was analyzed by Stuart, Schultz and Klein (2007).  They 

claimed that those who educate forecasters need to adapt to the fact that forecasters, in general, 

require specific examples from the real world instead of theoretical concepts.  Forecasting, they 

acknowledged, involves many difficult decisions that include incomplete and inaccurate analyses 

of the atmosphere, an enormous amount of available information, multiple imperfect computer 

model guidance, different thresholds and theories on the best approach to warnings, and time 

constraints that compound these difficulties.  Forecasters thus require heuristics, or intuitive 

methods, that allow them to absorb a large amount of diverse and incomplete information to 
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quickly arrive at a forecasting decision (Stuart et al., 2007).  Stuart et al. (2007) also observed 

that experienced forecasters use conceptual mental models and pattern recognition heuristically, 

typically based on past experience and empirical evaluation of past forecasts, allowing them to 

consistently outperform objective methods and ensuring that humans continue to have a role in 

the forecast process.  They also claim, however, that if forecasters continue to make only 

minimal improvements over objective guidance, due to limited capabilities for analytical 

reasoning and judgement, humans may fade from the weather forecasting process. 

 Doswell and Maddox (1986) wrote about the essential application of diagnosis or 

synthesis in weather forecasting, in order to allow forecasters to evaluate how well or badly 

particular objective guidance was handling atmospheric processes.  They argued that this 

diagnosis step is vital for qualitative assessment of objective (quantitative) guidance from NWP 

models.  Although written 30 years ago, their observations on the need for scientific 

understanding still apply: forecasting is not truly scientific unless forecasters understand the 

meteorological processes modeled by science.  Students confused by their science education, or 

novice forecasters, may learn terminology and basic tools of forecasting, but they make forecasts 

without true understanding of the processes.  Thus, it is difficult to take a scientific approach to a 

forecast.  Forecasting experience and knowledge allow one to depart from objective model 

guidance with at least some confidence of success (Doswell and Maddox, 1986). 

 Klein Associates, known for studying human cognitive and psychological aspects of 

professions requiring quick and effective decisions, studied weather forecasters (Stuart et al., 

2007).  Forecasters were divided into five categories based on the results: intuitive scientists, 

rule-based scientists, procedure-based forecasters, procedure-based mechanics, and disengaged 

forecasters.  These categories range from the most to least engaged and innovative in the order 
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presented.  Klein Associates found that 40% of United States military meteorologists could be 

placed in one of the latter two categories and they treated their forecasting job as mostly a source 

of income.  They also showed clear differences between inexperienced and experienced 

forecasters: inexperienced forecasters rely significantly on computer model output, have a fixed 

set of procedures, a narrow perception of the atmosphere and its behavior, and chase 

observations – reacting to changing conditions instead of being ahead of the changes before they 

occur.  On the other hand, experienced forecasters have a broader view of the atmosphere, are 

flexible in their use of tools and procedures – varying their process as conditions warrant, and 

use conceptual models to interpret atmospheric scenarios (Stuart et al., 2007).  In addition, 

experienced forecasters use a decision model that combines both analysis and intuition in their 

process for weather forecasting decisions; a certain weather scenario could recreate a past 

weather event in an experienced forecaster’s mind, for example.  This, of course, is an example 

of the analogue forecast that experienced forecasters are more able to quickly analyze, and for 

which they hold a much larger catalogue of events from which to draw. 

 Interestingly, Klein Associates also found that improvements in information technology 

actually help inexperienced forecasters while hindering more experienced forecasters.  

Technology typically helps inexperienced forecasters by allowing them to save time and 

providing support, but for experienced forecasters, it can upset their mental and decision-making 

process and disconnect them from their preferred methods of analysis.  In addition, if forecasters 

begin to feel they are no longer able to add value to improving computer model guidance due to 

technology, it can increase apathy in forecasters.  This occurs more for experienced forecasters 

who are used to being able to improve upon computer guidance and upon less experienced 

forecasters (Stuart et al., 2007). 
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 Bosart (2003) argued that despite significant improvement in weather forecasting skill 

over the last 40 years, human forecasters must be involved in real-time, high quality mesoscale 

surface analyses in order to continue to maintain the greatest advantage possible over steadily 

improving NWP model and guidance forecasts.  He argues that the absence of these analyses 

prevents the ability of forecasters to detect, track, diagnose and forecast crucial mesoscale 

features that are attendant to weather affecting the public; this may lead to the atrophy of 

forecasting skills through disuse.  Successful and experienced forecasters are more attentive to 

these mesoscale features than novice forecasters. 

 In reference to the forecast process, Bosart (2003) wrote that all the crucial elements in 

the process – namely, identifying what happened, why it happened, what is currently happening, 

why is it happening, what is going to happen, and why is it going to happen – must be explained 

in order for the forecast to work properly.  However, it is possible to address only what is going 

to happen without any other explanations, because models have improved so much that their 

output forecasts are very competitive to NWS and private-sector forecasts.  In fact, Vislocky and 

Fritsch (2005) found that a model consensus forecast ranked 17th of 594 forecasters in the 1994-

95 National Collegiate Weather Forecasting Contest (NCWFC), finishing 42 spots higher than 

the human consensus.  

 As a result, Bosart (2003) argues that a large number of forecasters, particularly novice 

forecasters, may simply look at model output guidance and focus on what is going to happen 

without the understanding of why or its cause, leading to the deterioration of their forecast skills 

from disuse.  This can lead to significant risk of an incorrect forecast when there are problems 

with observations that are fed into models or when atmospheric conditions are extreme, such as 

with the classic example of the January 25, 2000 surprise snowstorm along the East Coast.  More 
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experienced forecasters are more likely to spend time on the other five crucial elements in the 

forecast process to also understand the past and current state of the atmosphere and why 

everything has, is, and will be happening. 

 Bosart (2003) also maintained that mesoscale weather systems can hide very easily, due 

primarily to unavailability of mesoscale analyses, inadequate analysis of contrasting 

observations, and degraded synoptic-scale analyses.  He felt it was necessary that forecasters 

perform real-time, high quality mesoanalyses as much as possible in order to detect mesoscale 

features that are embedded in larger-scale atmospheric flow, which produce most of the weather 

that concerns the public.  Although models are increasingly capable of forecasting mesoscale 

features, these forecasts are not necessarily accurate; forecasters must supplement them with 

mesoanalyses for quality control of current conditions input into the model.  Most novice 

forecasters are unequipped or don’t have the foresight to examine mesoscale features.  To 

address the problem of skill deterioration via disuse, he also claims that forecast areas are often 

too small (such as within the National Weather Service) to allow forecasters to experience the 

variety of weather synoptic systems bring, let alone experience it often enough to be consistently 

performing sufficient analysis (Bosart, 2003).  A more experienced forecaster is more likely to 

have the acumen to consistently observe, analyze, and learn from weather outside a small 

designated forecast area. 

2.6. Meteorology Education 

 Private forecasting firms have generally felt that graduating meteorologists depend too 

much on numerical weather prediction model forecasts, and that students should experience 

forecasting without the assistance of this guidance to learn meteorological principles that will aid 

them in forecasting for various scenarios (Yarger et al., 2000).  To increase this experience and 



E c k s t e i n  | 23 
 

knowledge of forecasters, many universities offer forecasting classes or laboratories to teach the 

process and techniques, provide information about NWP models, and deliver opportunities for 

undergraduates to gain experience forecasting with and without NWP guidance and experience 

and forecast weather in the field to go well beyond simply looking at NWP guidance within 

closed doors.  This is how most weather forecasters begin acquiring knowledge and experience.  

A variety of literature has focused on the education of meteorology students and how they may 

best learn. 

 Knox and Ackerman (2005) surveyed their introductory classes at the University of 

Georgia and University of Wisconsin-Madison to determine areas in which the students had the 

most interest.  The usual assumption, they claim, is that students are interested in only a few 

topics that are attractive for their intensity (e.g. tornadoes and hurricanes) and thus faculty must 

determine the curriculum for introductory meteorology courses.  Despite the prominence of 

tornado chasing in media portrayals of weather and meteorology, they surprisingly found that 

weather forecasting was the most common topic of interest by students at both universities.  

When the topics were organized by chapters in an introductory meteorology textbook, weather 

forecasting was second only to thunderstorms and tornadoes.  Their concern was that sections on 

weather forecasting in textbooks were limited to a single chapter at the end and may not be 

covered in many classes.  They note that textbooks on forecasting lag behind current knowledge 

and that more information is available on the Internet (Knox and Ackerman, 2005). 

 Other literature focuses on various educational programs designed for student learning in 

meteorology.  Barrett and Woods (2012) developed a field activity in 2010 in response to 

doubled enrollment in their meteorology program at the U.S. Naval Academy; this activity 

allowed students to be active learners of severe weather by giving them the opportunity to 
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observe severe thunderstorms in the field.  This experience confirmed that students learn most 

when they are engaged in active learning (Barrett and Woods, 2012).  Similar field experiences 

to investigate meteorological processes have been offered at many other colleges and universities 

(Barrett and Woods, 2012).  At the author’s institution of Ball State University, an annual field 

observation course (Geography 490/590) also allows students to traverse the Great Plains to 

learn about forecasting and studying severe thunderstorms, and in years past, high-altitude 

balloon launches were incorporated into advanced atmospheric science classes to give students a 

hands-on, active learning experience in the field (Coleman and Mitchell, 2015).  Faculty at Texas 

A&M University developed a student research study to investigate the public’s perception of 

hurricane risk along the Texas Gulf Coast, along with their use and perception of forecasts from 

Hurricane Rita in 2005 (Morss and Zhang, 2008). 

 Meteorology faculty at Pennsylvania State University began an online program for a 

certificate of achievement in weather forecasting in the mid-2000s.  Faculty and students have 

found the program very popular and rewarding as a commitment to lifelong learning, especially 

for adults who are passionate about weather and forecasting but hold jobs in other fields (Grenci, 

Babb & Seman, 2008).  For the program’s final course, Advanced Topics in Weather 

Forecasting, students were required to particulate in the WxChallenge, a national collegiate 

weather forecasting contest detailed in the following section.  In their first two semesters, all 

students in this capstone course, only one of whom had any prior meteorology education, 

finished in the top 25% of all students in the nation (Grenci et al., 2008).  Grenci et al. (2008) 

feel that their students’ success reflects their dedication to becoming lifelong learners, along with 

use of forecasting forums that allow them to interact with each other on a regular basis as well as 

obtain feedback from professionals. 
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2.7. Descriptions of collegiate weather forecasting contests 

 One chief method of educating students on weather forecasting at the collegiate level is 

through the use of weather forecasting contests.  Such contests have been held from local to 

national levels, with participants ranging from those enrolled in a single meteorology class to 

thousands of students from nearly 100 universities across the nation.  The successes, failures, 

methods of skill assessment, and outcomes of several of these contests have been analyzed. 

 A forecasting contest was held for a large introductory meteorology course at Iowa State 

University beginning in 1993 (Yarger et al., 2000).  This contest required students to not only 

forecast specific weather parameters, but also to select physical reasoning for their forecasts 

based on pre-determined choices for advection, clouds, fronts, and other factors.  Yarger et al. 

(2000) found that including these explanations allowed them to score verification of the students’ 

explanations, further engaged students, permitted understanding of factors affecting weather 

elements, and required students to determine causes for future weather beyond values from a 

website or model.  The students indicated that this was the most popular component of the 

introductory meteorology course, and that it greatly improved their skills. 

 Hilliker (2008) offers a forecasting contest for his introductory meteorology classes for 

extra credit to build a bridge between the scientific and operational aspects of meteorology.  His 

objective is for students to acquire an appreciation of weather forecasting and has found that 

participation decreases with time, while it increases with course level; he determined that the 

most common reason for lack of participation was forgetfulness, followed by discouragement 

due to not performing well.  He found that students’ forecasts not only became more accurate as 

each semester advanced, but that for the final third of the semester, they became superior to 

computer model forecasts with greater than 95% confidence (Hilliker, 2008). 
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 Students in synoptic meteorology classes at Rutgers University participate in a local 

forecasting contest called the New Brunswick Forecasting Game (Decker, 2012).  This contest is 

unique in that it involves making probabilistic forecasts, addressing the belief that uncertainty 

information will improve decisions made based on forecasts, providing students with practice 

and exposure to issues regarding the communication of uncertainty, and testing whether 

probabilistic forecast skill correlates with deterministic skill.  Students create intervals of 

temperature forecasts, with narrower intervals receiving fewer points than larger ones, and 

forecasted for probability of precipitation (Decker, 2012).  Decker (2012) found that students 

who perform well in this local forecasting contest also tend to perform well in the national 

WxChallenge forecasting contest and students of all skill levels bias their temperature forecasts 

on the low side with temperature intervals that are too narrow and uncertainty levels too small – 

both at the expense of reliability. 

 Cornell University has also held a forecast contest revolving around probabilistic 

forecasting (Hamill and Wilks, 1995).  They found that assessment of daily forecast uncertainty 

is difficult and that objective methods should be used to quantify forecast uncertainty. 

 Salisbury University holds a forecasting contest for its entire department, although all 

students in upper-level classes must participate (Skeeter, 2006).  An important goal of 

forecasting contests, according to Skeeter (2006), is to have one of the best forecasts in the 

contest on any given day, and appreciating that challenge, even for participants who are not 

performing well in the contest overall. 

 The University of Manchester also established a forecasting contest for a third-year 

meteorology course (Schultz et al., 2013).  Students had little previous experience with 

meteorology before the class; therefore, the contest and accompanying weather discussions were 
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devised to test whether non-meteorology students excel at forecasting, develop critical-thinking 

skills, and close the knowledge and forecasting gap between professors and students.  Schultz et 

al. (2013) found that these students could receive these benefits and appreciate the challenge of 

weather forecasting.  They found that the students collected information from multiple sources 

and applied it to their forecast, as well as analyzed and evaluated the quality and source of the 

information. 

 There have been national collegiate forecasting contests associated with universities 

across the United States.  The National Collegiate Weather Forecasting Contest (NCWFC) 

involved forecasting for different cities across the country during each academic year, and drew 

over a thousand participants per year (Skeeter, 2006).  The NCWFC was derived from a contest 

between Florida State and UCLA in 1965 (Roebber et al., 1996) and evolved into its recent form 

by the early 1980s; it was hosted at several universities before settling at Penn State University 

until its decommission in 2006.  Its retirement was reportedly caused by technological barriers 

that began to prevent many students from entering forecasts, but it served as the basis for the 

Weather Challenge national forecasting contest that began at the University of Oklahoma as a 

beta test in 2005 and as a full active contest in 2006 (Illston et al., 2013). 

 The Weather Challenge, now known as the WxChallenge, was developed to take 

advantage of technological advances in consumer electronics and meteorology, as well as 

continue the practice of introducing students to a variety of forecast locations and issues.  The 

forecast period spans 24 hours, with forecasts entered daily.  This approximates a standard day in 

the United States for most locations (Illston et al., 2013).  Elements in the contest include the 

high temperature, low temperature, and amount of precipitation for this forecast period, in 

addition to the maximum sustained wind speed for the location based on the NWS’s daily 
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climatological report.  The contest is open to all undergraduate and graduate students, faculty and 

staff, and alumni of universities, with participants grouped into five categories: freshmen and 

sophomore undergraduates (category 4), junior and senior undergraduates (category 3), Master’s 

or Ph.D. graduate students (category 2), faculty/staff (category 1), and alumni (category 0) 

(Illston et al., 2013).  This allows participants to compete with forecasters having similar 

educational backgrounds, in addition to all forecasters.  Specific numerical models can also be 

registered in the contest, and professors can register forecasters in connection with specific 

courses to easily see forecast results by course (Illston et al., 2013). 

 The WxChallenge began its beta period in 2005 with seven schools and 221 participants, 

beginning officially in 2006 with 55 universities and almost 1600 forecasters.  To date, nearly 

100 universities and over 2000 forecasters have participated in a single year (Illston et al., 2013).  

The contest operates during both spring and fall academic semesters (September through April), 

with five forecast locations each semester, each lasting two weeks.  This allows forecasters to 

experience a variety of synoptic, mesoscale and microscale features.  A tournament is held at the 

end of the year for forecasters who performed the best throughout the year (Illston et al., 2013). 

 The advisory board for the WxChallenge established scoring criteria, which are discussed 

in Chapter 3.  At the end of each two-week forecast period, forecast scores are normalized to 

adjust for varying difficulty of forecasting for each location.  The participants with the lowest 

cumulative scores in each category after each two-week period are acknowledged as the top 

forecasters for that location, and the highest (worst) score for each forecaster is dropped for each 

semester; the remaining normalized scores are averaged to obtain an overall contest score for 

each forecaster (Illston et al., 2013). 

 The WxChallenge has become an integral part of meteorology education and is used 
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extensively in meteorology classes.  A survey conducted in 2012 for instructors using the contest 

revealed that almost 90% of instructors used the contest as part of a regular course grade in their 

classes via participation, performance and improvement in the contest.  An even greater 

proportion of instructors required forecast discussions or written forecast journals by the 

students; the contest was praised as an excellent tool for actively learning about forecasting and 

drawbacks with NWP model guidance (Illston et al., 2013).  The contest also reduced workload 

for instructors and allowed them to focus on instruction. 

 Skeeter (2006) claims that participating in department contests possesses advantages over 

participation in national forecasting contests.  He argues that participation in a smaller contest 

against friends and colleagues is more fun and gives a much better chance of winning and doing 

well.  He also believes that local contests allow for more incentive by forecasting for and 

experiencing the weather in one’s own location, as this is more advantageous and attractive than 

remote sites. 

2.8. Assessment of model performance versus human forecasters 

 To help assess the success of various collegiate weather forecasting contests in 

developing students’ forecast skills against NWP guidance, several researchers have examined 

model performance relative to the performance of human forecasters in these contests.  Croft and 

Milutinovic (1991) found that forecasters for the New Brunswick Forecasting Game (Rutgers 

University) were able to improve upon model output statistics (MOS) much more easily when 

the forecasters had knowledge of how the MOS was performing; they concluded that knowledge 

of model guidance provided educational value by allowing for a better appreciation of MOS 

biases.  MOS add more value to NWP models (Vislocky and Fritsch, 1997) by correcting for 

model bias and take into account some effects of terrain and other surface conditions (e.g. water 
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bodies) that numerical models cannot resolve; therefore, they can produce probabilistic forecasts 

from deterministic model output (Baars and Mass, 2005).  In the early 1970s, MOS was found to 

be very useful in forecasting surface weather parameters, including maximum temperature, 

probability of precipitation, and surface wind (Glahn and Lowry, 1972).  At that time, it was 

extremely useful when forecasting probabilities because numerical model errors were considered 

when determining the forecast equations for MOS; however, this may have changed in the past 

forty years (Glahn and Lowry, 1972). 

 Vislocky and Fritsch (1997) and Baars and Mass (2005) studied the performance of MOS 

and NWS forecasts in the NCWFC.  Vislocky and Fritsch (1997) created objective forecasts 

from a simple technique they termed an advanced MOS (AMOS) forecast system, which used a 

combination of MOS forecasts from various models and the most recent weather observations 

from the forecast site.  Their AMOS system consisted of a series of prediction equations 

developed through multiple linear regression and generalized additive models, with input from a 

multiyear dataset consisting of historical data from 75 stations across the United States; the same 

equations were applied to all locations in the forecast contest and thus were not location-specific.  

Despite this drawback, the AMOS system finished in 20th place, ahead of 97% of all entrants and 

ahead of 94% of active participants in the 1996-97 NCWFC, including ahead of the human 

consensus and significantly ahead of all other forms of guidance and MOS.  It finished ahead of 

90% of faculty participants and 96% of graduate students. 

 Vislocky and Fritsch (1997) believed that their objective system could be improved even 

further, by tailoring equations to specific forecast sites and by MOS using nonlinear instead of 

linear regression methods.  The purely objective forecast outperformed many human forecasters 

in a contest designed to allow humans a large amount of time to forecast only a handful of 
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parameters at one site.  This was believed to mean that such a system could certainly outperform 

humans who must make forecasts for many locations and variables in a very short amount of 

time, providing continuous forecast updates as new observations arrive.  Use of such a system 

would free forecasters to concentrate on communication with emergency managers about 

warnings and other needed tasks that model guidance cannot successful achieve (Vislocky and 

Fritsch, 1997). 

 Baars and Mass (2005) went outside the collegiate forecasting contests and studied the 

performance of NWS forecasts compared to MOS for 29 stations across the United States.  In 

addition, they calculated consensus MOS and weighted MOS.  The consensus MOS showed 

equal or better forecast performance than each individual MOS and also performed better than 

NWS forecasts.  Weighted MOS performed even better than consensus MOS.  However, the 

NWS forecasts performed best when temperatures showed large departures from climatology 

and at higher-elevation stations in the western United States, particularly in winter.  While this 

indicates a utility for human forecasters, Baars and Mass (2005) discovered that these MOS 

biases are typically systematic and sustained, suggesting that improved MOS could alleviate 

these biases using previous bias as an adjustment.   

 This study also found that the consensus MOS and weighted MOS forecasts were most 

frequently the most accurate forecasts.  Humans were found to not be able to consistently beat 

MOS precipitation forecasts for any of the study locations, and could only forecast more 

accurately than MOS for short-term temperature forecasts when large deviations from 

climatology existed (Baars and Mass, 2005). 

2.9. Effects of various factors on forecaster skill 

 Finally, previous literature has explored links between various factors and how they may 
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influence students’ performance in collegiate forecasting contests.  Influences that have been 

examined include the distance students are from a forecast site, writing of weather forecast 

discussions, and amount of forecasting experience and meteorology education. 

 Roebber, Bosart and Forbes (1996) studied one year of data from the NCWFC (National 

Collegiate Weather Forecasting Contest) to try to determine whether any relationship exists 

between skill of forecasts and the distance forecasters reside from the forecast site.  Roebber et 

al. (1996) examined 27 schools and 11 forecast sites for the 1992-93 season of the NCWFC and 

allocated the distance between each school and each forecast site into one of two groups: greater 

than 1000 kilometers and between 100 and 1000 kilometers.  Results revealed that forecasters 

who are closer to the forecast site (less than 1000 kilometers) attained better forecast skill for 

both precipitation and temperature than more distant forecasters, and that these effects are more 

pronounced for experienced forecasters than those less experienced.  Roebber et al. (1996) 

determined that experienced forecasters are able to use regional knowledge to their advantage 

much more than inexperienced forecasters.  However, this research was potentially hindered by 

the limited data used. 

 Market (2006) tracked the forecasting skill of students who wrote weather forecast 

discussions during the University of Missouri local forecasting contest to determine whether skill 

improved on days when the students spent time writing a discussion versus days when they did 

not.  Results showed that forecast discussions were helpful, particularly during active weather 

conditions.  Discussions proved to significantly improve precipitation forecasts during periods of 

active weather compared to days when discussions were not written.  Students agreed that 

writing the discussion helped them organize thoughts about their forecast and improve their 

accuracy.  Thus, Market (2006) concluded that writing discussions helped the student forecasters 
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utilize focused thought, improve their forecasts, and improve their confidence in their forecasts. 

 The final factor studied affecting forecast skill is that of experience and education.  Suess, 

Cervato, Gallus Jr., and Hobbs (2013), as well as Yarger et al. (2000), studied forecasting skill as 

a function of the number of forecasts made through each semester, for both introductory and 

more experienced forecasters.  Roebber and Bosart (1996) studied skill as a function of 

experience, and Bond and Mass (2009) examined the development of forecast skill throughout 

ten years of weather forecasting laboratory classes. 

 A forecasting activity for an introductory meteorology course at Iowa State University 

requires students to answer questions about the explanation of their forecast in addition to 

forecasting numeric parameters.  Yarger et al. (2000) found that introductory meteorology 

students in the forecasting contest improved greatly initially, followed by slower improvement 

thereafter, with about two-thirds of the noted improvement occurring after the first six forecasts. 

 Suess et al. (2013) also studied skill for the same forecasting activity, but during 2010 

and 2011, and compared the performance of the introductory students to that of more 

experienced student forecasters.  This study found that the introductory students improved their 

forecast skill for only the first 10 to 15 days they forecasted, a bit more than the six forecasts 

found by Yarger et al. (2000).  Suess et al. (2013) also found that after this initial improvement 

time, forecast skill generally plateaued at a level about half that of the more experienced 

forecasters, when compared to persistence. 

 Bond and Mass (2009) evaluated the rate at which senior-level undergraduate students 

acquired skill for short term weather forecasts.  For this course, forecasts are required, graded, 

and must be made in a short amount of time, similar to operational settings in weather forecast 

offices.  This study found that the average student required about 25 forecasts to develop basic 
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proficiency in their next-day forecasts, with improvements in skill minimal (on average) beyond 

this time period.  This 25-day period is longer than the 6- to 15-day periods found by Yarger et 

al. (2000) and Suess et al. (2013), and this is likely due to the fact that these students would have 

had a better understanding of atmospheric processes.  They have more understanding from which 

to extract to improve their forecasts (Suess et al., 2013). 

 Other interesting results from the study by Bond and Mass (2009) include a lack of any 

trend in skill over the ten years of the forecasting laboratory, which the authors found interesting 

due to unquestionable improvement in NWP models during that time.  They also found that 

while the instructor of the laboratory (Bond) began each year with a significant advantage in 

temperature forecasting due to his experience – though the best forecasters were able to forecast 

around the same level as him by the latter half of the semester, many students began each year 

with nearly the same skill as Bond in precipitation forecasting due to the inability of humans to 

improve much upon NWP precipitation forecasts.  The top student forecasters maintain higher 

skill scores as convective precipitation begins to take over through the spring quarter, while most 

students along with Bond show decreasing skill scores through time.  Bond and Mass (2009) also 

observed that the best forecasters are characterized by their ability to forecast accurately for 

unusual and extreme situations. 

 Schultz et al. (2013) found that there was little improvement after the first few forecasts 

from students.  They hypothesized that during this period, students were figuring out the rules of 

the contest and learning about forecast errors, and thus not improving their forecasts through 

increased knowledge and experience. 

 Roebber and Bosart (1996) examined forecast skill, attempting to relate it to forecast 

experience.  One conclusion they made was that forecast experience, rather than education level, 
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correlates with forecasting skill, even though meteorology theory does provide a basis for a 

forecaster’s development of a forecast.  An experienced forecaster is more consistent from one 

day to the next than an inexperienced one, but also better recognizes when significant deviations 

from numerical guidance are warranted than an inexperienced forecaster does. 

 For temperature forecasting, Roebber and Bosart (1996) found a developing period of 5 

to 10 forecasts for those who are less experienced – a time period when forecast errors are high 

relative to consensus and these forecasters are learning logistics.  This was followed by another 

60 to 100 forecasts where skill is improving and forecasters learn the local meteorology.  For 

those who are more experienced, they found no “break-in” period, but still a training period that 

last about 30 to 65 forecasts – shorter than that for the inexperienced forecasters, but still quite a 

bit longer than that found by Bond and Mass (2009), Suess et al. (2013), and Yarger et al. 

(2000).  Training periods for precipitation are longer than that for temperature, and forecasters 

with more experience are unable to maintain as large as an advantage as they do for temperature 

forecasting due to the complexity of forecasting precipitation (Roebber and Bosart, 1996). 

 Lastly, relationships between education performance and forecast skill were explored by 

some authors.  Hilliker (2008) found a significant relationship between contest performance and 

final class grades – with those who performed poorly in class less likely to finish well in the 

contest; this relationship was most pronounced for general education students and meteorology 

majors and did not exist at all for graduate students.  Suess et al. (2013) found a strong 

correlation between skill in the introductory meteorology forecasting activity and exam scores.  

However, Bond and Mass (2009) found only a moderate correlation between forecast skill scores 

and test scores in their forecasting laboratory class, and Schultz et al. (2013) found that in the 

University of Manchester forecast contest, there was fairly weak correlation between the 
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performance of students in the contest and scores on tests, suggesting that the contest may have 

been evaluating different skills than traditional tests. 

2.10. Summary 

 The role of humans in forecasting weather has been debated for decades, since numerical 

weather prediction models were first created to provide objective and systematic calculations of 

atmospheric motions via the laws of physics.  While a customary process and basic techniques 

are utilized when meteorologists create forecasts, research has indicated that there are features 

that differentiate novice forecasters from more experienced and knowledgeable – and typically 

more accurate – forecasters.  Meteorology students at universities are exposed to a variety of 

courses, forecasting laboratories, field experiences, and forecasting contests as they begin to 

acquire this experience and knowledge.  While some literature has examined student and model 

performance in these collegiate weather forecasting contests, there is an absence of work 

studying the performance of students’ forecasting skills throughout their undergraduate careers 

in these contests, particularly in such a large contest as the WxChallenge.  This analysis explores 

the first eleven years of the national contest to assist in determining its place in the education of 

undergraduate forecasters. 
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III. Data and Methodology 

 This research examined the performance of college students forecasting in the 

WxChallenge national weather forecasting contest throughout their undergraduate careers, 

evaluating whether varying class level or experience in the contest make a difference in the 

accuracy of students’ forecasts.  This in turn led to an assessment of how the WxChallenge meets 

its goal of use as an educational tool in university meteorology programs, and whether students 

have improved their forecasting skills through its assistance. 

 It was hypothesized that forecasting skill improved as education and experience 

progressed for undergraduate students.  The WxChallenge divides freshmen and sophomores into 

a separate category from juniors and seniors with the expectation that category 3 forecasters 

(juniors and seniors) generally perform differently than category 4 forecasters (freshmen and 

sophomores) in the contest, such that students compete with others near their same class level.  

Based on past research, it was also conjectured that more improvement in skill occurs during the 

first two years of a student’s undergraduate career than during the second two years, such that 

the difference in skill level between freshmen and sophomores within category 4 would be 

higher than the difference between juniors and seniors within category 3.  Finally, it was 

speculated that a greater skill increase through time would be attributed to rapidly-increasing 

meteorology knowledge rather than increasing forecasting experience, although experience was 

expected to improve forecast skill as well. 

 This chapter details the forecast data obtained for the first eleven years of the contest, the 

process required to prepare the data for analysis, and the statistical tests used to evaluate the data 

and assess changes in forecast skill throughout undergraduates’ collegiate years. 
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3.1. Data 

 Figure 3.1 shows the 122 forecast locations for the first eleven years of the WxChallenge; 

a list can be found in the Appendix (Table A1).  With eight forecast days per city (12 or 16 per 

tournament city depending on the year), there were 1040 forecast days for analysis, with an 

average of 1700 to 1800 participants at any given time.  These participants were associated with 

the 129 universities and professional teams shown in Figure 3.2; a list of these can also be found 

in the Appendix (Table A2). 

 

Figure 3.1. Locations of forecast sites for the eleven years of the WxChallenge (2005 – 2016) 

(University of Oklahoma, 2016).  The four letter station codes refer to the ID codes listed in 

Table A1 in the Appendix.  Numbers in parentheses after the code indicate the number of times 

that site has been a forecast location if greater than one. 
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Figure 3.2. Locations of universities and other professional teams for the first eleven years of the 

WxChallenge (2005 – 2016) (University of Oklahoma, 2016).  Universities are not identified by 

code due to clustering.  The map does not show the Naval Oceanography ASW Center in 

Yokosuka, Japan or the U.S. Air Force 21st Operational Weather Squadron in Sembach, 

Germany.  

 

 All forecast data for the first eleven years of the WxChallenge, through May 2016, were 

obtained from publically-available text files at http://wxchallenge.com/history/daily_files/ (B. 

Illston, personal communication, March 28, 2016).  These files contain the same data as found 

on the main WxChallenge website (http://wxchallenge.com/), albeit without scores. 

 Two files were found on the first website above for most dates in the history of the 

contest: one ending in “_public.txt” and one ending in “_backup.txt.”  Some dates, particularly 

http://wxchallenge.com/history/daily_files/
http://wxchallenge.com/
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for the first month of the beta test year in the fall of 2005, were missing the backup file and only 

had the public file posted.  The backup files were not accessible to the public as they contained 

names and passwords of forecasters, and thus were not used (B. Illston, personal communication, 

March 28, 2016).  All files with “public” in their names were downloaded for use in this 

research. 

 The names of the files were in the format “yyyymmdd_public.txt,” where “yyyymmdd” 

was the year (yyyy), month (mm), and day of month (dd) for which the forecast was valid.  For 

example, the first file listed on the website was 20050913_public.txt, which contained all 

forecasts made by 00z on September 13, 2005 (7pm Eastern Time on September 12) and valid 

for 6z September 13 through 6z September 14. 

 Within each of the public files, data revealed each individual forecast for that particular 

day.  The variables contained in each file are outlined in Table 3.1; Figure 3.3 shows a portion of 

one of these files. 

 

Table 3.1 

Variables contained within the public files on WxChallenge’s daily history website. 

Field Number   

Fall 2005 – Spring 2010 Fall 2010 – Spring 2016 Data 

1 1 Forecaster identification (ID) code 

2 2 School identification (ID) code 

3 3 Forecaster category 

4 4 Course identification (ID) code 
 5 Course ID code beginning Fall 2010 

5 6 Forecast type 

6 7 Forecast high temperature 

7 8 Forecast low temperature 

8 9 Forecast maximum wind speed 

9 10 Forecast precipitation 
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Figure 3.3. Example of a data file opened in a simple text editor (Notepad).  This particular file 

is from November 11, 2014 as indicated by the file name (20141111_public.txt).  Each line in 

the figure contains data for four forecasters, as can be seen by the forecaster ID and school ID 

codes, and each forecaster’s data contain ten fields as outlined in Table 3.1 and explained in the 

text. 

 

 Each forecaster was identified by a six character alphanumeric code chosen by the 

individual forecaster prior to the beginning of each year.  This identification code is found in the 

first field of each line in each data file.  No two forecasters from the same university were 

permitted to use the same forecaster ID for the same year. 

 The second field in each file contained a school identification code.  These were three 

letters that were assigned to each university by the contest managers the first time any forecaster 

from that school registered.  The same code has been retained for each university throughout the 

history of the contest (B. Illston, personal communication, March 28, 2016).  Table A2 in the 
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Appendix displays the codes for each university. 

 All forecasters were assigned to a category based on their class standing, such that 

forecasters with similar meteorological backgrounds and education were able to compete against 

each other.  Five categories were designated in the contest: category 0 for alumni, category 1 for 

faculty and staff, category 2 for graduate students (Masters and PhD students), category 3 for 

undergraduate juniors and seniors, and category 4 for undergraduate freshmen and sophomores.  

This single-digit numerical category is found in the third field of each data file.  Table 3.2 

summarizes the eligible participants for each category. 

Table 3.2 

Forecaster categories as established by the WxChallenge rules and eligible participants for each 

category. 

 

Category Participants 

0 Alumni 

1 Faculty and Staff 

2 Graduate Students 

3 Juniors and Seniors 

4 Freshmen and Sophomores 

 

 The next one or two fields (depending on the year) list a three-digit numerical course 

code assigned by the contest managers.  Instructors at each university were given the option to 

register their course in the contest and students enrolled in it were assigned the code for that 

course.  This allowed the instructor to track results for only their course, instead of for their 

entire university.  Thus, each forecaster who participated in the contest as part of a course has a 

non-zero three-digit code assigned.  Others were given a default code of 000.  A second field for 

a second course for each forecaster was added at the beginning of the fifth non-beta season (Fall 

2010) in response to demand.  The code for a specific course at a specific university has 
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remained the same throughout the course of the contest (B. Illston, personal communication, 

March 28, 2016). 

 Following the column(s) for the course code is a single digit field that indicated the type 

of forecast made for each forecaster for that particular day.  A code of 1 indicated a forecaster-

submitted numerical forecast, while any other code indicated that particular forecast was either 

missed or otherwise not submitted using specific values by that individual. 

 A forecaster who elected to receive the same forecast as the numerical guidance (which 

came from the 18z GFS) for that particular day has a code of 3 in this field; this type of forecast 

was occasionally employed because forecasters did not receive any penalty in doing so until their 

second non-human forecast of each city.  A guidance forecast code of 3 comprised about 59,000 

of the 1.6 million human forecasts (3.6%) for the first eleven years.  A code of 2 in this field 

indicated that the forecaster elected to use a persistence forecast, which automatically populated 

their forecast with what was happening the day the forecast was made (the day before it was 

valid).  Persistence forecasts were very rare, comprising less than 500 total forecasts (0.03%). 

 Finally, if a forecaster completely missed making any forecast, and didn’t select to use 

either persistence or guidance, a code of 0 exists in this field.  For scoring in the contest, the 

forecaster would receive a forecast of climatology, the average conditions for that particular city 

on that day of the year.  Missed forecasts were very common, particularly later in the year, and 

were the type for nearly 650,000 forecasts (39.9%).  The remaining 918,834 forecasts (56.4%) 

were human-submitted forecasts that were used in the analysis. 

 Table 3.3 lists the number and frequency of each forecast type by season, while Figure 

3.4 displays the frequency of each forecast type by day of the season.  This graph combines the 

frequency for all eleven years, except it excludes the twelve days of the fall tournament in the 
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first beta test season (Season 0) because no other years had a fall tournament with which to 

combine those days.  Throughout the year, the frequency of type 1 (human-submitted) forecasts 

gradually declined from around 85% to 45%, followed by a sharp drop at and shortly after the 

beginning of the post-season tournament (day 81) to near 20% and a gradual decline to 5% by 

the last day of the tournament.  The frequency of type 0 (missed) forecasts generally mirrored 

that of the type 1 forecasts, gradually increasing throughout the year from about 10% to 50%, 

followed by a sharp rise for the post-season tournament to 70-90%.  Most forecasters were not 

eligible to participate in the tournament, so many just stopped forecasting when it began or when 

they were eliminated (the fall Season 0 tournament reflected this same pattern for type 0 and 1 

forecasts) – although in the most recent seasons the WxChallenge introduced awards for the 

tournament city to encourage more participation.  The frequency of type 4 (guidance) forecasts 

remained fairly steady around 3-5% throughout the year, with a sharp peak to near 10% around 

the start of the tournament and lower frequencies around 1% at the very beginning of the season 

and last several tournament days, and the frequency of type 3 (persistence) forecasts were 0.1% 

or less for every day of the season. 

 The final four fields in each text file indicated the actual forecast for each individual that 

day.  If the forecast was submitted manually by the forecaster, these fields contained the 

forecaster’s prediction for the high temperature and low temperature (degrees Fahrenheit), 

maximum sustained wind speed (knots), and precipitation (hundredths of an inch) for the 

forecast period (6z of the date in the file name to 6z the following morning).  If the forecast was 

missed, guidance, or persistence, these fields were populated with the following values in the 

dataset: -99 for missed forecasts, 600 for guidance forecasts, and 400 for persistence forecasts. 
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Table 3.3 

Frequency (in number of forecasts and percentage) of each forecast type, by season. 

 

  Forecast Type  

Number of Forecasts 
0 (Missed, 

Climatology) 
1 (Human-
Submitted) 

2 
(Persistence) 

3 
(Guidance) 

Total 

Se
as

o
n

 

0 14,385 14,763 5 745 29,898 

1 59,280 72,001 22 2,601 133,904 

2 49,830 78,935 47 3,508 132,320 

3 51,199 81,766 29 5,581 138,575 

4 61,465 92,020 39 6,476 160,000 

5 55,841 90,274 49 7,018 153,182 

6 66,434 101,928 49 6,379 174,790 

7 76,607 105,223 73 6,769 188,672 

8 74,250 96,564 73 7,577 178,464 

9 72,991 93,531 54 6,982 173,558 

10 67,270 91,829 54 5,744 164,897 

  Total 649,552 918,834 494 59,380 1,628,260 

              

    Forecast Type   

Percentage 
0 (Missed, 

Climatology) 
1 (Human-
Submitted) 

2 
(Persistence) 

3 
(Guidance) 

 

Se
as

o
n

 

0 48.1% 49.4% 0.0% 2.5%  
1 44.3% 53.8% 0.0% 1.9%  
2 37.7% 59.7% 0.0% 2.7%  
3 36.9% 59.0% 0.0% 4.0%  
4 38.4% 57.5% 0.0% 4.0%  
5 36.5% 58.9% 0.0% 4.6%  
6 38.0% 58.3% 0.0% 3.6%  
7 40.6% 55.8% 0.0% 3.6%  
8 41.6% 54.1% 0.0% 4.2%  
9 42.1% 53.9% 0.0% 4.0%  

10 40.8% 55.7% 0.0% 3.5%  
  Total 39.89% 56.43% 0.03% 3.65%  
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Figure 3.4. Frequency of each forecast type, combined for each day of the season from the first 

eleven years of the WxChallenge. 

 

3.1.1. Institutional Review Board 

 To ensure the privacy and protection of the rights and interests of forecasters in the 

WxChallenge, the Ball State Office of Research Integrity was contacted regarding this research.  

Upon discussion, it was verified that an Institutional Review Board (IRB) proposal and review 

were not needed for this study, given that the data used were publically available on the website 

for the WxChallenge and thus are not private, no personally identifiable information was 

collected so all forecasters remained anonymous even to the researcher, no interaction or 

intervention occurred between the researcher and participants of the WxChallenge (the data was 

previously collected for the purposes of the contest), and the forecast data used were not data 
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about the individual participants of the contest – and thus the research does not constitute human 

subject research (J. Mulcahy, personal communication, June 5, 2015). 

3.1.2. Pre-analysis Data Preparation 

 Before the forecast data could be analyzed, it was necessary to combine and organize the 

data from every day into a single location so that forecasts could be scored, matched with the 

same forecaster for multiple days, and set up for analysis. 

 Initially, a spreadsheet was created to list the calendar dates for each city throughout all 

eleven years of the contest.  The dates were obtained from the WxChallenge schedule on the 

website (http://wxchallenge.com/challenge/schedule.php) with links to every season’s dates at 

the bottom of that page.  The dates listed for each city are the beginning and end dates of that 

location; the intermediate dates were determined by examining a calendar and knowing that the 

rules of the contest stipulate that forecasting occurred Mondays through Thursdays for most 

cities and Mondays, Tuesdays, Thursdays, and Fridays for tournament cities.  It was also noted 

that the dates listed on the schedule were primarily dates for which forecasts were due, so 

adjustments were made to match the dates for which the forecasts were valid to match the file 

names of the raw dataset.  Table A3 in the Appendix lists these dates. 

 The text files downloaded from the WxChallenge website were then all renamed to match 

the following format that included the date, city, and day of city that applied to that file: 

yyyymmdd_S#_CityName_D#.txt (or yyyymmdd_S#T_CityName_D#.txt for tournament cities).  

In this format, yyyy was the year, mm was the month, dd was the day of the month, S# was the 

season number (S0 through S10), CityName was the name of the city with spaces eliminated, 

and D# was the day number within that city (D1 through D16).  This step was to allow for better 

organization of the files.  Prior to renaming, the files included the year, month and day of month, 

http://wxchallenge.com/challenge/schedule.php
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but no further information about the forecast location, so this appended this more detailed 

information to each file name.  While renaming, the list of dates for each city created earlier was 

used to match file names with locations and forecast days. 

 There were 1153 public text files downloaded from the website, but only 1040 actual 

forecast days.  Thus, there were 113 files that did not match to a specific forecast day within the 

contest; most of these were for days during holiday or summer breaks when no forecasting was 

taking place.  These extra files were deleted as the data within them was of no use. 

 Within some of the data files, extraneous data were found after the last forecaster.  These 

data mostly consisted of a large amount of empty spaces, with some zeros and -99 codes mixed 

in.  The zeros and -99 codes appeared analogous to those listed for forecasters who missed 

forecasts, but these were not associated with any forecaster ID codes and were always found at 

the end of the file.  Figure 3.5 shows an example of these extraneous data.  All such data was 

deleted in those files where they were found to avoid errors or excessive irrelevant data when 

importing the data files into Microsoft Excel. 

 After organizing the text files within folders by date and by season and city, they were 

imported into one large spreadsheet with each day on a different tab.  They were also imported 

into different spreadsheets for each season, the latter resulting in more concise spreadsheets with 

which to work. 

 Within the spreadsheet for each season, a tab was then inserted to store data for the 

verification high, low, wind and precipitation for each day of that season.  Verification data were 

obtained from the results pages on the WxChallenge website, which contain the actual observed  
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Figure 3.5. Example of extraneous data at the end of a text file.  This file is from April 8, 2011.  

At the top of the image, note the relevant forecast data with forecaster ID codes, school codes, 

etc.  After the final forecaster from yrk (York University) with forecaster ID zhaomq, the file 

suddenly becomes a mix of random zeros, -99 forecast codes (not associated with any forecaster 

IDs like those at the top of the figure), and lot of empty space.  This persists throughout the rest 

of the data file.  A glance at the scroll bar on the right side of the figure indicates that this 

particular file had an especially large amount of extraneous data to delete. 

 

values for each day of the contest.  The verification values were then stored on the tab for each 

day using formulas to read from the verification tab.  Figure 3.6 illustrates a sample of the 

verification tab from the Season 1 spreadsheet. 

 A separate spreadsheet was then created solely for the last day of each season; this 

spreadsheet only contained information about the forecasters (forecaster ID, school, and 

forecaster category) and no forecasts or course information.  This was done to obtain a master 

list of all forecaster IDs and data about forecaster participation.  This also enabled the evaluation 

of returning forecasters.  Any forecaster that was registered for a particular year of the contest,  
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Figure 3.6. Sample of the verification data from the Season 1 spreadsheet, showing the first 22 

days of the season.  Columns include the date of the forecast verification, the forecast location, 

and the verification high, low, maximum wind speed, and precipitation from that date. 

 

regardless of whether they participated for the fall, spring, or both, was found in the file for the 

last day of each year (B. Illston, personal communication, March 28, 2016).  Forecasters were 

also unable to change their forecaster category in the middle of a year, even if they advanced 

from sophomore to junior status in January, for example, so the forecast category listed in the 

data for the final day of the year was their category for the entire year.  Course participation was 

evaluated separately at a later time as those changed each semester. 

 A new identification code was created for each forecaster within this spreadsheet using 
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concatenation of their forecaster ID and school.  Because two forecasters from different schools 

were permitted to use the same ID, but two forecasters from the same school were not allowed to 

do so at the same time, this was both necessary and sufficient to obtain a unique ID code for 

every forecaster.  This step was also done later for each day of each season within the individual 

season spreadsheets.  This resulted in 13,733 unique forecaster ID/school combinations 

(excluding models and consensus forecasts for each university) for the first eleven years of the 

contest; the actual number of unique forecasters was somewhat less than this number due to 

some students transferring schools, attending different schools as an undergraduate, graduate 

student, and/or faculty member, or using different forecaster IDs for different years, resulting in 

different ID/school combinations for the same individual, although how many of these students 

existed is unknown.  These forecaster ID/school combinations were added to the spreadsheet for 

each day of the contest next to the participant’s information and forecast as shown in Figure 3.7. 

 The combination ID/school identification code was used to create a list of all forecasters 

from all seasons (using this ID/school combination) by copying data for all forecasters from 

every season into a single spreadsheet and removing duplicates.  Using lookup tables in Excel, 

data were extracted from the data for each season to determine and display the forecast category 

for each forecaster.  Seasons in which a forecaster did not participate were assigned a blank cell.

 The number of years of forecasting in each category and total number of years of 

participation were calculated for each forecaster.  The forecasters were then sorted by the 

number of undergraduate years forecasted, and patterns of category forecasting were determined 

for each individual who forecasted at least one year in category 3 and 4.  For example, a 

forecaster who participated in the WxChallenge during all four years of a typical freshman-

sophomore-junior-senior path through their undergraduate career would have the category  
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Figure 3.7. Sample of data for a specific day from the Season 1 spreadsheet.  Columns include 

the same columns described for the text files as these data were imported directly from them, 

with an extra column for the concatenated forecaster ID/school code and a row for verification 

values at the top.  Only 34 of the 1319 forecasters for this day are shown, and some are model 

(category 8) or consensus (category 9) forecasts, some of which were eliminated to show several 

human forecasters. 
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forecasting pattern 4433 (two years in category 4 followed by two in category 3).  A hyphen was 

inserted into the forecasting pattern when a forecaster did not participate in the WxChallenge in a 

particular year, but did so in previous and subsequent years. 

   Categories other than 3 or 4 (see Table 3.2) were ignored when assigning these patterns, 

as this study focused on undergraduate forecasters.  A large portion of forecasting skill 

development is expected during students’ undergraduate years, when exposure to meteorological 

concepts grows most quickly through a large range of meteorology coursework.  Previous 

exposure to, and thus experience in, meteorology is also more consistent among peers during 

their undergraduate years (B. Illston, personal communication, March 29, 2016). 

 Figure 3.8 shows the number of unique forecasters by the number of years they 

participated in the WxChallenge as an undergraduate; 11,278 of them (82.1%) participated as an 

undergraduate for at least one year.  This percentage is likely higher in reality due to a sizable 

number of students that would have attended different universities as graduate students.  Of the 

11,278 unique undergraduate forecasters, 9224 of them (81.8%) participated only for a single 

year and 93.7% for two years.  Only 200 forecasters (1.8%) forecasted for at least four 

undergraduate years, although that percentage is likely somewhat higher as some students that 

did so may have changed their forecaster ID during that time or changed schools; those students 

are not included in this percentage. 

 Figure 3.9 displays a sample of the spreadsheet that combined data for the last day of 

each season to create a master list of all forecasters.  The spreadsheet also indicates the category 

in which each participant forecasted during each season. 

 Table A4 in the Appendix lists all the undergraduate category forecasting patterns found, 

as well as the number of forecasters exhibiting each pattern.  Also included is the most likely  
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Figure 3.8. Number of forecasters by the number of years they participated as undergraduate 

students.  A large majority of forecasters participated at least one year as an undergraduate, and a 

large majority of undergraduates only forecasted one year.  A very small percentage forecasted 

for at least four years as undergraduates using the same forecaster ID at the same university. 

 

description of the occurrence of that pattern, using college class levels (freshman, sophomore, 

junior, senior).  For many of the patterns, other explanations for its occurrence may be applicable 

but are probably less likely.  For example, the “4--3” pattern could occur from an individual 

forecasting their freshman and senior years only, or from a student forecasting their sophomore 

and second senior year.  Although a forecaster in their sophomore year is more likely than one in 

their freshman year, there are undoubtedly more first-year seniors than second year seniors  
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Figure 3.9. A sample from the spreadsheet used to combine data for the last day of each season 

into a master list of all forecasters.  The columns show the forecaster ID/school combination, 

eleven columns indicating the forecaster category for each season (a hyphen indicates no 

participation for that season), total seasons in each category (0-4), total seasons forecasted 

overall and within categories 3-4, and the category pattern using undergraduate years only.  

Table A4 in the Appendix lists and describes all the category patterns found, some of which were 

deemed unrealistic for a single forecaster.  Only the first 40 forecasters of 13,890 when sorted by 

total number of years participated as an undergraduate are shown.  
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(students who need a fifth year to complete their degree requirements) so a conjecture was made 

that the former description may be more likely than the latter.   

3.2. Methodology: Overview and Data Analysis Preparation 

 Prior to data analysis, it was necessary to calculate scores and normalize them to allow 

for comparison between days and different cities.  The status of students’ participation in courses 

were also extracted from the dataset, category forecast patterns were organized and used to 

identify what year(s) each student participated and class status for each year, and normalized 

scores were arranged and ordered by number of submitted forecast.  These steps allowed for 

organized data for analysis.  Figure 3.10 outlines the steps taken in preparing the data for 

analysis. 

3.2.1. Score Calculations 

 Raw and normalized scores were calculated for each day and each forecaster based on the 

departure between their forecast and the actual verification data.  Figure 3.11 summarizes the 

steps involved in calculating these scores. 

 Initially, raw scores were calculated on the tab for each day using the same procedure the 

WxChallenge uses to calculate error points (as outlined in the Scoring section of the 

WxChallenge rules at http://wxchallenge.com/info/rules.php).  These scores therefore match the 

scores shown on the WxChallenge results pages and were calculated as shown in Table 3.4.  If 

the type of forecast indicates a non-human forecast – guidance, climatology, or persistence – 

then the forecast was not scored at all as it was not included in the analysis.  Only human-

submitted forecasts were scored.  

 These raw scores were then normalized in order to allow for more uniform comparison 

between different cities, which have varying degrees of forecasting difficulty, and even different  

http://wxchallenge.com/info/rules.php
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Figure 3.10. Flowchart illustrating the steps taken in the preparation of the data for analysis. 
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Figure 3.11. Flowchart illustrating the general steps in the calculation of scores for analysis. 

 



E c k s t e i n  | 59 
 

Table 3.4 

Raw score calculation procedures. 

Forecast Element Units Raw Score / Error Points 

Maximum temperature Degrees Fahrenheit 
1 error point for each absolute degree 
difference between forecast and observed 

Minimum temperature Degrees Fahrenheit 
1 error point for each absolute degree 
difference between forecast and observed 

Maximum wind speed Knots 
½ error point for each absolute knot 
difference between forecast and observed 

Precipitation Hundredths of an Inch 
0.1 to 0.4 error points for each absolute 
0.01" difference between forecast and 
observed: 

    
 0.4 error points for precipitation  

from 0.00" to 0.10" 

    
 0.3 error points for precipitation 

from 0.11" to 0.25" 

    

 0.2 error points for precipitation 
from 0.26" to 0.50" 

 0.1 error points for precipitation 
above 0.50" 

  
Note: If the forecast and observed precipitation are in the same range as outlined above, the 
calculation of error points is simply the number of hundredths of an inch between the two values 
multiplied by the number of error points listed for that range (0.1 to 0.4).  If they are in different ranges, 
however, the calculation is more complex and involves error point multipliers from different ranges.  
For example, a forecast in the 0.00” to 0.10” range with a verification above 0.50” would have an error 
point calculation of (10 – Forecast) x 0.4 + (25-10) x 0.3 + (50-25) x 0.2 + (Verification – 50) x 0.1, where 
the Forecast and Verification values are the numbers of hundredths of an inch. 
 

 
Total Raw Score 
 

 Sum of individual element raw scores 

 

days for the same city which can also exhibit distinct challenges from day to day.  The 

WxChallenge itself normalizes scores by city, adding together total raw scores from each day of 

the city and then normalizing the overall score; this procedure tends to ignore daily variation in 

forecasting difficulty for an individual city (and often that is irrelevant). 

 For this analysis, however, scores were normalized for each individual forecast day.  In  
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addition to taking into account the daily variations in forecasting difficulty, this was also 

necessary to retain as much forecasting data as possible for analysis.  If normalization was done 

for cities as a whole instead, as it is for the WxChallenge, different forecasters would have 

varying number of days with human-submitted forecasts for any particular city, leading to either 

the analysis requiring error and penalty points added for non-human forecasts (as is done in the 

WxChallenge), or omitting entire cities for those students not submitting forecasts for every 

single day of that city so that normalization can be based on equal numbers of days for each 

forecaster.  The former is undesirable as the analysis would include data not actually made by the 

students, and the latter would result in a much more limited dataset. 

 Therefore, the decision was made to normalize scores by day, which resulted in all 

human-submitted (and no other) forecasts being included in the analysis, as well as gives an 

indication of how each student performed for each individual forecast day instead of simply by 

city.  The scores were also normalized by each individual element as well as by total raw score to 

allow for further analysis of individual element scores. 

 For the normalization process, the WxChallenge uses the formula shown in Equation 3.1, 

where the consensus score is the raw score of a consensus (average) forecast for forecasters with 

two or fewer non-human forecasts for a particular city, the standard deviation is the standard 

deviation of the raw scores for those same forecasters, and the raw score in the equation 

represents the raw score for the particular forecaster for which the normalized score is being 

calculated.  The consensus forecast in the WxChallenge is calculated by averaging each element 

for all human-submitted forecasts each day. 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑐𝑜𝑟𝑒 =
(𝑅𝑎𝑤 𝑠𝑐𝑜𝑟𝑒−𝐶𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠 𝑠𝑐𝑜𝑟𝑒) × 10

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
                (Eqn. 3.1) 
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 The normalization for this analysis used the same formula, except that with normalization 

performed for each day, the consensus score was the raw score of the average of all human-

submitted forecasts for that particular day and the standard deviation was for those same raw 

scores.  These forecasts include every human-submitted forecast regardless of category and not 

only undergraduate forecasts.  This allowed the normalization in this analysis to stay consistent 

with the WxChallenge normalization procedures (which also uses all forecasts), and to allow the 

analysis to reveal how undergraduates performed in relation to all forecasters and not just to each 

other. 

 The effect of the normalization procedure was that a negative normalized score indicated 

that a particular forecast scored better than the average of all forecasts for a particular day, while 

a positive normalized score indicated that it scored worse.  A forecast that was one standard 

deviation better (worse) than the consensus forecast would receive a score of -10 (+10).  

Therefore, it allowed for comparisons between different cities and different days as the national 

consensus forecast always received a normalized score of zero, regardless of forecast difficulty, 

and the varied ranges of forecasts were compensated by normalizing each range by the standard 

deviation. 

 Finally, a summary tab was inserted into each season’s spreadsheet that utilized Excel’s 

lookup function to summarize scores for each forecaster for each day of the season.  This 

summary displayed scores for each element as well as total, and for raw and normalized scores.  

This isolated and organized the scores for more efficient analysis. 

3.2.2. Data Analysis Preparation 

 To fully prepare the data for analysis, further steps were required to determine whether 

forecasters were enrolled in the WxChallenge as a part of any courses, to limit the analysis to 
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forecasters whose category forecasting patterns are sensible in terms of the year(s) in school they 

participated, and to align each forecaster’s scores by ordinal participation year and human-

submitted forecast number.  Determining the university class of forecasters allowed comparison 

of scores from all forecasters in the same year of school: freshmen, sophomores, etc.  Aligning 

by ordinal participation year allowed for the analysis of the performance of forecasters during 

their first, second, etc. forecast year, regardless of what year in school they began forecasting.  

Similarly, aligning scores by human-submitted forecast number permits comparison of each 

student’s first, second, third, etc. submitted forecast, regardless of when those forecasts arose – 

essentially eliminating missed (non-human) forecasts and treating them as they never occurred. 

 To create the list of university courses for which each forecaster participated in the 

WxChallenge each semester, another spreadsheet was initiated.  This list was created from the 

final day of each semester of the contest, and from the fourth – and beginning for Fall 2010, the 

fifth as well – column of the data files (see Table 3.1).  Students changed courses every semester 

of the contest, even if their university did not operate on a semester calendar, so the final day of 

each semester in the contest (the last day in December before the contest’s break for the holidays 

and the final day at the end of each season in April/May) contained both all the forecasters for 

that semester and the course(s) for which they were registered for the contest, if any.  As 

mentioned previously, each unique course was assigned a three-digit code by the contest 

managers and that code has never changed throughout the history of the contest for the same 

course.  Students were registered for these courses by the local managers at each university 

(indirectly through the course instructors), and were most often courses which required 

participation in the WxChallenge as part of the course grade or for extra credit, such as synoptic 

meteorology or forecasting laboratories. 
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 While the codes for the courses were included in this spreadsheet, including two per 

student per semester beginning with the fifth full season in 2010, the specific courses were not 

used in this analysis; the only information from this compiled course list used in the analysis was 

a binary code indicating whether or not a student participated in the WxChallenge as part of a 

course each semester.  These single-character codes were derived from the course code list.  If a 

student participated as part of at least one course in a given semester, they received a code of 1 

for that semester.  If they participated in the WxChallenge but not as part of a course (a course 

code of 000 in the public forecast text files), they received a code of 0, and if they did not 

participate in the WxChallenge in a given semester, the cell for that student and semester was left 

blank. 

 As shown in Table A4 in the Appendix, of the 51 undergraduate category forecast 

patterns determined, nine were determined to not be realistic for a single forecaster and difficult 

to split into two or more different forecasters.  These nine patterns represented only 21 of the 

over 11,000 undergraduates, less than 0.2%.  Forecasters with these nine patterns were 

eliminated from analysis due to their nonsensical nature. 

 Aligning scores for all the remaining undergraduates required identification of each 

student’s first and last seasons of participation in the contest.  The first year was determined for 

each forecaster by identifying the first season that exhibited a nonblank forecast category.  Note 

that no WxChallenge participant who forecasted as an undergraduate was able to participate in 

categories 2 (graduate student), 1 (faculty/staff), or 0 (alumni) before their undergraduate 

participation.  From the category forecast patterns, the last season of undergraduate participation 

were determined for each forecaster by noting the number of years in the category pattern.  The 

category for each ordinal year of an undergraduate’s participation was then determined from the 
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category forecasting pattern.  For example, a pattern of 4433 meant that a student was assigned a 

category of 4 for the first year they participated, a 4 for the second year, a 3 for the third year, a 3 

for the fourth year, and a blank cell for the fifth year.  Each student was assigned five possible 

participation years since the longest category deemed sensible was five seasons; if they 

forecasted fewer than five years, the remaining years were left blank. 

 Using these categories, a class was determined for every year each student participated in 

the WxChallenge.  The classes assigned as found in Table 3.5.  A large proportion of the classes 

assigned were either freshman/sophomore or junior/senior; these were for students who 

forecasted only one year, in categories 4 or 3, respectively, and thus for which the exact class 

could not be determined.  About 70% of all undergraduates only forecasted one year and thus 

were assigned one of these two classes: 3197 in category 4 and 6027 in category 3.  Some 

students who forecasted multiple years also had years assigned to these classes, in addition to 

other classes. 

 Using the beginning and number of seasons determined earlier for each student, a table of 

normalized scores for each forecaster for each day of each season was created.  These scores 

were compiled from the summary tab of the individual spreadsheets for each season, placed in a 

separate spreadsheet, and created for each forecast element as well as total daily scores.  In this 

way, scores were aligned by year forecasted; for example, scores for the first year each student 

forecasted, regardless of what class in school or what season of the contest, were located in the 

first year’s columns. 

 Finally, scores were placed in order by human-submitted forecasts, both by year and by 

semester.  All blank cells in the spreadsheet without scores – which represented missed forecasts 

that were given automatic forecasts (guidance, persistence or climatology) in the WxChallenge –  
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Table 3.5 

Classes assigned to undergraduate forecasters based on their category forecasting pattern and 

the total number of years assigned to each class.  The class designated as “junior with 

sophomore status” was for students who participated in a third year as category 4 (or may have 

had a non-participation year in the second year), indicating that it was their third year in college 

but they may not have had enough credit hours to be enrolled as a junior.   

Code Class 
Total years 

assigned 

Fr Freshman 530 

Fr/So Freshman/sophomore 3816 

So Sophomore 1177 

JrS Junior with sophomore status 18 

Jr Junior 2619 

Jr/Sr Junior/Senior 8311 

Sr Senior 2266 

2Sr 2nd year senior 241 

 

were eliminated and all subsequent forecasts moved to cells to the left to replace these blank 

cells.  For example, if Forecaster ABCDEF submitted forecasts manually for days 1, 3, 5, 7 and 8 

for the first city of a year, and Forecaster GHIJKL submitted forecasts manually for days 2, 4, 5, 

6, and 8, each of the resulting normalized scores were placed in order as the results of the first 

five forecasts made by each forecaster that year, regardless of the day for which they were 

submitted. 

3.3. Methodology: Data Analysis 

 To analyze the considerable forecast data for over 11,000 undergraduate students through 

the eleven years of the WxChallenge, the data was organized into subsets of data (defined by 

varying class and experience levels), mean scores were obtained from these subsets, and 

statistical tests were run to evaluate the difference in forecasting performance between different 

subsets.  Most tests involved the comparison of mean scores between two or more subsets, or 

through time from the same forecasters within their own undergraduate careers, and a multiple 
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regression model was also developed.  General descriptions of the types of tests used are found 

in Table 3.6, while a summary of all the tests conducted is found in Table 3.7.  Further 

explanation of each follows in Section 3.3.1. 

 

Table 3.6 

General description of statistical tests used in the analysis. 

Statistical Test or 
Model 

Purpose and Examples 
General Equation for Test 

Statistic or Model 

Analysis of Variance 
(ANOVA) 

Determine differences in means between 
multiple independent variables or sets of data 

 

Welch’s Two Sample 
Difference of Means 

Test 

Determine differences in means between two 
independent variables or sets of data 

 

Matched Pairs T-Test 

Determine differences in means throughout 
time for the same individuals or other entities, 
providing paired data to test change through 

time 

 

Multiple Regression 
Model 

Determines how much various 
variables/inputs account for the variability in a 

dependent variable 
 

 

3.3.1. Statistical Tests 

 For all the analyses in this research, average scores were calculated using a simple mean 

of all the normalized scores within a specified subset of the data.  For example, the average of 

each forecaster’s scores for a given semester was calculated using the mean of all the normalized 

scores they received for the human-submitted forecasts during that semester.  Thus, some 

students’ average semester scores may be based on only a few days if they missed  

𝐹 =
𝑆𝑆𝐵/𝑑𝑓𝐵

𝑆𝑆𝑊/𝑑𝑓𝑊

 

𝑍 =
�̅�1 − �̅�2

𝜎�̅�1−�̅�2

 

𝑡𝑚𝑝 =
�̅�

𝜎𝑑

 

𝑌 = 𝑎 + 𝑏1𝑋1 + 𝑏2𝑋2 +  … + 𝑏𝑛𝑋𝑛 
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Table 3.7 

Statistical tests conducted on undergraduate WxChallenge data.  All tests were performed on the 

total scores as well as scores for each element (maximum and minimum temperature, maximum 

wind speed, and precipitation). 

Statistical Test 
or Model 

Subset of Data Used Purpose of Test Tests applied to Variables Tested 

Welch's two-
sample t-tests 

All forecasters organized 
by course enrollment 

Whether enrolling in courses 
affects scores and 

participation 

All forecasters and 
forecasters by 

class 

Mean scores, mean 
percentage of days 

forecast 

Multiple 
Regression 

model 

All forecasters organized 
by forecaster-semester 

combinations 

Determine portion of 
variance in scores attributed 

to participation, class, 
experience, and course 

enrollment 

All forecasters 

Mean semester scores, 
percentage of days 
forecast, class level, 

number of semesters 
forecast, course 

enrollment status 

ANOVA tests 

Sophomores in their first 
vs. second year of 

forecasting 

Whether experience makes a 
difference given the same 

class level 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean annual scores of all 
relevant forecasters 

Juniors in their first vs. 
second vs. third year of 

forecasting 

Seniors in their first vs. 
second vs. third vs. fourth 

year of forecasting 

ANOVA tests 

Freshmen vs. 
sophomores vs. juniors 
vs. seniors in their first 

year of forecasting Whether class makes a 
difference given the same 

experience level 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean annual scores of all 
relevant forecasters 

Sophomores vs. juniors 
vs. seniors in their second 

year of forecasting 

Juniors vs. seniors in their 
third year of forecasting 

Matched-paired 
t-tests 

Students participating 
both freshmen and 
sophomore years Whether any significant 

difference exists between 
successive class levels with 

the same student, and 
whether more improvement 
is seen in the first two years 
or last two years of college 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean annual scores for 
each forecaster 

Students participating 
both sophomore and 

junior years 

Students participating 
both junior and senior 

years 

Students participating all 
four years 

ANOVA tests 
All forecasters organized 

by class and semester 

Whether class and semester 
make a difference regardless 

of experience level 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
all forecasters 

ANOVA tests 
All forecasters organized 

by ordinal semester of 
participation 

Whether experience makes a 
difference regardless of class 

level 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
all forecasters 
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Table 3.7 (continued) 

 

Statistical Test 
or Model 

Subset of Data Used Purpose of Test Tests applied to Variables Tested 

Welch's two-
sample t-tests 

All forecasters organized 
by class and semester 

Whether class and semester 
make a difference regardless 
of experience level, tested on 

all possible paired 
combinations 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
all forecasters 

Welch's two-
sample t-tests 

All forecasters organized 
by ordinal semester of 

participation 

Whether experience makes a 
difference regardless of class 
level, tested on all possible 

paired combinations 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
all forecasters 

Matched-paired 
t-tests 

All forecasters organized 
by ordinal semester of 

participation 

Whether experience 
between first and last 

semesters makes a 
difference regardless of 

number of semesters 
forecasted 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
each forecaster 

Matched-paired 
t-tests 

All forecasters organized 
by ordinal semester of 

participation 

Whether experience 
between first and last 

semesters makes a 
difference regardless of 

number of semesters 
forecasted, but with separate 
tests by number of semesters 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
each forecaster 

Matched-paired 
t-tests 

All forecasters organized 
by ordinal semester of 

participation 

Whether experience makes a 
difference regardless of class 
level, tested on all possible 
paired combinations for the 

same forecaster 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
each forecaster 

Matched-paired 
t-tests 

All forecasters organized 
by class level 

Whether class makes a 
difference regardless of 

experience level, tested on 
all possible paired 

combinations for the same 
forecaster 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
each forecaster 

Welch's two-
sample t-tests 

All forecasters 
participating only one 

year 

Whether class level makes a 
difference 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean annual scores for all 
single-year forecasters 

Matched-paired 
t-tests 

All forecasters 
participating only one 

year 

Whether fall vs. spring 
semester makes a difference 

for the same forecaster 

All forecasters and 
forecasters 

participating at 
least 75% of the 

year 

Mean semester scores for 
each single-year forecaster 

 

forecasting most of the semester, while some may be based on an entire semester’s worth (48-52 

forecasts) if there were no missed days.  As another example, the average of scores for students’ 
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collective freshmen years was obtained from a mean of every student’s normalized score during 

their freshman year of forecasting (scores from years other than a freshman year, or for 

forecasters who didn’t participate their freshman year as determined when classes were 

established, were ignored in this calculation).  Average scores were also calculated by forecast 

number.  To do this, the mean of every student’s first submitted forecast was determined (only a 

few students did not have any submitted forecasts despite being registered, so this was nearly all 

students), as well as the mean of every student’s second, third, etc. submitted forecast. 

 Using the average scores by semester for each student, a table was generated with one 

row for every forecaster-semester combination.  This table included two semesters for every 

student who forecasted only one year and ten semesters for every student who forecasted 

multiple years, because the maximum number of years was five.  This resulted in 38,990 possible 

combinations.  Each row in the table contained data on the forecaster ID for the student, the 

average score for that particular semester, the category number for which that student 

participated that semester (3 or 4), the number of courses enrolled in as part of the WxChallenge 

that semester, the percentage of days forecasted that semester (a value which was also calculated 

earlier for every student for every semester), the class rank for that particular year (as noted 

earlier, it was always the same for the spring semester as for the fall for full-year participants), 

the number of semesters that forecaster had participated in the WxChallenge up to that semester 

(1 to 10, where 1 means it was that student’s first semester forecasting, 2 means it was their 

second, etc.), the season number, and the semester (Fall or Spring). 

 From this table, 19,017 of the 38,990 rows were extracted.  These were the semesters for 

which the given forecaster actually participated.  For those who participated only one year but 

only one of the two semesters, the other non-participating semester was removed from the table.  
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For those who participated multiple years, any year or semester they didn’t participate were 

removed; for example, if a student participated two years or four full semesters, they had six 

semesters (three years) removed from the table when they didn’t actually participate but were 

given those extra possible semesters in the table because all the multiple-year participants were 

grouped together and all given ten semesters.  Finally, any semester where the forecaster was 

registered but did not submit a single human forecast (where the percentage of days forecasted 

was 0%) was also taken out of this table, as the average semester scores were invalid (there was 

nothing to average). 

 This table was separated into forecasters who were enrolled in zero courses for a given 

semester and those enrolled in at least one course.  The first statistical test was conducted on 

these two sets of students: a Welch’s Two-Sample t-test to determine whether a significant 

difference existed between the average normalized semester scores of students who participated 

in the WxChallenge as required by a course and students who participated in the WxChallenge 

on their own and not because it was required by any course in which they were enrolled.  The 

percentage of days these students submitted forecasts was also compared between the two 

groups.  In addition to including all undergraduate forecasters, smaller tables were also created to 

include only students in each class (freshmen, sophomores, etc.) and this test was conducted for 

those smaller groups as well.  In other words, a test was conducted to reveal any difference 

between normalized scores for freshmen in courses vs. not in courses, sophomores in courses vs. 

not in courses, etc., in order to determine whether some classes exhibit more significant 

disparities than others. 

 The table of 19,017 unique forecaster-semester combinations was also used to create a 

multiple regression model to determine how much of the variation in normalized scores was 
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explained by the percentage of days forecasted, a student’s class level, a student’s experience 

level in the contest (the number of semesters forecasted up to that point), and whether the student 

was forecasting for the WxChallenge as required to by a course. 

 Several Analysis of Variance (ANOVA) tests were conducted in order to find significant 

differences in average normalized scores between various subsets of the data.  These subsets 

included the following: 

 Between sophomores in their first year of forecasting vs. sophomores in their second 

year of forecasting 

 Between juniors in their first year of forecasting vs. juniors in their second year of 

forecasting vs. juniors in their third year of forecasting 

 Between seniors in their first year of forecasting vs. seniors in their second year of 

forecasting vs. seniors in their third year of forecasting vs. seniors in their fourth year 

of forecasting 

These three tests were used to determine whether experience makes any difference in the 

performance of students in the contest, by comparing scores of different sets of students who are 

in the same class in school but who have forecasted different numbers of years in the contest.  

These tests used the average normalized scores of students for an entire year, which was 

calculated using the mean of all individual human-submitted forecasts for a student for their year 

in that class.  They were calculated using these average normalized scores for each individual 

forecast element (maximum temperature, minimum temperature, maximum wind speed, and 

precipitation) in addition to the average normalized total score.  Finally, they were also 

conducted between each of these subsets of data, and for each element, for all registered 

forecasters as well as for students who only submitted manual forecasts for at least 75% of the 
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year, to determine if a difference in significance exists when examining a smaller group of 

forecasters who were more determined to submit regular forecasts.  This value of 75% was 

chosen because the WxChallenge uses that same threshold when determining which forecasters 

to use in normalization calculations (the contest normalizes only using the mean and standard 

deviation of scores for participants who submit manual forecasts for at least 6 of 8 days in a 

given city). 

 ANOVA tests were also performed similar to the prior three for the following subsets of 

students: 

 Freshmen in their first year of forecasting vs. sophomores in their first year of 

forecasting vs. juniors in their first year of forecasting vs. seniors in their first year of 

forecasting 

 Sophomores in their second year of forecasting vs. juniors in their second year of 

forecasting vs. seniors in their second year of forecasting 

 Juniors in their third year of forecasting vs. seniors in their third year of forecasting 

The goal of these three tests was to keep the amount of experience constant in each subset and 

evaluate any significant differences between normalized scores between different classes (the 

previous three tests kept class constant and varied experience).  Thus, the effect of different 

meteorological backgrounds, as reflected by the educational level in the different classes, was 

determined given similar or identical experience participating in the WxChallenge.  As with the 

three previous tests, these were conducted for each element’s normalized scores, the total 

normalized scores, and for both all forecasters and those manually submitting at least 75% of 

forecast days in a given year. 

 Additional ANOVA tests were performed to reveal any significance in differences 
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between average normalized scores across multiple semesters.  These two additional tests were 

as follows: 

 Difference in normalized scores by ordinal semester: 1st, 2nd, 3rd, 4th, 5th, 6th, 7th, 8th, 

9th, and 10th semesters for each forecaster.  This identified whether any significant 

differences existed between the overall mean scores for any pair of ordinal semester, 

using the average score of every student’s first, second, etc. semester.  Thus, this is 

similar to the first prior set of ANOVA tests in that it evaluates the difference in 

experience, but it does not keep the classes of students constant and instead mixes 

students with the same experience, regardless of their class level. 

 Difference in normalized scores by class and semester: freshman fall, freshman 

spring, freshman/sophomore fall, freshman/sophomore spring, sophomore fall, 

sophomore spring, junior with sophomore status fall, junior with sophomore status 

spring, junior fall, junior spring, junior/senior fall, junior/senior spring, senior fall, 

senior spring, 2nd year senior fall, and 2nd year senior spring.  This test identified 

whether any significant differences existed between the overall mean scores for any 

pair of different class-semester combinations in this group.  Thus, this is similar to the 

second prior set of ANOVA tests in that it evaluates the difference in class standing, 

but does not keep the amount of experience constant.  Therefore, each class’s mean 

score includes students with varying experience in the contest. 

Both of these tests were also performed using the total scores and scores for each element, as 

well as for both all students and those who submitted manual forecasts for at least 75% of all 

days in a given year. 

 The two previous ANOVA tests would reveal if there were significant differences 
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between any two means of the subsets tested, but would not indicate which of the means were 

significantly different.  Thus, if the ANOVA test uncovered a significant difference between the 

multiple means, T-tests were also conducted in order to determine which specific set(s) of means 

were significantly different.  These tests were performed on the difference in mean scores 

between each possible combination of subsets by ordinal semester and by class/semester 

combination.  For the ordinal semesters, the t-tests compared the 1st semester forecasted vs. the 

2nd semester forecasted for each student, the 1st vs. 3rd semester, 1st vs. 4th semester, and so on, 

concluding with comparison between the 9th and 10th semester forecasted.  The class/semester 

combination tests compared the freshman fall vs. the freshman spring semesters, the freshman 

fall vs. sophomore fall semesters, freshman fall vs. sophomore spring semesters, etc., concluding 

with the 2nd senior fall vs. 2nd senior spring semesters.  As with the ANOVA tests on the same 

data, these t-tests were conducted for each element and total scores, and for both all forecasters 

and those who submitted forecasts at least 75% of the year. 

 Matched paired t-tests were also conducted in order to keep specific forecasters constant 

and evaluate the significance of the change in their scores over time.  These tests calculated the 

difference in each student’s scores over a specified timeframe and tested the probability that the 

average of these differences was different than zero.  The matched paired t-tests conducted (like 

the other tests, all were done for each element and total scores, and for both all forecasters and 

those who submitted forecasts at least 75% of the year) included the following: 

 Students who forecasted both their freshman and sophomore years.  Thus, a 

difference was taken for each student between their own sophomore and freshman 

years and the average of all these differences was evaluated to determine if it was 

significantly different from zero. 
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 Students who forecasted both their sophomore and junior years. 

 Students who forecasted both their junior and senior years. 

 Students who forecasted all four (freshman, sophomore, junior, and senior) years.  

Note that some forecasters may have forecasted four years that included a 2nd senior 

year or a junior year with sophomore academic status; these students were not 

included in this test. 

o For these students, several matched paired tests were conducted.  These 

included tests for differences between their freshman and sophomore years, 

sophomore and junior years, junior and senior years, and between the 

differences between their freshman-sophomore and junior-senior years.  The 

first three tests are the same as those described above, but only on the subset 

of students that forecasted all four years.  The final test indicated whether 

there was a significantly greater or smaller difference between a forecaster’s 

first two years than their second two years. 

 The first and last semesters forecasted for each student, regardless of when this 

occurred in their undergraduate career or the number of semesters each student 

forecasted.  This particular test was also performed for students who forecasted at 

least 50% of the year.  Additional identical tests were conducted, but separated by the 

number of semesters forecasted. 

 All combinations of ordinal semesters for each forecaster (for example, the 1st vs. 2nd 

semester, 1st vs. 3rd semester, etc. for the same forecaster as opposed to the similar 

ANOVA tests that compared the overall means for all forecasters in their 1st, 2nd, etc. 

semester). 
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 All combinations of class rank for each forecaster (freshman vs. sophomore, 

freshman vs. junior, etc.) for the same forecaster. 

 The aforementioned ANOVA and t-tests were all performed on those students who 

forecasted more than one year as they all required multiple years, with the exception of the t-tests 

between students’ 1st and 2nd semesters, or they required a definitive assignment of a class rank 

(freshman, sophomore, etc.).  Students who forecasted only one year were given a more general 

class rank (freshman/sophomore or junior/senior) as it was unknown which single year in college 

they participated.  For the more than 9,000 students who forecasted only a single year, the 

following tests were conducted: 

 T-tests between the overall means of scores (both total and by element) of category 3 

(junior/senior) forecasters vs. category 4 (freshman/sophomore) forecasters.  This was 

done for all students as well as only those who forecasted at least 75% of the year. 

 Matched paired t-tests between the scores of the first and second semesters for 

students who forecasted both semesters of the single year they participated.  This was 

also done for both all students and those who forecasted 75% or more of the year. 

 These data and tests allowed for beneficial insights into undergraduate forecast skill 

development as students progressed through their college career and obtained more experience 

forecasting in the WxChallenge.  These data thus provided revelations on the use of weather 

forecasting contests as educational tools in the meteorology classroom.  Results of the statistical 

tests and discussion of their significance are shared in Chapter 4. 
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IV. Results and Discussion 

 Applying the methods of data analysis presented in the previous chapter allowed for 

analysis and interpretation of how the forecasting skills of students change throughout their 

undergraduate careers.  The results of these data analyses are found in this chapter, followed by a 

discussion of their meanings, implications, and limitations, as well as potential future research. 

4.1. Forecaster returning rate 

 The spreadsheet that compiled all unique forecasters enabled the evaluation of the return 

of forecasters from each season to the next.  About a quarter of all forecasters, but only about a 

fifth of undergraduates, returned for each following season (as mentioned in Chapter 3, 81.8% of 

unique undergraduate forecasts also only participated a single year).  This varied, however, by 

category: less than 10% of forecasters in the freshman/sophomore category returned the 

following year, as opposed to about a quarter of forecasters in the junior/senior category, despite 

many of those in the latter category graduating.  Retention of interest in the contest increased 

further for graduate students, faculty and alumni.  Table 4.1 shows the numbers of forecasters in 

each category by season, in addition to the number and percentage returning the following 

season. 

4.2. Skill differences by course enrollment 

 The first key factor assessed for influence on forecast scores was the status of students’ 

enrollment in courses as part of the WxChallenge.  It was hypothesized that students who were 

required to forecast for the contest for a course may obtain somewhat less skillful scores, because 

in general they may have less interest in forecasting than students participating because they 

crave the competitiveness of a contest geared toward something in which they have interest or a 

passion. 



E c k s t e i n  | 78 
 

4.2.1. All forecasters 

 Cumulative semester skill scores and the percentage of days for which a forecast was 

submitted were evaluated for differences in values between students who participated in the 

WxChallenge as part of a course and those who participated without course enrollment.  For all 

unique semester/forecaster ID combinations that participated as part of a course (sample size of 

8,234), the average semester score was 6.749, or 0.6749 standard deviations less skillful than the 

national consensus.  For those combinations that were not participating as part of a course 

(sample size of 10,783), the average semester score was 5.082, or 0.5082 standard deviations less 

skillful than the national consensus.  A Welch’s t-test conducted on these two groups of students 

revealed a t-statistic value of 14.98, which resulted in a p-value of less than 0.00001 for the 

combined sample size of over 19,000 semester/forecaster ID combinations.  Therefore, there is a 

statistically significant difference between the average scores of students who participated in the 

contest as part of a class and those who did not, with those who forecasted on their own 

performing better than those who forecasted because they were required to for a course. 

 Those who participated in the WxChallenge as part of a course submitted forecasts 

69.64% of the time, while those who participated on their own submitted forecasts 67.30% of the 

time.  A t-test for these values resulted in a t-statistic of 5.77 with a p-value less than 0.00001, 

indicating that students who have to submit forecasts for a course do submit them more often 

with extremely high confidence, even if their forecasts result in statistically lower scores. 
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Table 4.1 

Number of forecasters participating in each category by season and number and percentage 

returning for the following season.  Other than between seasons 0 and 1 (season 0 was the beta 

test season with restricted participation), approximately 25-28% of all forecasters return to 

forecast the following year, while about 20% of undergraduates return.  If participation was 

equal among all class levels, which it is not (2/3 of all single-year participants are 

upperclassman, for example), then about 75% of undergraduates would be expected to return the 

following year.  Generally, the percentage of forecasters returning for the following year 

increases with more educated categories: about 50% of alumni (category 0), 70% of faculty or 

staff (category 1), 35% of graduate students (category 2), 25% of upperclassmen (category 3, 

juniors/seniors), and only 10% or less of freshmen/sophomores (category 4) return the following 

year.  Alumni were not eligible to participate in the contest until Season 2. 

 

  Category 0 1 2 3 4 Total Undergrad 

          

Season 0 
to Season 

1 

  Forecasters  81 193 852 469 1595 1321 

 Returning  11 11 53 14 89 67 

  Pct Return   13.6% 5.7% 6.2% 3.0% 5.6% 5.1% 
 

         

Season 1 
to Season 

2 

  Forecasters  91 218 807 395 1511 1202 

 Returning  53 71 169 26 319 195 

  Pct Return   58.2% 32.6% 20.9% 6.6% 21.1% 16.2% 
 

         

Season 2 
to Season 

3 

  Forecasters 51 109 230 832 399 1621 1231 

 Returning 10 67 89 200 31 397 231 

  Pct Return 19.6% 61.5% 38.7% 24.0% 7.8% 24.5% 18.8% 
 

         

Season 3 
to Season 

4 

  Forecasters 103 121 233 933 455 1845 1388 

 Returning 49 68 86 255 38 496 293 

  Pct Return 47.6% 56.2% 36.9% 27.3% 8.4% 26.9% 21.1% 
 

         

Season 4 
to Season 

5 

  Forecasters 102 112 253 942 409 1818 1351 

 Returning 58 80 99 237 46 520 283 

  Pct Return 56.9% 71.4% 39.1% 25.2% 11.2% 28.6% 20.9% 
 

         

Season 5 
to Season 

6 

  Forecasters 107 109 283 1060 511 2070 1571 

 Returning 59 73 97 256 31 516 287 

  Pct Return 55.1% 67.0% 34.3% 24.2% 6.1% 24.9% 18.3% 
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Table 4.1 (continued) 

 
 Category 0 1 2 3 4 Total Undergrad 

 
         

Season 6 
to Season 

7 

  Forecasters 138 121 319 1053 489 2120 1542 

 Returning 69 75 110 267 49 570 316 

  Pct Return 50.0% 62.0% 34.5% 25.4% 10.0% 26.9% 20.5% 
 

         

Season 7 
to Season 

8 

  Forecasters 134 94 288 1023 479 2018 1502 

 Returning 68 70 107 258 36 539 294 

  Pct Return 50.7% 74.5% 37.2% 25.2% 7.5% 26.7% 19.6% 
 

         

Season 8 
to Season 

9 

  Forecasters 112 109 296 970 424 1911 1394 

 Returning 55 70 94 262 46 527 308 

  Pct Return 49.1% 64.2% 31.8% 27.0% 10.8% 27.6% 22.1% 
 

         

Season 9 
to Season 

10 

  Forecasters 82 96 302 931 423 1834 1354 

 Returning 45 70 114 240 26 495 266 

  Pct Return 54.9% 72.9% 37.7% 25.8% 6.1% 27.0% 19.6% 

 

4.2.2. By individual class levels 

 These differences in skill and percentage of submitted forecasts by enrollment in courses 

may vary by class level.  Therefore, the individual semester/forecaster ID combinations were 

divided by class and t-tests were performed on each subset (students enrolled in courses vs. those 

not) by each individual class level.  The results are summarized in Table 4.2. 

 The largest sample sizes of students are found among the junior/senior and 

freshman/sophomore categories, which is a direct result of most students participating only a 

single year, and thus it was unknown in which class level those were during that year, only the 

category in the contest.  Of those for which the class level was known or deduced, juniors were 

most prevalent, followed by seniors, sophomores, and freshmen.  Second-year seniors and  
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Table 4.2 

Sample sizes, average scores, percentages of forecasts submitted, and corresponding t-statistics 

and p-values for students enrolled in courses vs. not enrolled, by class level.  P-values less than 

0.01 (99% confidence level) are outlined in double lines; those greater than 0.01 but less than 

0.1 (90-99% confidence level) are single-outlined. 

  Sample Size   Average Score 

Class Enrolled 
Not 

Enrolled 
  

Enrolled 
Not 

Enrolled 
 t 

statistic 
p 

value 

Freshman 120 410   10.522 5.564  6.346 0.000 

Freshman/sophomore 1727 2089   11.320 7.939  11.049 0.000 

Sophomore 312 865   7.228 4.455  7.274 0.000 

Junior with sophomore 
status 

4 14 
  

6.334 4.093 
 

0.715 0.242 

Junior 811 1808   4.297 3.737  2.440 0.007 

Junior/senior 4334 3977   6.098 5.382  1.903 0.029 

Senior 859 1407   2.795 2.578  1.064 0.144 

2nd year senior 62 179   2.336 2.284  0.093 0.463 

Total (All Students) 8234 10783   6.749 5.082  14.984 0.000 

 

 

(continued) 

  Percent Forecast 

Class Enrolled 
Not 

Enrolled 
t 

statistic 
p value 

Freshman 68.49 69.09 0.217 0.414 

Freshman/sophomore 62.82 60.86 2.069 0.019 

Sophomore 71.64 71.96 0.188 0.425 

Junior with sophomore 
status 

87.07 68.45 1.211 0.122 

Junior 73.30 70.87 2.217 0.013 

Junior/senior 70.75 65.73 3.592 0.000 

Senior 73.05 72.44 0.524 0.300 

2nd year senior 76.86 74.13 0.734 0.232 

Total (All Students) 69.64 67.30 5.771 0.000 
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juniors with sophomore status comprised a small percentage of all forecasters.  In all instances 

except single-year participants in category 3, there were more participants not enrolled in courses 

than enrolled.  While a large number of single-year juniors and seniors also participated on their 

own independent of course requirements, the higher number of upper-level forecasting and 

synoptic meteorology courses and laboratories presumably has led to more students at this level 

participating in the WxChallenge for a course requirement, and many of those students would 

also likely be less interested in participating more than a single year unless they were required to 

do so for multiple courses. 

 In general, average scores are observed to decrease as class (education) level increases; 

this is explored statistically in Section 4.4.  The largest differences in average scores between 

students enrolled in courses and those not enrolled are seen amongst freshman, sophomores, and 

the single year category 4 (freshman/sophomore) forecasters, all exhibiting differences greater 

than 2.8 (0.28 standard deviations).  The differences for these three class levels are all 

statistically significant with p-values of essentially zero.  The average score difference for juniors 

with sophomore status is also greater than 2.2, but the very small sample size leads to large 

standard errors and thus high uncertainty on the actual average scores for each group.  The 

average score difference for juniors of 0.56 is statistically significant at the 0.01 level with only 

an 0.7% probability that they are not different, and the difference for single-year category 3 

forecasters (junior/senior) is significant at the 0.05 confidence level with a p-value of 0.029.  No 

other class levels exhibited differences that were statistically significant at levels less than 0.1. 

 Note that all these t-tests were performed with a one-tailed hypothesis, conjecturing that 

the average score for those students not enrolled in courses was smaller (better) than that for 

students enrolled in courses, as it was for all students as a whole.  In fact, this was true for every 
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single class level, although only statistically significant for freshman, freshmen/sophomores, 

sophomores, juniors, and juniors/seniors at a significance level of less than 0.03. 

 Similarly, the hypothesis of a greater percentage of forecasts submitted for students 

enrolled in the WxChallenge as part of a course requirement than for those not enrolled in 

courses was used, as it would be speculated that students would be more inclined to submit 

forecasts if they were required to do so for a grade (or extra credit).  As shown earlier, this was in 

fact the case for all students with very high confidence.  Examination of these percentages at the 

class level shows that this hypothesis is only true at significance levels of 0.1 or less for single-

year forecasters in both categories 4 and 3 (p-values of 0.019 and 0.0002, respectively) and 

juniors (p-value of 0.013).  Freshmen and sophomores individually had forecast submission 

percentages from the sample means higher for students not enrolled as part of a course, and all 

other class levels had percentages higher for those enrolled as part of a course, but not at 

significant levels.  It is also noted that the sample means of all single-year participants are lower, 

particularly for those not enrolled in courses, than the means of the other class levels (which are 

all multiple-year participants).  Forecasters who only participated a single year likely have less 

interest in forecasting, or participating in the contest, since they only participated a single year, 

and their lower submission rate would also be a reflection of this.  Likewise, because interest in 

forecasting for the contest is lower for these single-year students, it is sensible that these students 

would require an incentive, such as participating for a grade for a course, to increase their 

submission rate.  Thus, the significant increases in participation for these single-year students 

enrolled in courses would be a result of this incentive. 

4.2.3. By element 

 Differences in average scores for students enrolled in courses and those not enrolled may 
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also vary by forecast element (high temperature, low temperature, wind, and precipitation).  To 

examine the disparity in the influence of course enrollment with respect to each of these forecast 

elements, these same t-tests were performed for each class level and each forecast element.  The 

t-tests for forecast submission rate were not repeated, since the rates are the same for every 

element.  Results of these t-tests are summarized in Tables 4.3 through 4.6. 

 Similar to the differences for total forecast scores, freshman, sophomores and single-year 

category 4 forecasters (freshmen/sophomores) all exhibit average scores for each forecast 

element that are better for those not enrolled in university courses, at significance levels very 

close to zero.  Single-year category 3 forecasters (juniors/seniors) are better forecasters when not 

enrolled in courses, with confidence over 90%, for all elements except for maximum wind speed.  

Juniors show better scores for those not enrolled in courses for low temperature and precipitation  

 

Table 4.3 

Sample sizes, average scores for high temperature forecasts, and corresponding t-statistics and 

p-values for students enrolled in courses vs. not enrolled, by class level.  Outlining of p-values 

are as in Table 4.2. 

  Sample Size   Average Score: High Temperature 

Class Enrolled 
Not 

Enrolled 
  

Enrolled 
Not 

Enrolled 
 t 

statistic 
p value 

Freshman 120 410   6.405 3.564  4.791 0.000 

Freshman/sophomore 1727 2089   6.935 5.160  6.635 0.000 

Sophomore 312 865   4.680 2.909  5.573 0.000 

Junior with sophomore 
status 

4 14 
  

4.073 2.701 
 

0.940 0.181 

Junior 811 1808   3.022 2.812  1.185 0.118 

Junior/senior 4334 3977   4.136 3.663  1.553 0.060 

Senior 859 1407   2.333 2.342  0.052 0.479 

2nd year senior 62 179   2.178 2.167  0.024 0.490 

Total (All Students) 8234 10783   4.463 3.542  10.284 0.000 
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Table 4.4 

Sample sizes, average scores for low temperature forecasts, and corresponding t-statistics and p-

values for students enrolled in courses vs. not enrolled, by class level.  Outlining of p-values are 

as in Table 4.2. 

  Sample Size   Average Score: Low Temperature 

Class Enrolled 
Not 

Enrolled 
  Enrolled 

Not 
Enrolled 

 
t 

statistic 
p value 

Freshman 120 410   7.044 4.239  4.459 0.000 

Freshman/sophomore 1727 2089   7.945 5.890  8.381 0.000 

Sophomore 312 865   5.462 3.466  6.066 0.000 

Junior with sophomore 
status 

4 14   4.282 4.050  0.068 0.473 

Junior 811 1808   3.621 3.132  2.684 0.004 

Junior/senior 4334 3977   4.722 4.234  1.707 0.044 

Senior 859 1407   2.532 2.544  0.068 0.473 

2nd year senior 62 179   2.103 2.401  0.664 0.254 

Total (All Students) 8234 10783   5.102 4.053  12.240 0.000 

 

Table 4.5 

Sample sizes, average scores for maximum wind speed forecasts, and corresponding t-statistics 

and p-values for students enrolled in courses vs. not enrolled, by class level.  Outlining of p-

values are as in Table 4.2. 

  Sample Size   Average Score: Maximum Wind Speed 

Class Enrolled 
Not 

Enrolled 
  Enrolled 

Not 
Enrolled 

 
t 

statistic 
p value 

Freshman 120 410   9.218 4.825  6.662 0.000 

Freshman/sophomore 1727 2089   9.076 6.857  9.396 0.000 

Sophomore 312 865   6.275 3.972  5.850 0.000 

Junior with sophomore 
status 

4 14   6.309 3.078  1.231 0.118 

Junior 811 1808   3.537 3.411  0.555 0.289 

Junior/senior 4334 3977   5.208 4.863  1.083 0.139 

Senior 859 1407   2.447 1.992  2.178 0.015 

2nd year senior 62 179   2.347 1.305  1.713 0.044 

Total (All Students) 8234 10783   5.644 4.489  12.256 0.000 
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Table 4.6 

Sample sizes, average scores for precipitation forecasts, and corresponding t-statistics and p-

values for students enrolled in courses vs. not enrolled, by class level.  Outlining of p-values are 

as in Table 4.2. 

  Sample Size   Average Score: Precipitation 

Class Enrolled 
Not 

Enrolled 
  Enrolled 

Not 
Enrolled 

 
t 

statistic 
p value 

Freshman 120 410   4.635 1.795  3.789 0.000 

Freshman/sophomore 1727 2089   4.953 2.622  7.718 0.000 

Sophomore 312 865   1.968 0.637  4.739 0.000 

Junior with sophomore 
status 

4 14   1.437 0.369  0.699 0.247 

Junior 811 1808   1.108 0.551  3.273 0.001 

Junior/senior 4334 3977   1.816 1.348  1.441 0.075 

Senior 859 1407   0.325 0.126  1.574 0.058 

2nd year senior 62 179   -0.139 0.026  0.737 0.231 

Total (All Students) 8234 10783   2.280 1.235  10.955 0.000 

 

forecasting at a significance level near zero, seniors not enrolled in courses are better at wind 

speed and precipitation forecasting than their counterparts enrolled in courses with more than 

94% confidence, and second year seniors not enrolled in courses have better average wind speed 

scores than those in courses at a significance level of 0.044.  Juniors with sophomore status never 

exhibit any significant differences, likely due in part to the very small sample size. 

 Of note is that a few class levels for particular elements exist in which those students 

enrolled in courses have a better sample mean for the average score than those students not 

enrolled in courses; these are seniors for both high and low temperatures and second year seniors 

for low temperatures and precipitation.  None of these are significant differences, and are in fact 

all close enough to have p-values higher than 0.23, so for no element and class combination can 

it be deduced that those enrolled in the WxChallenge as required for part of a course have 

performed better than those who are not enrolled in a course.  Differences for total scores as well 
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as for each element also show a general pattern of larger gaps between these two subsets of 

students for underclassmen (freshmen and sophomores) than for upperclassmen. 

4.3. Skill differences by experience level 

 The second expected key factor on forecast scores, and perhaps thought to be the most 

influential based on past research, is that of experience.  For this study, experience is defined as 

the length of time a student has participated in the WxChallenge, although some students may 

have had experience in other ways (forecast laboratories, local forecasting contests, NWS or 

other internships, etc.).  The hypothesis for experience is clearly that more experience forecasting 

results in better and more skillful forecasts. 

4.3.1. Keeping class level constant (ANOVA) 

 Testing the differences between means of scores from different experience levels (within 

the same class level) exposes the effect of experience in the contest on how students perform, 

assuming similar meteorological knowledge at the same class level.  To test this, the individual 

season-long mean scores for all multiple-year forecasters were separated into the groups listed in 

Table 4.7.  ANOVA tests were run for the difference in means between all the experience levels 

in each of these three classes; for example, for seniors, an ANOVA test compared the means of 

seniors forecasting in the WxChallenge for their first, second, third and fourth years.  The results 

of the ANOVA tests are summarized in Table 4.8. 

 The ANOVA tests reveal that the differences between total score means are significant at 

the 0.10 level for sophomores, but not at the 0.05 level.  For juniors and seniors, it is very highly 

confident that the mean total scores vary by experience level, given the same class, with p values 

near zero.  Further investigation of t test scores between each combination of experience levels  
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Table 4.7 

Experience levels tested for each class level.  Differences in means were compared between the 

different experience levels listed under each class. 

 Class Level 
 Sophomores Juniors Seniors 

Ex
p

er
ie

n
ce

 L
ev

el
 

1st year 1st year 1st year 

2nd year 2nd year 2nd year 

 3rd year 3rd year 

  4th year 

 

Table 4.8 

ANOVA test results for varying experience levels, keeping class levels constant.  The sample 

sizes and mean total scores for each combination of class-experience level are also indicated. 

 

          ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 457 5.69  Between 105.3796 1 105.3796 3.270 0.071 

2 254 4.89  Error 22846.12 709 32.22302   

    Total 22951.5 710    

          

Ju
n

io
r 

1 1017 4.47  Between 532.8043 2 266.4021 11.402 0.000 

2 411 4.07  Error 35769.89 1531 23.36374   

3 106 2.14  Total 36302.7 1533    

          

Se
n

io
r 

1 87 2.36  Between 395.1336 3 131.7112 7.887 0.000 

2 903 3.21  Error 21525.44 1289 16.69933   

3 229 2.27  Total 21920.57 1292    

4 74 1.29        

 

for juniors and seniors, shown in Table 4.9, reveal p-values under 0.05 or very close to zero 

between one and three and two and three years’ experience for juniors, and between two and 

three, one and four, two and four, and three and four years’ experience for seniors.  In fact, Table 
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4.8 reveals similar mean scores for juniors with either one or two years of experience in the 

contest, with a drop in the mean for those who have forecasted three years.  It also reveals similar 

mean scores for seniors in their first three years of the contest (with those in their second year 

performing worst), with a drop for those who are in their fourth year forecasting.  These results 

appear to indicate that forecasters with approximately the same meteorological knowledge (in the 

same class level) perform significantly better in their third and fourth years in the contest, 

especially if they began forecasting as freshmen. 

 

Table 4.9 

P-values for t-tests run between each individual combination of experience levels for juniors and 

seniors, for total scores.  The integers in bold indicate the number of years of experience in the 

contest.  Thus, for example, the p-value for a two-sample t test between scores for juniors in their 

first and second years of the contest is 0.075. 

Juniors 2 3  

1 0.075 0.000  

2  0.000  

    

Seniors 2 3 4 

1 0.047 0.426 0.037 

2  0.001 0.000 

3   0.015 

 

 

 When the ANOVA tests are conducted on only those students who submitted forecasts 

for at least 75% of a particular year, the results show even more significant differences between 

those in the same class with varying years of experience in the contest.  P-values from these tests 

are extremely close to zero, as shown in Table 4.10. 
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Table 4.10 

ANOVA test results for varying experience levels, keeping class levels constant, for students who 

forecasted at least 75% of a contest year.  The sample sizes and mean total scores for each 

combination of class-experience level are also indicated. 

 

          ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 370 4.65  Between 213.5847 1 213.5847 8.558184 0.004 

2 139 3.19  Error 12653.09 507 24.95678  
 

    Total 12866.67 508   
 

          

Ju
n

io
r 

1 785 3.42  Between 797.9364 2 398.9682 27.92418 0.000 

2 231 2.04  Error 15373.41 1076 14.28755  
 

3 63 0.33  Total 16171.35 1078   
 

          

Se
n

io
r 

1 232 2.98  Between 507.6218 3 169.2073 14.51911 0.000 

2 595 2.10  Error 11630.8 998 11.65411  
 

3 134 0.82  Total 12138.42 1001   
 

4 41 0.48        

 

 T-tests between each combination of experience years for juniors and seniors, as in Table 

4.9 but for only those who forecasted at least 75% of a year, show that the mean scores are 

significantly different at the 0.01 level for every combination except between 3 and 4 years of 

experience for seniors (p-value 0.258).  As seen in Table 4.10, the mean scores for these two 

groups were 0.82 and 0.48, with limited sample sizes of 134 and 41 students, respectively.  

Every other p-value among these combinations of experience is below 0.001. 

4.3.1.1. Keeping class level constant (ANOVA) – By element 

 Results of the corresponding ANOVA tests for each element are shown in Tables 4.11 

through 4.14.  For each element, the tests are not significant at the 0.05 level when comparing all 

sophomores in their first and second years in the contest.  All tests comparing the varying years 
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of experience for all juniors and seniors exhibit a significant difference between at least one pair 

of experience years, while every test except one examining only forecasters who participated at 

least 75% of a year show significant differences for every element (the high temperature forecast 

for sophomores is the lone exception). 

 As a result, additional t-tests were again performed to further examine where significant 

differences lie.  Using all forecasters, there generally is not a significant difference between 

scores of juniors in their first and second years of forecasting (other than for wind speed), but 

there are significant differences across all elements for juniors in their first or second year of 

forecasting and those in their third year.  For all seniors, the only pair of experience levels that 

shows significance across all four elements is that between the second and fourth years; all other 

combinations exhibit mixed results.  Tables 4.11 through 4.14 indicate that the pattern seen for 

total scores in Table 4.8 – that average scores for seniors in their second year in the contest are 

the highest, with comparable scores for seniors in their first and third years – hold true for every 

element except precipitation as well. 

 When examining only those students who forecasted at least 75% of given contest years, 

differences significant at the 0.05 level are seen between every pair of experience level except 

seniors in their third and fourth years of forecasting.  Thus, when considering only those who 

have enough interest in the WxChallenge to submit forecasts at least 75% of days, more 

significant improvements are seen with varying experience levels. 

4.3.2. Regardless of class level: comparing ordinal semesters (ANOVA) 

 Evaluating differences in WxChallenge scores by varying experience in the contest can 

also be measured by comparing performance of students by the number of semesters they have  
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Table 4.11 

ANOVA test results, using high temperature scores for varying experience levels and keeping 

class levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a 

contest year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 457 3.88   Between 32.13002 1 32.13002 1.91909 0.166 

2 254 3.44   Error 11870.31 709 16.74232     

        Total 11902.44 710       

                    

Ju
n

io
r 

1 1017 3.15   Between 77.31984 2 38.65992 3.574449 0.028 

2 411 2.90   Error 16558.73 1531 10.81563     

3 106 2.30   Total 16636.05 1533       

                    

Se
n

io
r 

1 87 1.89   Between 95.38877 3 31.79626 4.638354 0.003 

2 903 2.56   Error 8836.19 1289 6.855074     

3 229 2.27   Total 8931.579 1292       

4 74 1.60               

 

 b.        ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 370 3.28   Between 39.93795 1 39.93795 3.827863 0.051 

2 139 2.65   Error 5289.776 507 10.43348     

        Total 5329.714 508       

                    

Ju
n

io
r 

1 785 2.53   Between 153.2303 2 76.61514 12.32217 0.000 

2 231 2.05   Error 6690.207 1076 6.217665     

3 63 1.04   Total 6843.437 1078       

                    

Se
n

io
r 

1 232 2.60   Between 133.8682 3 44.62273 8.791911 0.000 

2 595 2.03   Error 5065.28 998 5.075431     

3 134 1.51   Total 5199.148 1001       

4 41 1.27               
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Table 4.12 

ANOVA test results, using low temperature scores for varying experience levels and keeping 

class levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a 

contest year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 457 4.34   Between 54.64288 1 54.64288 3.061165 0.081 

2 254 3.76   Error 12655.9 709 17.85035     

        Total 12710.54 710       

                    

Ju
n

io
r 

1 1017 3.50   Between 226.4471 2 113.2236 9.133986 0.000 

2 411 3.42   Error 18978.05 1531 12.39585     

3 106 1.97   Total 19204.5 1533       

                    

Se
n

io
r 

1 87 2.41   Between 115.4672 3 38.48906 3.718175 0.011 

2 903 2.82   Error 13343.21 1289 10.3516     

3 229 2.26   Total 13458.68 1292       

4 74 1.84               

 

 b.        ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 370 3.68   Between 109.3803 1 109.3803 8.476687 0.004 

2 139 2.64   Error 6542.157 507 12.90366     

        Total 6651.538 508       

                    

Ju
n

io
r 

1 785 2.81   Between 317.4649 2 158.7325 20.96886 0.000 

2 231 1.93   Error 8145.229 1076 7.569915     

3 63 0.88   Total 8462.694 1078       

                    

Se
n

io
r 

1 232 2.55   Between 190.8692 3 63.62307 9.835906 0.000 

2 595 2.10   Error 6455.514 998 6.468451     

3 134 1.22   Total 6646.383 1001       

4 41 1.07               
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Table 4.13 

ANOVA test results, using wind speed scores for varying experience levels and keeping class 

levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a contest 

year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 457 5.13   Between 25.00734 1 25.00734 0.783691 0.376 

2 254 4.74   Error 22623.97 709 31.90969     

        Total 22648.98 710       

                    

Ju
n

io
r 

1 1017 4.18   Between 590.1702 2 295.0851 11.18542 0.000 

2 411 3.56   Error 40389.65 1531 26.38122     

3 106 1.80   Total 40979.82 1533       

                    

Se
n

io
r 

1 87 1.82   Between 524.5402 3 174.8467 8.118563 0.000 

2 903 2.87   Error 27760.75 1289 21.53666     

3 229 1.97   Total 28285.29 1292       

4 74 0.50               

 

 b.        ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 370 4.20   Between 111.4113 1 111.4113 4.35466 0.037 

2 139 3.15   Error 12971.28 507 25.58437     

        Total 13082.69 508       

                    

Ju
n

io
r 

1 785 3.29   Between 892.8857 2 446.4429 25.21216 0.000 

2 231 1.79   Error 19053.2 1076 17.70744     

3 63 0.07   Total 19946.09 1078       

                    

Se
n

io
r 

1 232 2.40   Between 491.767 3 163.9223 10.35395 0.000 

2 595 1.84   Error 15800.2 998 15.83187     

3 134 0.43   Total 16291.97 1001       

4 41 -0.22               
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Table 4.14 

ANOVA test results, using precipitation scores for varying experience levels and keeping class 

levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a contest 

year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 457 1.22   Between 40.44108 1 40.44108 3.59814 0.058 

2 254 0.72   Error 7968.763 709 11.23944     

        Total 8009.204 710       

                    

Ju
n

io
r 

1 1017 0.91   Between 77.70412 2 38.85206 4.249173 0.014 

2 411 0.77   Error 13998.61 1531 9.143442     

3 106 0.01   Total 14076.31 1533       

                    

Se
n

io
r 

1 87 0.43   Between 56.97129 3 18.99043 4.047682 0.007 

2 903 0.35   Error 6047.575 1289 4.69168     

3 229 -0.07   Total 6104.547 1292       

4 74 -0.29               

 

 b.        ANOVA Test Results 

Class 
Number 
of years 

Sample 
Size 

Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

So
p

h
o

m
o

re
 

1 370 0.89   Between 63.2838 1 63.2838 8.049371 0.005 

2 139 0.10   Error 3986.012 507 7.861956     

        Total 4049.296 508       

                    

Ju
n

io
r 

1 785 0.43   Between 82.75227 2 41.37614 14.27979 0.000 

2 231 -0.09   Error 3117.745 1076 2.897532     

3 63 -0.47   Total 3200.497 1078       

                    

Se
n

io
r 

1 232 0.40   Between 71.42706 3 23.80902 12.40308 0.000 

2 595 -0.13   Error 1915.766 998 1.919606     

3 134 -0.39   Total 1987.193 1001       

4 41 -0.39               
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Table 4.15 

P-values from t-tests for each class-experience combination for juniors and seniors, as in Table 

4.9, for each forecast element.  Results from tests are presented from a) all forecasters, and b) 

those who forecasted at least 75% of a contest year.  Values significant at the 0.05 level are in 

bold and italics and outlined. 

 

 High Temperature  Low Temperature  Wind  Precipitation 

a. Juniors 2 3   2 3   2 3   2 3  

 1 0.092 0.003   0.349 0.000   0.020 0.000   0.254 0.000  

 2  0.032    0.000    0.000    0.001  

                 

 Seniors 2 3 4  2 3 4  2 3 4  2 3 4 

 1 0.010 0.113 0.229  0.185 0.376 0.151  0.023 0.400 0.016  0.365 0.024 0.003 

 2  0.069 0.001   0.009 0.003   0.004 0.000   0.001 0.000 

 3   0.022    0.146    0.001    0.081 

                 

b. Juniors 2 3   2 3   2 3   2 3  

 1 0.002 0.000   0.000 0.000   0.000 0.000   0.000 0.000  

 2  0.000    0.000    0.000    0.002  

                 

 Seniors 2 3 4  2 3 4  2 3 4  2 3 4 

 1 0.001 0.000 0.000  0.014 0.000 0.000  0.044 0.000 0.000  0.000 0.000 0.000 

 2  0.003 0.018   0.000 0.001   0.000 0.000   0.001 0.050 

 3   0.263    0.331    0.108    0.480 

 

 

 

participated in the contest, regardless of the class level in which they find themselves.  For 

example, a freshman participating in his or her first semester in the contest would be regarded as 

equivalent, experience-wise, to a senior participating in his or her first semester, despite the 

nearly unquestionable likelihood of meteorological knowledge disparity.  For these ANOVA 

tests, scores were aligned by ordinal semesters for all students.  The number of students with 

scores submitted for each number of semesters is listed in Table 4.16. 
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 The ANOVA test results for the mean total scores by ordinal semester are presented in 

Table 4.17.  Differences in mean scores were compared for both solely multiple-year participants 

as well as for both single- and multiple-year students, with scores averaged by semester.  They 

were also compared for all forecasters in each of those two groups as well as for the students in 

those groups who submitted forecasts at least 75% of a given semester.  If a student submitted 

forecasts in 75% of some semesters but not others, only those semesters for which they 

submitted 75% were included in the latter tests.  As Table 4.17 shows, the F statistics resulting 

from these ANOVA tests are all very high, with p values essentially zero for all four tests, 

indicating that there is much more variability in scores between the different semesters than is 

found within the same semesters, and thus there are significant differences in the total scores 

between at least a pair of ordinal semesters.  To determine where the greatest differences exist 

within the ten different ordinal semesters compared, individual t-tests were conducted between 

each combination of ordinal semesters. 

4.3.2.1. Comparing all possible combinations of ordinal semesters (T Test) 

 Table 4.18 lists the mean scores for each ordinal semester, for both all forecasters and 

those who only forecasted multiple years, and including all students within those groups and 

those who only submitted forecasts at least 75% of the time.  The third and subsequent ordinal 

semesters have the same mean scores for the two groups, as multiple-year forecasters are the 

only students with scores past the second semester.  The sample sizes for each group are as 

shown in Table 4.16a and 4.16b. 

 The results of the t-tests for each combination of ordinal semesters are shown in Tables 

4.19 through 4.21.  The tests for all students who forecasted multiple years (Table 4.19) reveals 

that there are highly significant differences between mean total scores for students’ first semester  
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Table 4.16 

Number of students who submitted forecasts in the WxChallenge for specified numbers of 

semesters, for a) only students who forecasted multiple years, and b) all forecasters, including 

single-year students.  Those who are listed for zero semesters under the “All Students” columns 

were registered but never submitted any forecasts to score.  The numbers of students who 

submitted forecasts 50% and 75% of any given semester are also listed, with zero semesters in 

these cases meaning they did not submit forecasts for the specified percentage of days.  Parts c) 

and d) list the cumulative number of students who forecasted at least the specified number of 

semesters, reflecting the total number of students evaluated in tests for each ordinal semester. 

 

a. Multiple-year forecasters only   b. All forecasters 
          

    
All 

Students 
Submitted 

50% 
Submitted 

75%       
All 

Students 
Submitted 

50% 
Submitted 

75% 

N
u

m
b

er
 o

f 
Se

m
e

st
e

rs
 

0 5 92 320   

N
u

m
b

er
 o

f 
Se

m
e

st
e

rs
 

0 975 4304 6676 

1 128 320 565   1 3480 3235 3247 

2 420 493 530   2 5322 2590 716 

3 471 451 340   3 471 451 340 

4 675 448 184   4 675 448 184 

5 104 87 49   5 104 87 49 

6 174 110 43   6 174 110 43 

7 29 24 14   7 29 24 14 

8 42 26 7   8 42 26 7 

9 2 1 1   9 2 1 1 

10 4 2 1   10 4 2 1 

                      

c. Multiple-year forecasters only   d. All forecasters 

  Cumulative     Cumulative 

    
All 

Students 
Submitted 

50% 
Submitted 

75%       
All 

Students 
Submitted 

50% 
Submitted 

75% 

N
u

m
b

er
 o

f 
Se

m
e

st
e

rs
 

0 2054 2054 2054   

N
u

m
b

er
 o

f 
Se

m
e

st
e

rs
 

0 11278 11278 11278 

1 2049 1962 1734   1 10303 6974 4602 

2 1921 1642 1169   2 6823 3739 1355 

3 1501 1149 639   3 1501 1149 639 

4 1030 698 299   4 1030 698 299 

5 355 250 115   5 355 250 115 

6 251 163 66   6 251 163 66 

7 77 53 23   7 77 53 23 

8 48 29 9   8 48 29 9 

9 6 3 2   9 6 3 2 

10 4 2 1   10 4 2 1 
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Table 4.17 

ANOVA test results, comparing total WxChallenge scores by semester for a) all multiple-year 

participants, b) all participants, including both single- and multiple-year participants, c) 

multiple-year participants who submitted forecasts at least 75% of a given semester, and d) both 

single- and multiple-year participants who submitted forecasts at least 75% of a given semester. 

 

    All students, regardless of percent of forecasts submitted 

      
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F statistic p value 

M
u

lt
ip

le
-

ye
ar

 

p
ar

ti
ci

p
an

ts
 

O
n

ly
 

a. Between 11816.46 9 1312.94 39.6832 0.000 

  Error 239274.6 7232 33.08553     

  Total 251091 7241       

              

A
ll 

p
ar

ti
ci

p
an

ts
 

b. Between 47364.38 9 5262.709 100.4583 0.000 

  Error 1068066 20388 52.387     

  Total 1115431 20397       

              

                

    Only students submitting forecasts 75% or greater 

  

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F statistic p value 

M
u

lt
ip

le
-

ye
ar

 

p
ar

ti
ci

p
an

ts
 

O
n

ly
 

c. Between 7239.007 9 804.3341 50.9328 0.000 

  Error 63910.49 4047 15.79207     

  Total 71149.5 4056       

              

A
ll 

p
ar

ti
ci

p
an

ts
 

d. Between 8532.554 9 948.0616 51.26906 0.000 

  Error 131310.9 7101 18.49188     

  Total 139843.4 7110       

              

 

 

and all subsequent semesters, as well as students’ second semester and all subsequent semesters.  

There are also significant differences between students’ third semester and all following 

semesters, although a few of the differences are slightly less significant than those for the first  
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Table 4.18 

Mean total scores, by ordinal semester, for both all forecasters and for those students submitting 

at least 75% of forecasts in a given semester.  Scores are all given for forecasters who 

participated only multiple years, as well as all students. 

 

  Mean Scores 

  

Multiple Year Forecasters 
Only 

All Students 

Ordinal 
Semester 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

1st 5.448 4.008 6.976 3.751 

2nd 4.529 2.406 6.119 2.445 

3rd 3.167 1.395 3.167 1.395 

4th 2.697 0.492 2.697 0.492 

5th 1.865 0.095 1.865 0.095 

6th 1.673 -0.191 1.673 -0.191 

7th 0.831 0.251 0.831 0.251 

8th 1.185 -1.198 1.185 -1.198 

9th 1.165 0.032 1.165 0.032 

10th 1.135 -0.380 1.135 -0.380 

 

and second semesters, and for all but one of the differences between students fourth semester and 

all semesters thereafter (the fourth and tenth semester, which is likely due to the small sample 

size of students who forecasted ten semesters).  After the fourth semester, the only significant 

differences are found between student’s fifth and seventh semester and sixth and seventh 

semester.  This could indicate that the skill of forecasters generally becomes more level after 

significant improvement for the first 4 to 5 semesters of experience in the WxChallenge. 

 Table 4.20 shows that the t-test results for multiple-year forecasters who submitted 

forecasts at least 75% of the time are similar to those for multiple-year forecasters who submitted 

any forecasts.  There are highly significant differences between students’ first, second, and third 

semesters and any subsequent semester, with the exception of students’ third and seventh 

semesters, which is just barely insignificant at the 0.05 level with a p value of 0.051.  Beyond 
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Table 4.19 

T-test results for the comparison of total score means between each combination of ordinal 

semester, for all students who only forecasted multiple years.  The t statistic, combined degrees 

of freedom, and p values are presented.  P values less than 0.05 (but greater than 0.01), 

indicating significant differences at the 0.05 level, are outlined and in italics, while those less 

than 0.01 are in bold and double outlined, indicating significant differences with a confidence 

level of 99% or higher. 

T Statistic 

 1st Sem 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   4.40 12.94 12.84 15.19 13.87 13.87 7.84 4.87 4.22 

2nd Sem.     6.86 7.86 10.53 9.95 10.71 6.06 3.81 3.31 

3rd Sem.       2.30 5.73 5.65 7.15 3.67 2.28 1.99 

4th Sem.         3.23 3.51 5.35 2.73 1.73 1.52 

5th Sem.           0.62 2.85 1.21 0.79 0.71 

6th Sem.             2.18 0.84 0.56 0.52 

7th Sem.               -0.58 -0.36 -0.29 

8th Sem.                 0.02 0.04 

9th Sem.                   0.02 

10th Sem.                     

           
Degrees of Freedom 

 1st Sem 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   3968 3548 3077 2402 2298 2124 2095 2053 2051 

2nd Sem.     3420 2949 2274 2170 1996 1967 1925 1923 

3rd Sem.       2529 1854 1750 1576 1547 1505 1503 

4th Sem.         1383 1279 1105 1076 1034 1032 

5th Sem.           604 430 401 359 357 

6th Sem.             326 297 255 253 

7th Sem.               123 81 79 

8th Sem.                 52 50 

9th Sem.                   8 

10th Sem.                     

           
p values 

 1st Sem 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

3rd Sem.       0.011 0.000 0.000 0.000 0.000 0.011 0.023 

4th Sem.          0.001 0.000 0.000 0.003 0.042  0.064 

5th Sem.            0.268   0.002 0.114   0.215   0.239 

6th Sem.               0.015   0.201   0.288   0.302 

7th Sem.                 0.281   0.360   0.386 

8th Sem.                   0.492   0.484 

9th Sem.                     0.492 

10th Sem.                     
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Table 4.20 

T-test results for the comparison of total score means between each combination of ordinal 

semester, for students who only forecasted multiple years and submitted forecasts at least 75% of 

the semester.  The t statistic, combined degrees of freedom, and p values are presented.  P values 

less than 0.05 (but greater than 0.01), indicating significant differences at the 0.05 level, are 

outlined and in italics, while those less than 0.01 are in bold and double outlined, indicating 

significant differences with a confidence level of 99% or higher.  No test results are available for 

comparison to the 10th semester because only one forecaster submitted forecasts 75% of the time 

for ten semesters. 

 

T Statistic 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   10.19 15.65 17.90 15.67 12.42 5.41 9.94 12.05 - 

2nd Sem.     6.04 9.72 9.24 7.68 3.10 6.88 7.19 - 

3rd Sem.       4.41 5.07 4.63 1.64 4.92 4.07 - 

4th Sem.         1.44 1.90 0.34 3.15 1.31 - 

5th Sem.           0.73 -0.22 2.31 0.16 - 

6th Sem.             -0.58 1.67 -0.50 - 

7th Sem.               1.69 0.29 - 

8th Sem.                 -2.05 - 

9th Sem.                   - 

10th Sem.                     

           
Degrees of Freedom 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   2901 2371 2031 1847 1798 1755 1741 1734 1733 

2nd Sem.     1806 1466 1282 1233 1190 1176 1169 1168 

3rd Sem.       936 752 703 660 646 639 638 

4th Sem.         412 363 320 306 299 298 

5th Sem.           179 136 122 115 114 

6th Sem.             87 73 66 65 

7th Sem.               30 23 22 

8th Sem.                 9 8 

9th Sem.                   1 

10th Sem.                     

           
p values 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.001 0.000 0.000   

3rd Sem.        0.000 0.000 0.000 0.051 0.000 0.000   

4th Sem.           0.075   0.029   0.367   0.001  0.096  

5th Sem.             0.233   0.413   0.011   0.437  

6th Sem.               0.282   0.050   0.309  
7th Sem.                 0.051   0.387  
8th Sem.                   0.035  
9th Sem.                    
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Table 4.21 

T-test results for the comparison of total score means between each combination of ordinal 

semester, for all students who submitted both any forecast (top) and for at least 75% of a 

semester (bottom).  Only test results with comparisons involving the first and second semester 

are presented; all subsequent semesters are identical to those in Tables 4.19 and 4.20 as these 

groups only add single-year forecasters for the first and second semesters.  The t statistic, 

combined degrees of freedom, and p values are presented.  All p values are less than 0.01 and 

thus indicate significant differences with a confidence level of 99% or higher.  For 75% forecast 

participation, no test results are available for comparison to the 10th semester because only one 

forecaster submitted forecasts 75% of the time for ten semesters. 

 

Any forecast participation        
       

T Statistic 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   7.22 27.44 23.17 24.42 21.25 19.53 10.86 6.66 5.75 

2nd Sem.     20.00 17.88 19.77 17.47 16.60 9.22 5.67 4.90 

           
Degrees of Freedom 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   17124 11802 11331 10656 10552 10378 10349 10307 10305 

2nd Sem.     8322 7851 7176 7072 6898 6869 6827 6825 

           
p values 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

2nd Sem.       0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

           

75% forecast participation        
       

T Statistic 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   10.11 16.54 18.50 15.62 12.07 5.08 9.59 11.68 - 

2nd Sem.     6.32 9.98 9.43 7.81 3.16 6.96 7.32 - 

           
Degrees of Freedom 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   5955 5239 4899 4715 4666 4623 4609 4602 4601 

2nd Sem.     1992 1652 1468 1419 1376 1362 1355 1354 

           
p values 

 1st Sem. 2nd Sem. 3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 10th Sem. 

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.       0.000 0.000 0.000 0.000 0.001 0.000 0.000   
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this, there are some significant differences between the fourth and sixth, fourth and eighth, fifth 

and eighth, and sixth and eighth semesters, but for the most part the differences aren’t significant 

beyond the third semester.  There is actually another significant difference – between the eighth 

and ninth semesters – but in this case the ninth semester has a worse average score than the 

eighth.  This average score for the ninth semester, however, is also based on a sample size of 

only two forecasters who submitted forecasts at least 75% of the time for at least nine semesters. 

 Including students for the first two semesters who forecasted only a single year, as shown 

in Table 4.21, shows similar results, as every p value from tests between students’ first and 

second semesters and subsequent semesters is essentially zero.  As Table 4.18 indicates, the 

mean total scores are higher for the first two semesters when including all single-year forecasters 

in addition to multiple-year forecasters, although they are comparable when considering only 

those who forecasted at least 75% of the time.  This may be indicative of many students who 

participate only one semester or year, and had lower participation rates during that time; this 

could be due to poor performance when they did forecast, or lack of interest.  Figure 4.1 shows a 

plot of the mean scores by semester as listed in Table 4.18.  This graph clearly illustrates these 

high scores for the first two semesters for all forecasters, regardless of the number of years they 

forecasted, as well as the large improvement in scores through approximately the fourth or fifth 

semesters, followed by more consistent scores. 

 A brief note is made here concerning the significance of differences between scores as it 

pertains to the respectably large sample sizes.  While the numbers of forecasters involved in 

these tests and many others presented in these results help to increase their significance, 

decreasing standard deviations in scores with experience and class level also play a large role in 

increasing confidence of score differences.  When considering ordinal semesters, for example,  
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Figure 4.1. Mean total normalized scores by ordinal semester for forecasters who participated 

for multiple years.  Scores are also shown for both all students and those who submitted 

forecasts at least 75% of the semester. 

 

while mean scores decrease (improve) from nearly +5.5 for the first semester to approximately 

+1 for the sixth through tenth semesters, the standard deviation of scores falls from 6-7 for the 

first two semesters to about 2 for the ninth and tenth semesters.  Figure 4.2 illustrates this drop in 

score variation; for example, a student with a score two standard deviations worse than the mean 

for the ninth and tenth semesters (+ 5.42 and +5.19, respectively) will have a better score than a 

mean score for the first semester (+5.45).  This decrease in score variability was seen 

consistently with most tests. 
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Figure 4.2. Mean total normalized scores, with values one and two standard deviations above 

and below the means, by ordinal semester for forecasters who participated for multiple years.  

This illustrates the decrease in standard deviation of scores as ordinal semester increases, 

indicating students with more experience forecasting more consistently with each other. 

 

4.3.2.2. Comparing ordinal semesters by element 

 When examined by element, ANOVA tests are similar to the corresponding tests for total 

scores, revealing that there are significant differences between at least one combination of 

ordinal semesters for every group of forecasters for every element.  Thus, T tests were run for 

each of these groups, as in section 4.3.2.1, for each element.  Mean scores are presented in Table 

4.22 and results of the T tests are given in Table 4.23. 
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Table 4.22 

Mean high temperature, low temperature, wind speed and precipitation scores for each of the 

four groups of forecasters, by ordinal semester, as in Table 4.18. 

 

High 
Temperature 

Mean Scores 

Multiple Year 
Forecasters Only 

All Students 

Ordinal Semester 
All 

Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

1st 3.689 2.908 4.456 2.766 

2nd 3.146 2.040 3.725 2.008 

3rd 2.596 1.649 2.596 1.649 

4th 2.205 1.009 2.205 1.009 

5th 2.138 1.190 2.138 1.190 

6th 1.689 0.542 1.689 0.542 

7th 1.413 1.581 1.413 1.581 

8th 1.536 -0.531 1.536 -0.531 

9th 1.473 -0.621 1.473 -0.621 

10th 2.008 0.176 2.008 0.176 

 
    

Low 
Temperature 

Mean Scores 

Multiple Year 
Forecasters Only 

All Students 

Ordinal Semester 
All 

Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

1st 4.073 3.176 5.153 3.108 

2nd 3.839 2.343 4.737 2.387 

3rd 2.825 1.590 2.825 1.590 

4th 2.657 1.161 2.657 1.161 

5th 1.896 0.733 1.896 0.733 

6th 2.218 0.706 2.218 0.706 

7th 1.535 0.793 1.535 0.793 

8th 1.749 0.556 1.749 0.556 

9th 1.213 0.390 1.213 0.390 

10th 0.759 0.742 0.759 0.742 
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Table 4.22 (continued) 

 

Wind Speed 

Mean Scores 

Multiple Year 
Forecasters Only 

All Students 

Ordinal Semester 
All 

Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

1st 5.007 3.757 6.145 3.560 

2nd 4.024 2.187 5.229 2.156 

3rd 2.833 1.166 2.833 1.166 

4th 1.921 0.123 1.921 0.123 

5th 1.436 -0.461 1.436 -0.461 

6th 0.858 -0.439 0.858 -0.439 

7th 0.019 -1.038 0.019 -1.038 

8th 0.764 -1.096 0.764 -1.096 

9th -0.078 0.764 -0.078 0.764 

10th 1.161 -1.404 1.161 -1.404 

 
    

Precipitation 

Mean Scores 

Multiple Year 
Forecasters Only 

All Students 

Ordinal Semester 
All 

Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

1st 1.354 0.652 2.375 0.506 

2nd 0.938 0.019 1.941 0.113 

3rd 0.277 -0.233 0.277 -0.233 

4th 0.399 -0.344 0.399 -0.344 

5th -0.038 -0.500 -0.038 -0.500 

6th -0.198 -0.496 -0.198 -0.496 

7th -0.491 -0.540 -0.491 -0.540 

8th -0.178 -0.564 -0.178 -0.564 

9th 0.293 -0.116 0.293 -0.116 

10th -0.310 -0.611 -0.310 -0.611 
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Table 4.23 

Results of t-tests for the comparison of mean scores between each combination of ordinal 

semester, for each group of forecasters.  Only p values are given and are formatted as in Tables 

4.19 to 4.21, with the exception of underlined values, which indicate that the later ordinal 

semester in the given combination has a higher (less skillful) mean score than the earlier ordinal 

semester. 
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem. 

  

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.009 0.064   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000   0.038 0.152   

3rd Sem.        0.013 0.006 0.000 0.000 0.007 0.115 0.298   

4th Sem.           0.382   0.017   0.001 0.068   0.218 0.429   

5th Sem.             0.036   0.004 0.092   0.242 0.452   

6th Sem.               0.169   0.371   0.409  0.386   

7th Sem.                 0.398   0.476  0.299   

8th Sem.                   0.476  0.345   

9th Sem.                    0.360   

10th Sem.                       

                        

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem.   

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.013   

2nd Sem.      0.000  0.000 0.000 0.000 0.000 0.000 0.008 0.061   
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.008 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.203 0.000 0.000    

3rd Sem.        0.000 0.009 0.000 0.452 0.000 0.001    

4th Sem.           0.192  0.043  0.154  0.000 0.011    

5th Sem.             0.016  0.249  0.000 0.007    

6th Sem.              0.044  0.007 0.062    

7th Sem.                0.002 0.011    

8th Sem.                   0.457    
9th Sem.                      

                        

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.    

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.016 0.000 0.000    

2nd Sem.      0.001 0.000 0.000 0.000  0.221 0.000 0.000    
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Table 4.23 (continued) 
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem. 

  

1st Sem.   0.081 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.     0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

3rd Sem.        0.159 0.000 0.007 0.000 0.012  0.009 0.000   

4th Sem.           0.000 0.051  0.000 0.032 0.018   0.001   

5th Sem.             0.117  0.117  0.382  0.161   0.291   

6th Sem.              0.025  0.184  0.078   0.010   

7th Sem.                0.345  0.327   0.113   

8th Sem.                  0.256   0.095   

9th Sem.                     0.312   

10th Sem.                       

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem.   

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.002 0.000 0.000    

3rd Sem.        0.002 0.000 0.000 0.067 0.002 0.000    

4th Sem.          0.018   0.027  0.245  0.053  0.007    

5th Sem.             0.460  0.456  0.327  0.153    
6th Sem.              0.437  0.356  0.188    
7th Sem.                0.353  0.252    
8th Sem.                  0.364    
9th Sem.                      

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.001 0.000 0.000    
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Table 4.23 (continued) 
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem. 

  

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.004   

3rd Sem.        0.000 0.000 0.000 0.000 0.000 0.000 0.062   

4th Sem.           0.037 0.000 0.000 0.006 0.001 0.242   

5th Sem.             0.051  0.001 0.086  0.008 0.401   

6th Sem.              0.033  0.429  0.074   0.394   

7th Sem.                0.098  0.445   0.160   

8th Sem.                  0.128   0.368   

9th Sem.                     0.171   

10th Sem.                       

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem.   

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000   
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.058    

3rd Sem.        0.000 0.000 0.000 0.000 0.000 0.330    

4th Sem.          0.019  0.081  0.036 0.000 0.242    

5th Sem.            0.480  0.190  0.043  0.093    
6th Sem.              0.202  0.081   0.110    
7th Sem.                0.464   0.056    
8th Sem.                   0.041    
9th Sem.                      

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001    

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.063    
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Table 4.23 (continued) 
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem. 

  

1st Sem.   0.006 0.000 0.000 0.000 0.000 0.000 0.000 0.056 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.169 0.000   

3rd Sem.        0.159  0.078 0.000 0.000 0.061   0.492  0.000   

4th Sem.          0.028   0.000 0.000 0.026  0.436  0.000   

5th Sem.             0.242  0.030  0.345   0.316  0.125   

6th Sem.              0.029  0.472   0.230  0.224   

7th Sem.                0.155   0.123  0.142   

8th Sem.                   0.256  0.335   

9th Sem.                    0.197   

10th Sem.                       

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem. 
10th 
Sem.   

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.000   

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.000 0.007 0.000   
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1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.017  0.212    

3rd Sem.        0.082   0.006 0.016  0.036  0.115   0.245    

4th Sem.           0.081   0.115  0.130  0.215   0.096    
5th Sem.             0.488  0.417  0.413   0.021    
6th Sem.              0.413  0.409   0.029    
7th Sem.                0.468   0.039    
8th Sem.                   0.095    
9th Sem.                      

              

A
ll 

  
1st 

Sem. 
2nd 
Sem. 

3rd Sem. 4th Sem. 5th Sem. 6th Sem. 7th Sem. 8th Sem. 9th Sem.     

1st Sem.   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000    

2nd Sem.      0.000 0.000 0.000 0.000 0.000 0.007 0.090    

                        

 

 

 Inspection of Table 4.23 reveals that there are generally significant to highly significant 

differences across all forecast elements between the means of students’ first and second 

semesters and all subsequent semesters, as there were for total scores.  In addition, the high 
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temperature element exhibits significant differences for all forecasters between their third 

through fifth semesters through the seventh or eighth semesters, with no significant differences 

thereafter – unless only those forecasters with a 75%+ forecasting rate are considered, in which 

case there are more significant improvements seen, particularly with the eighth and ninth 

semesters.  Low temperatures show significant to highly significant differences between the third 

and fourth semesters and all subsequent semesters in addition to the first two semesters, with 

little significance thereafter.  This suggests that forecasters significantly improve their low 

temperature forecasting through about their fourth semester, with no noteworthy change in 

forecast skill after that. 

 For wind speed forecasts, significance is generally seen between every semester through 

the fourth semester and all semesters afterward, as with low temperatures, with a few other 

significant differences from the fifth and sixth semesters to later semesters.  Precipitation 

forecasts show less statistically significant improvement after the first two semesters, especially 

when considering only students who forecasted at least 75% of a given semester, and in some 

cases there is significant decline in forecast skill to the ninth semester for students with at least a 

75% participation rate.  It is noted, however, that the sample size of the number of students who 

submitted enough forecasts for nine semesters is very low. 

 Figures 4.3 and 4.4 plot the mean normalized scores for each element by ordinal semester 

for students who forecasted multiple years.  When single-year forecasters are added to the first 

two semesters, the plots change in a similar way for each element to the total scores shown in 

Figure 4.1.  As the results of the t-tests indicated, it can also be seen that the mean scores appear 

to improve most between students’ first semester and the third or fourth semester, with more 

gradual improvement from the third or fourth semester to about the sixth semester.  After the 
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sixth semester, the mean scores, and thus forecast skill level, are generally similar through the 

rest of students’ undergraduate careers. 

 
 

Figure 4.3. Mean normalized scores by ordinal semester for all forecasters who only 

participated for multiple years. 

 

 It is observed that in most cases, the mean scores for students who forecasted at least 

75% of a semester are lower than the mean scores of all students – and thus by deduction, than 

the mean scores of students who forecasted less than 75% of a semester.  The differences 

between these two groups of students (those with higher participation vs. lower participation) can 

also be tested for significant differences, but given that many students in the latter group will 

have fairly low numbers of submitted forecasts, and likely may have lower participation because  
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Figure 4.4. Mean normalized scores by ordinal semester for forecasters who only participated 

for multiple years and forecasted at least 75% of the time during a given semester. 

 

they were not doing well for a short time and thus stopped forecasting, their low participation 

and less skillful scores may not be mutually exclusive and any such tests are beyond the scope of 

this research. 

4.3.2.2.1. Individual element scores by ordinal semester 

 Another interesting observation from these data is that the normalized mean scores for 

precipitation begin much lower (much more skillful) in the first few semesters of students’ 

participation than scores for any other element.  T-tests, not shown, indicate that precipitation 

scores are significantly better than scores from every other element through the eighth ordinal 
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semester, other than from wind forecasts for semester seven, when all multiple-year students are 

included.  They are also significantly better than scores for every other element through the 

fourth ordinal semester when consideration is given only to students who forecasted at least 75% 

of the time, and significantly better than both high and low temperatures through the seventh 

ordinal semester. 

 In fact, while normalized scores for students’ first normalized semester begin between 3.7 

and 5.0 for every other element for all multiple-year students (2.9 and 3.8 for the higher-

threshold of forecaster participation), precipitation normalized scores for the first semester begin 

at 1.35 and 0.65, respectively, falling under a zero normalized score by the 5th and 3rd semesters, 

respectively.  High temperature scores only fall below zero for the 8th and 9th semesters with the 

higher-threshold participation students, while wind speed scores fall below zero beginning with 

the 5th semester for the higher-threshold participation students (dipping just slightly below zero 

in the 9th semester for all multiple-year students).  Low temperature scores never fall below zero.  

A normalized score of zero indicates a mean score that is equal to the national consensus score, 

which includes scores from all categories, including graduate students, faculty and alumni in 

addition to undergraduates.  Therefore, by the third semester of participation, undergraduates 

forecasting on a regular basis have already been consistently performing better than the national 

consensus for precipitation forecasting, on average, while their scores for the other elements, 

notably for temperatures, lag behind. 

 As a result, there is a much higher disparity between precipitation scores and scores for 

the other elements in the first few semesters of students’ experience in the WxChallenge, and 

improvement through their undergraduate careers is not nearly as marked as for the other 

elements (particularly wind speed), with leveling forecast skill occurring earlier.  This was seen 
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in the t-test results presented earlier as well; there was not as much significant improvement after 

the first two semesters as for the other three elements.  This suggests that precipitation is likely 

the most difficult element to forecast, regardless of experience or education, although students do 

still improve precipitation forecasting early in their experience.  This is consistent with the 

findings of Bond and Mass (2009) that many students begin forecasting with nearly the same 

skill as more experienced forecasters due to the inability of human forecasters to improve much 

upon model precipitation forecasts, and with those of Roebber and Bosart (1996) that forecasters 

with more experience are not able to maintain as large as an advantage as they can for 

temperature forecasting because of the inherent complexity of precipitation forecasting. 

 The more rapid improvement in scores for wind speed than that for temperatures likely 

indicates that while forecasters with no experience struggle with forecasting winds, experience 

plays a bigger part in improving wind forecasting skill than in improving temperature 

forecasting, with mean temperature scores remaining above the national consensus for all ordinal 

semesters.  It follows that for mean temperature skill scores to fall below the national consensus, 

additional meteorological education above the undergraduate level, in addition to experience, 

may be necessary. 

4.3.3. Comparing individual ordinal forecasts 

 As stated previously in Chapter 2, Bond and Mass (2009), Suess et al. (2013), and Yarger 

et al. (2000) found that students in local forecasting contests greatly improved their forecast skill 

within a 6- to 25-day developing period, after which their skill leveled or their improvement was 

much slower.  Roebber and Bosart (1996) found a developing period of 65 to 110 forecasts with 

improving skill for inexperienced forecasters, and 30 to 65 forecasts for more experienced 

forecasters.  Individual ordinal forecasts were examined from the first eleven seasons of the 
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WxChallenge to determine any periods of improvement and how they compare to previous 

research. 

 The number of individual forecasts submitted by students who forecasted multiple years 

ranged from 0 to 443 during their undergraduate career (depending on the semester, there were 

between 40 and 56 forecast days per semester, and the maximum number of forecasts a ten-

semester participant could have submitted is 476 between Seasons 6 and 10).  These students 

have more forecasts to analyze beyond a single year.  Figure 4.5 plots the mean total scores by 

individual ordinal forecast for forecast numbers 1 to 273. 

 

Figure 4.5. Mean total scores for each ordinal forecast number for multiple-year forecasters.  

The bold line indicates a 9-forecast average, centered on each forecast number.  The dotted line 

indicates the number of forecasters who submitted the specified number of forecasts.  Mean 

scores for only the first 273 ordinal forecasts are shown; beyond this, less than 50 forecasters 

yielded highly variable ordinal forecast means. 
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 Figure 4.5 illustrates that there is a rapid drop in the number of forecasters after about 30 

forecasts.  In fact, 97% of forecasters submit at least 25 forecasts, while only 17% submit at least 

165 forecasts, such that 80% of all multiple-year undergraduate forecasters submit between 25 

and 165 forecasts.  Because the means of individual ordinal forecasts are variable, particularly 

when fewer than 70 forecasters are involved (after around the 250th forecast), a 9-day average 

score was generated, which is an average of a particular forecast number, plus the four forecasts 

before and after that forecast (the first and last four forecasts use only 5-8 forecasts instead of 9 

for the mean).  The 9-day period was chosen because this is a period roughly equivalent to the 

average length of a single city’s forecast period in the WxChallenge with tournament cities 

factored in.  It is observed that the mean score generally decreases from an initial value around 

+5 with increasing forecast number through about the 250th forecast, after which it becomes 

much more variable, although its median is more stable just above a normalized score of zero. 

 However, this cannot be evaluated solely for improvement of forecasters through 

increased experience, because much of the decrease in scores through the first 250 forecasts is 

likely to be an effect of lower numbers of forecasters; those students who submitted less skillful 

forecasts tend to have less interest in the contest or in forecasting, either initially or through loss 

of interest, and thus are also much less likely to continue to submit forecasts.  In order to lessen 

this effect, mean scores for only the longest-forecasting students were examined by forecast 

number, thus allowing the means for each forecast to be based on the same set of students.  

Figure 4.6 plots 9-day running averages of the forecast means for the 30- and 50-longest 

forecasting students of the 2049 who forecasted multiple years.  These students submitted at least 

298 and 272 forecasts, respectively.  Graphs were also constructed for the 100-, 300-, 500-, and 
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1000-longest forecasting students, with each showing a very similar pattern, albeit scores were 

generally just a little higher each time more students were included. 

 

Figure 4.6. Mean total scores for each ordinal forecast number for the longest-forecasting 

multiple-year students.  The bold black and grey lines indicates 9-day moving averages for the 

30 and 50 longest-forecasting students, respectively, while the dotted line indicates the 9-day 

moving average for all students.  Light grey lines indicate individual forecast means, which are 

too variable forecast-to-forecast for effective display.  The plot only covers 298 forecasts, as less 

than 30 students submitted more. 

 

 Figure 4.6 reveals a broad improvement in forecast skill (normalized scores decreasing) 

from each student’s first forecast (normalized scores around +3 to +4) until approximately the 

130th forecast (normalized scores around 0), with virtually no improvement thereafter.  This 

result is mostly consistent with the findings from Roebber and Bosart (1996) of a 65- to 110-day 
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development period for inexperienced forecasters (as most undergraduate students are when they 

first begin the contest), although it is a little longer than that period.  With 92 days currently in a 

forecast year of the WxChallenge, an average student who forecasts every day of a year in the 

contest for the first time may thus be expected to reach a plateau in forecast skill around the end 

of this first year or beginning of their second year. 

 Single-year forecasters exhibited a similar pattern (Figure 4.7).  However, much of the 

improvement in skill is again likely due to less skillful forecasters losing interest in submitting 

forecasts.  In fact, the most rapid periods of improvement in skill in Figure 4.7 appear to 

correspond to the periods of steepest decline in numbers of forecasters.  Single-year forecasters 

also have more limited experience in the WxChallenge and most do not submit enough forecasts 

to realize full improvement.  Many may have less interest in the contest to have a desire to 

participate more than a semester or a year.  50.3% (4641 of 9224) of all single-year forecasters 

submitted 36 or fewer forecasts in the contest and 75.2% (6941 students) submitted 60 or fewer 

forecasts.  Figure 4.8 shows the forecast skill by ordinal forecast number for all undergraduate 

forecasters. 

4.3.3.1. Comparing individual ordinal forecasts by element 

 Figure 4.9 shows the mean nine-forecast normalized score for all multiple-year 

forecasters, for each element and total scores.  The same general pattern found in the total 

forecast scores is seen with the individual elements: improvement through the first 250 to 270 

forecasts with much more variability and no trend in improvement thereafter.  Figure 4.9 is 

limited to only the first 273 ordinal forecasts, before this large variability commences due to the 

participation of fewer than 50 forecasters.  Of course, the same concern with less skillful  
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Figure 4.7. As in Figure 4.5, but for single-year forecasters only. 

 
 

Figure 4.8. As in Figure 4.5, but for both single- and multiple-year forecasters through the 273rd 

ordinal forecast (50 forecasters). 
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Figure 4.9. Mean total scores for each ordinal forecast number for all forecast elements, in 

addition to the total score.  Values plotted are the 9-forecast averages; individual forecast means 

are too variable for effective display.  Scores are only plotted for the first 273 ordinal forecasts; 

after this point, fewer than 50 forecasters result in highly variable mean ordinal forecast scores. 

 

forecasters submitting fewer forecasts due to loss of interest manifests itself in each element’s 

mean scores as well.  Therefore, Figure 4.10 plots the mean scores for each ordinal forecast for 

the 30 and 50 longest-forecasting students, as in Figure 4.5. 
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Figure 4.10. Mean total scores for each ordinal forecast number for the longest-forecasting 

multiple-year students, as in Figure 4.5, but for each individual forecast element: a) high 

temperature, b) low temperature, c) maximum wind speed, and d) precipitation.  Note that the 

vertical axes are consistent for each plot. 

 

 

 Examination of Figures 4.9 and 4.10 reveals some patterns also seen when elemental 

scores for ordinal semesters and total scores for ordinal forecasts were analyzed.  Normalized 

precipitation scores, even on a forecast-by-forecast basis, begin much better for new and 

inexperienced forecasters than the scores for other elements, again reflecting the difficulty of 

experienced forecasters to gain large advantages with forecasting precipitation.  These 
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precipitation scores also don’t improve as quickly over time as scores from the other elements, 

although they do still improve, and those undergraduate students that forecast the longest 

consistently perform better than the national consensus, on average, after only about 75 forecasts.  

Even the mean for all forecasters drops below the national consensus as early as the 120th 

forecast. 

 Wind speed shows a quicker improvement than the other three elements, from the worst 

elemental score initially to mean scores slightly better than national consensus, similar to 

precipitation scores, after a couple hundred forecasts.  Even the longest-forecasting students 

exhibit this largest improvement from their initial forecasts as they likely become accustomed to 

model biases in wind forecasting and the specific rules of the WxChallenge, which uses the 

maximum reported sustained wind speed for the entire 24-hour period, which can vary greatly 

from model forecasts for hourly or 3-hourly wind speeds. 

 Temperature scores, on the other hand, begin with somewhat lower scores for students’ 

initial forecasts than wind speed scores, but do not improve as much, with normalized scores 

remaining above zero (the national consensus) regardless of the ordinal forecast number.  Like it 

did for ordinal semesters, this indicates that temperature forecasting is where more experienced 

and more educated forecasters gain most of their advantage. 

 For the longest-forecasting students, the initial period of improvement for temperature 

forecasting appears to be similar to that for total scores, with improvement seen for about the 

first 120 forecasts for both high and low temperatures.  The improvement periods for wind speed 

and precipitation are somewhat longer, about 180 forecasts for wind speed and 160 forecasts for 

precipitation for the longest-forecasting students.  After these thresholds, forecast skill plateaus 

(though remains variable to an extent) for each element. 
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4.3.4. Evaluating forecasters through time: Matched paired tests 

 Another valuable method to assess the effect of experience on forecast skill is to examine 

the scores of each individual forecaster for different periods of time.  This was done using series 

of matched paired t-tests, to analyze whether the mean differences between scores across two 

periods of time were significantly different than zero. 

4.3.4.1. Comparing first and last semesters, independent of the number of semesters 

 The first set of matched paired tests compared the first and last semesters of each 

forecaster, regardless of the number of semesters each student forecasted.  To do this, only scores 

of the first and last semester for each student were examined, with the difference between the 

two scores calculated for each student.  The mean of these differences was then tested to 

determine whether it was significantly different from zero. 

 When only multiple-year participants were analyzed, the mean difference in normalized 

score between students’ first and last semesters was -1.423, or an improvement in forecast skill 

of 0.142 standard deviations of all forecasts.  The standard deviation of the differences was 

5.791, resulting in a standard error of 0.132 for the 1921 forecasters who forecasted both 

multiple years and at least two semesters.  This resulted in a t statistic of -10.769 and a p value of 

near zero, indicating that the mean difference between students’ first and last semesters is 

significantly different (in this case better) than zero, so students who forecast multiple years 

improve during their time in the WxChallenge.  When only the 1170 students who forecasted at 

least 75% of two unique semesters are considered, the mean difference is a bit lower, at -1.354.  

However, due to a lower variance in the differences, the t statistic is -13.562, with the differences 

even more significantly changed from zero. 

 There were 4902 single-year participants (of 9225 total) who participated more than one 
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semester; in other words, in both the fall and spring semesters of the one year they were 

registered.  This means they submitted at least one forecast for each semester.  The mean 

difference in scores between these forecasters’ first and last (second) semesters was 0.618, which 

is a decline in forecast skill.  With a high variability (standard deviation 5.796), this leads to a t 

statistic of 7.469 and a p-value essentially zero.  Thus, rather interestingly, when examining 

single-year students only, they do significantly worse in their second semester than in their first 

using the matched-paired test.  However, it is noted that a vast majority of these students did not 

have significant interest (or time) in the contest to submit a high percentage of forecasts, and 

many likely stopped forecasting because of less available time or forgetfulness to submit 

forecasts, worsening scores, or decreased interest (the latter two which could be a cause of each 

other).  This has seemed much more likely to happen with the single-year forecasters, which is 

also undoubtedly why many forecast only one year and are much more likely to only be 

forecasting as required to for a course. 

 Therefore, evaluating single-year students who only submitted forecasts for at least 75% 

of both semesters reveals an interesting observation.  Only 122 of the 4902 students who 

submitted at least one forecast for both semesters met this participation threshold.  The mean 

difference between the semesters considering only these students was -0.562, with a t statistic of 

-2.674 and p value of .004261, indicating that there is very high confidence (above 99.5%) that 

these forecasters improved their forecast skill between their first and second semesters of the 

single year in which they participated. 

4.3.4.2. Comparing first and last semesters, dependent on the number of semesters 

 The significance of skill differences between forecasters’ first and last semesters is also 

dependent on the number of semesters each student participated.  The longer the duration 
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between the two semesters, the greater the difference may be.  Therefore, the tests presented in 

the previous section were performed on each set of students depending on the number of 

semesters for which they forecasted.  The results are shown in Table 4.24. 

 For multiple-year forecasters, the difference between students’ first and last semesters is 

highly significant for students who forecasted up to eight total semesters; for those who 

forecasted more than eight, there is still an improvement, albeit with only a handful of students 

who submitted this many forecasts, the differences are not statistically significant.  When only 

those students who forecasted at least 75% of given semesters are included, the improvement 

between students’ first and last semesters are highly significant (at the 0.01 level) for those who 

forecasted up to six semesters, and significant at the 0.05 level for those who forecasted seven 

semesters.  Again, there is a meaningful improvement for the seven students who had 75%+ 

participation for eight semesters, but the small sample size results in a p value just above 0.05.  

Only one student participated above this threshold for more than eight semesters, so matched 

paired tests were unable to be conducted for nine and ten semesters.  The results of this matched 

paired test for single-year students who forecasted both semesters of their year of participation, 

as presented in Section 4.3.4.1, are also listed in Table 4.24. 

4.3.4.3. Comparing all combinations of ordinal semesters 

 In addition to looking at forecasters’ first and last semesters, the combinations of all 

ordinal semesters were examined.  This is similar to the results presented in section 4.3.2.1, but 

while those t test results compared the mean scores of all students, the results presented here are  
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Table 4.24 

Matched paired t-test results for the differences between the first and last semesters of students, 

dependent on the total number of semesters forecasted.  For all forecasters, only results for 2-

semester students are presented, as those for the other numbers of semesters are identical to 

those listed for multiple-year forecasters.  Results are presented for both all participating 

students and those forecasting at least 75% of given semesters.  P values of results significant at 

the 0.01 level are double outlined and bolded; those significant at the 0.05 level but not the 0.01 

level are bolded, italicized and have a thick single outline. 

 

Multiple-Year Forecasters, All Participation  Multiple-Year Forecasters, 75% Participation 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

2 420 -0.651 -2.345 0.010 
 

2 530 -1.046 -7.056 0.000 

3 471 -1.979 -7.107 0.000 
 

3 340 -1.587 -8.033 0.000 

4 675 -0.988 -4.584 0.000 
 

4 184 -1.340 -6.089 0.000 

5 104 -1.873 -2.979 0.002 
 

5 49 -2.360 -4.665 0.000 

6 174 -2.425 -5.611 0.000 
 

6 43 -1.587 -5.064 0.000 

7 29 -3.332 -3.300 0.001 
 

7 14 -2.624 -2.010 0.033 

8 42 -3.185 -4.695 0.000 
 

8 7 -2.256 -1.888 0.054 

9 2 -4.966 -1.311 0.207 
 

9 1 0.428     

10 4 -0.980 -0.479 0.332 
 

10 1 -5.855     

           

Single-Year Forecasters, All Participation  Single-Year Forecasters, 75% Participation 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

2 4902 0.618 7.469 0.000 
 

2 122 -0.562 -2.674 0.004 

           

All Forecasters, All Participation  All Forecasters, 75% Participation 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

 

Number 
of 

semesters 

Number of 
forecasters 

Mean 
difference 

t 
statistic 

p value 

2 5322 0.518 6.520 0.000 
 

2 652 -0.955 -7.528 0.000 

 

 

from matched paired tests examining the mean of the differences from all individual forecasters.  

These tests, therefore, required that the same student forecasted for the specified number of 
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semesters to be included, instead of simply using a mean of all students who forecasted for that 

number of semesters.  They also present different results than comparing students’ first and last 

semesters; for example, the second semester was the last semester for many students, but not the 

final semester for others who were multiple-year participants, and this longitudinal analysis 

examines both sets of participants when comparing differences between students’ first and 

second semesters. 

 The number of students participating in at least each distinct number of semesters was is 

listed in Table 4.25.  Due to the longitudinal nature of this part of the analysis, the sample size 

for all tests ending at a certain semester were the same, regardless of the starting semester.  For 

example, 355 students forecasted at least five semesters, so the sample sizes for tests involving 

differences between students’ first and fifth, second and fifth, third and fifth, and fourth and fifth 

semesters were all those same 355 students. 

 Tables 4.26 and 4.27 summarize the results of these matched paired tests involving every 

combination of ordinal semester.  For all multiple-year students, regardless of participation, the  

Table 4.25 

Number of multiple-year participants who forecasted at least each given number of semesters, 

for both the no participation threshold and the 75% participation threshold. 

 

Number of 
Semesters 

Any 
Participation 

75%+ 
Participation 

2 1921 1169 

3 1501 639 

4 1030 299 

5 355 115 

6 251 66 

7 77 23 

8 48 9 

9 6 2 

10 4 1 
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Table 4.26 

Mean differences and p values from matched paired analysis for all combinations of semesters 

and for multiple-year forecasters at all participation levels.  P values in bold and double 

outlined designate differences significant at the 0.01 level, while those in italics and single 

outlined designate differences significant at the 0.05 level, but not the 0.01 level.  Underlined p 

values reflect positive differences, where the later semester has a higher (less skillful) score than 

the earlier semester. 

 

Mean 
difference 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

1st   -0.634 -1.770 -1.374 -2.602 -2.525 -3.289 -2.980 -2.766 -0.980 

2nd     -1.142 -0.979 -1.713 -1.512 -2.034 -1.866 -3.078 -0.474 

3rd       0.301 -0.828 -0.648 -1.611 -0.926 0.166 -0.121 

4th         -0.494 -0.549 -1.429 -0.938 -0.645 -0.856 

5th           0.380 -0.283 0.042 0.603 1.640 

6th             -0.539 -0.511 0.180 0.768 

7th               0.283 -0.234 0.908 

8th                 -1.221 0.772 

9th                   0.685 

10th                     

 
  

        
p value 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 

1st   0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.057 0.328 

2nd     0.000 0.000 0.000 0.000 0.000 0.001 0.099 0.402 

3rd        0.021   0.000 0.002 0.000 0.046  0.443 0.453 

4th           0.006 0.014  0.000 0.049  0.296 0.262 

5th            0.030  0.159  0.460  0.254  0.078 

6th              0.039  0.135  0.432  0.346 

7th                0.205  0.381  0.111 

8th                  0.176  0.178 

9th                    0.243 

10th                     

 

ordinal semester pattern of significant differences is similar to that seen for the earlier t-test 

results using the simple mean of all scores.  There are highly significant differences between the 

first and second semester and all subsequent semesters up through the eighth semester, and 

significant to highly significant differences between students’ third and fourth semesters and all  
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Table 4.27 

As in Table 4.26, but for multiple-year forecasters at the 75%+ participation threshold only.  No 

tests could be run to compare to the 10th semester as only one undergraduate submitted at least 

75% of possible forecasts for ten semesters. 

Mean 
difference 

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 

1st   -1.165 -1.576 -1.665 -2.284 -1.977 -2.446 -2.232 -2.663 

2nd     -0.313 -0.665 -0.864 -0.857 -1.107 -0.917 -1.070 

3rd       -0.102 -0.449 -0.332 -0.043 -0.205 0.154 

4th         -0.099 -0.221 0.120 -0.226 -0.695 

5th           0.251 0.726 0.306 0.854 

6th             0.261 0.629 1.767 

7th               -0.064 0.348 

8th                 -0.515 

9th                   

10th                   

          
p value 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 

1st   0.000 0.000 0.000 0.000 0.000 0.005 0.039 0.240 

2nd      0.000 0.000 0.000 0.002 0.033  0.022 0.153 

3rd        0.173  0.012  0.069   0.464   0.272 0.006 

4th          0.286  0.130   0.328   0.372 0.367 

5th            0.103   0.012  0.197 0.002 

6th               0.154   0.140 0.014 

7th                 0.432 0.030 

8th                 0.305 

9th                   

10th                   

 

 

subsequent semesters through the eighth.  All these differences are improvements in scores with 

the later semester more skillful, with the exception of the significant decline in skill between the 

third and fourth semesters.  There is also a significant decline in skill seen between the fifth and 

sixth semesters, and significant improvement between the sixth and seventh.  In the ninth and 

tenth semesters, primarily, decline in forecast skill is seen, but these differences are not 
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significant. 

 Similar declines in forecast skill are, however, significant or even highly significant from 

the third, fifth, sixth and seventh semesters to the ninth semester when students meeting the 75% 

participation threshold are considered (Table 4.27).  However, only two students met this 

threshold for nine or more semesters, so the significant positive differences are a result of these 

two students both experiencing worse ninth semesters than previous scores at the same time.  

Otherwise, for the 75% threshold, significant to highly significant improvement is generally 

limited to between the first and second semesters and all subsequent semesters. 

4.3.4.4. Analyzing experience via the same forecasters through time, by element 

 The difference between students’ first and last semesters, regardless of the number of 

semesters for which they forecasted, was highly significant with p values essentially zero for all 

elements, regardless of participation.  This result is consistent with that seen using the total 

scores (Section 4.3.4.1).  Table 4.28 summarizes the results of these initial t tests. 

 When dividing all participating students by the number of semesters for which they  

 

Table 4.28 

Matched paired t-test results between the first and last semesters of multiple-year students, for 

both all participation and only those meeting the 75% participation threshold, for each forecast 

element. 

 

  All Participation 75%+ Participation 

  
Mean 

Difference 
T Statistic p value 

Mean 
Difference 

T Statistic p value 

High Temperature -0.750 -6.300 0.000 -0.598 -7.324 0.000 

Low Temperature -0.568 -4.870 0.000 -0.656 -7.651 0.000 

Wind Speed -1.754 -13.386 0.000 -1.698 -14.375 0.000 

Precipitation -0.550 -4.628 0.000 -0.469 -6.578 0.000 



E c k s t e i n  | 134 
 

Table 4.29 

Matched paired t-test results comparing first and last semesters, by number of semesters, 

forecast element, and participation threshold.  Only p-values are given.  Values significant at the 

0.01 level are in bold and double outlined; values significant at the 0.05 level but not 0.01 level 

are italicized and have a thicker single outline.  Underlined values indicate differences where the 

later semester has a less skillful score than the earlier semester. 

 

All Participation 

Number 
of 

Semesters 

High 
Temperature 

Low 
Temperature 

Wind Speed Precipitation 

2 0.006 0.496  0.228  0.000 

3 0.000 0.000 0.000 0.001 

4 0.013 0.036 0.000 0.328 

5 0.104 0.022 0.000 0.211 

6 0.000 0.021 0.000 0.006 

7 0.003 0.040 0.003 0.020 

8 0.003 0.008 0.000 0.020 

9 0.117 0.087  0.180  0.356 

10 0.373 0.242  0.243  0.165 
     

75%+ Participation 

Number 
of 

Semesters 

High 
Temperature 

Low 
Temperature 

Wind Speed Precipitation 

2 0.001 0.000 0.000 0.000 

3 0.000 0.000 0.000 0.000 

4 0.000 0.001 0.000 0.384 

5 0.037 0.000 0.000 0.041 

6 0.000 0.024  0.000  0.284 

7 0.213  0.015  0.011  0.051 

8 0.089  0.368  0.031  0.131 

 

forecasted (Table 4.29), it is generally observed that the differences between students’ first and 

last semesters are significant for all elements up through those forecasting eight semesters, with a 

few exceptions.  High temperature differences are not significant between the first and last 
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semesters for those participating five semesters, both low temperature and wind speed 

differences are not significant for those participating two semesters, and precipitation differences 

are not significant for those participating both four and five semesters.  Differences in wind 

speed scores show the most improvement, with highly significant differences for all students 

forecasting three through eight semesters, which is consistent with other results showing the 

most rapid improvement in wind speed than the other elements. 

 When only students meeting the 75% participation threshold are considered, all elements 

show significant improvement in skill scores for students forecasting two through five semesters.  

Additionally, high temperature differences are significant for those participating six semesters, 

low temperature differences are significant for those participating six and seven semesters, and 

wind speed differences are significant for those participating up through eight semesters.  Wind 

speed scores again show the most improvement of any element with precipitation showing the 

least. 

 When all combinations of ordinal semesters are analyzed for the multiple-year students 

by element, the pattern of significant differences (not shown) are very similar to those seen in 

Tables 4.23, 4.26 and 4.27.  Most elements show significant differences for both participation 

thresholds with the first and second semesters of participation as the starting semester of 

comparison.  Students meeting the 75% threshold exhibit more significant differences from the 

first semester than those with any participation, but few significant combinations exist after the 

second semester for the higher participation threshold.  For students with any participation, 

statistically significant differences exist for much of the third and fourth semester for all 

elements as well.  For both participation levels, wind speed scores show significant improvement 
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for the most number of semesters, with precipitation showing the least, consistent with other 

tests. 

4.4. Skill differences by class level 

 The third potential key influence on forecast skills was conjectured to be class level.  In 

much the same way that increased experience was expected to improve forecast skills, increased 

meteorological knowledge through advancing class levels is also hypothesized to improve skills.  

While advancing class level does not necessarily translate to more experience unless the same 

student is involved (many upperclassmen, for example, only forecast for one year or semester 

their junior or senior year), the reverse is almost necessarily true, and class level and experience 

are thus not exactly independent of each other and are often difficult to separate.  However, 

enough differentiation exists between class level and experience to analyze them individually. 

4.4.1. Keeping experience level constant (ANOVA) 

 The effects of varying class levels on forecast skill can also be tested by testing the means 

of different class levels within the same experience levels.  This assumes the same amount of 

forecast experience but different amounts of meteorological knowledge.  Although some students 

could have had forecast experience outside the WxChallenge, it is probably less likely that those 

with the same experience level in the contest had different experience levels forecasting for a 

variety of locations across the United States. 

 To test how class level influences forecast skill, given the same amount of experience in 

the WxChallenge, annual mean scores for all multiple-year forecasters were separated into the 

groups listed in Table 4.30.  Because it was not possible to determine the exact class level of 

single-year participants, those students were not included in this part of the analysis. 

 



E c k s t e i n  | 137 
 

Table 4.30 

Class levels tested for each experience level.  Differences in means were then compared among 

the different class levels listed under each level of experience. 

 

 Experience Level 
 1st year 2nd year 3rd year 

C
la

ss
 L

ev
el

 

Freshmen Sophomores Juniors 

Sophomores Juniors Seniors 

Juniors Seniors  

Seniors   

 

 ANOVA tests were then run for the difference in means between all the class levels in 

each level of experience.  For example, an ANOVA test compared the means of freshmen, 

sophomores, juniors, and seniors forecasting in the WxChallenge for their first year.  The results 

of the ANOVA tests are summarized in Table 4.31. 

 The results of these ANOVA tests show that there is extremely high confidence (with p 

values of essentially zero) that mean total scores vary by class level, given the same experience 

level, for students in their first and second years of forecasting.  For those in their third year of 

experience, seniors have a slightly higher mean score (less skillful) than juniors, but the 

difference is far from statistically significant, with a p value of 0.76.  Further analysis of t test 

scores between each combination of class levels for students in their first and second years of 

forecasting, shown in Table 4.32, reveals that the difference between every combination of class 

level, for both students’ first and second years of experience, is significant at the 0.05 level (with 

improvement in scores for every combination as class level progresses), and all but the 

difference between juniors and seniors are significant at the 0.01 level.  Thus, given similar  
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Table 4.31 

ANOVA test results for varying class levels, keeping experience level constant.  The sample sizes 

and mean total scores for each combination of class-experience level are also indicated. 

 

          ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 346 7.35  Between 2944.8 3 981.61 29.907 0.000 

Sophomores 457 5.69  Error 62460 1903 32.822   

Juniors 1017 4.47  Total 65405 1906    

Seniors 87 2.37        

2
n

d
 y

e
ar

 Sophomores 254 4.89  Between 630.53 2 315.26 15.331 0.000 

Juniors 411 4.06  Error 32183 1565 20.564   

Seniors 903 3.21  Total 32813 1567    

          

3
rd

 y
e

ar
 Juniors 106 2.14  Between 1.3113 1 1.3113 0.0971 0.756 

Seniors 229 2.27  Error 4495.3 333 13.499   

    Total 4496.6 334    

          

 

 

Table 4.32 

P-values for t-tests between each individual combination of class levels for students in their first 

and second years in the WxChallenge, for total scores. 

 

1st year in 
WxChallenge 

 
Sophomores Juniors Seniors 

Freshmen 0.000 0.000 0.000 

Sophomores  0.000 0.000 

Juniors   0.000 
    

2nd year in 
WxChallenge 

 
Juniors Seniors  

Sophomores 0.021 0.000  

Juniors  0.001  
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experience in the contest, class level appears to have an effect on mean scores for students who 

submit at least one forecast in a given year. 

 When the ANOVA tests are restricted to those students who submitted forecasts for at 

least 75% of a particular year, the p values reflect the same significance as in Table 4.8, with at 

least one significant difference apparent for students in their first two years of the contest, but no 

significant difference between juniors and seniors each in their third year despite seniors having 

a somewhat higher (less skillful) mean score than juniors.  These results are shown in Table 4.33. 

 

Table 4.33 

ANOVA test results for varying class levels, keeping experience levels constant, for students who 

forecasted at least 75% of a contest year.  The sample sizes and mean total scores for each 

combination of class-experience level are also indicated. 

 

          ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
e

ar
 Freshmen 220 5.42  Between 1093.754 3 364.5847 17.7015 0.000 

Sophomores 370 4.65  Error 33015.81 1603 20.59626   

Juniors 785 3.42  Total 34109.56 1606    

Seniors 232 2.98        

2
n

d
 y

ea
r 

Sophomores 139 3.19  Between 148.0354 2 74.01771 5.80864 0.003 

Juniors 231 2.04  Error 12258.48 962 12.7427   

Seniors 595 2.10  Total 12406.51 964    

          

3
rd

 y
ea

r 

Juniors 63 0.33  Between 10.24296 1 10.24296 1.902799 0.169 

Seniors 134 0.82  Error 1049.705 195 5.383105   

    Total 1059.948 196    

          

 

 T-tests between each combination of class level for those in their first and second years 

of participation, and for only those who forecasted at least 75% of a year, show that the mean 
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scores are significantly different at the 0.01 level for every combination except between 

freshmen and sophomores and juniors and seniors in their first year of experience, and between 

juniors and seniors in their second year of experience (Table 4.34).  Thus, for the higher 

participation threshold, there exist no significant differences, regardless of the number of years 

of participation in the contest, between juniors and seniors, and the largest difference between 

subsequent years occurs between the sophomore and juniors years of a student’s undergraduate 

career. 

 

Table 4.34 

P-values for t-tests between each individual combination of class levels for students in their first 

and second years in the WxChallenge, for total scores and for students who meet the 75% 

participation threshold for an entire year. 

 

1st year in 
WxChallenge 

 
Sophomores Juniors Seniors 

Freshmen 0.049 0.000 0.000 

Sophomores  0.000 0.000 

Juniors   0.064 
    

2nd year in 
WxChallenge 

 
Juniors Seniors  

Sophomores 0.004 0.004  

Juniors  0.404  

 

 

4.4.1.1. Keeping experience level constant (ANOVA) – By element 

 Results of the corresponding ANOVA tests for each element are shown in Tables 4.35 

through 4.38.  There is little variation between each of the elements when looking solely at the 

ANOVA tests to find any differences in means between various class levels given the same 
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experience.  For every element, and for both all participating forecasters and only those who 

forecasted at least 75% of a year, the ANOVA tests reveal a highly significant difference 

between at least one pair of class levels within students’ first year of experience.  They also 

reveal no significant differences between juniors and seniors with three years of experience, no 

matter the forecast element or participation level.  In most cases, juniors have a better skill score 

than seniors, but none of those are statistically significant at the 0.05 level.  Generally, however, 

there is a larger difference when only those who participated at least 75% of given years are 

considered. 

 Results are a bit more mixed for 2nd year participants; for high and low temperatures, 

there are significant differences for at least one pair of class levels regardless of participation 

level: at the 0.01 significance level with any participation and 0.05 significance level with 75%+ 

participation.  For wind speed forecasts, ANOVA tests reveal highly significant differences for 

both participation thresholds, and for precipitation, students who submitted any number of 

forecasts show a difference significant at the 0.05 level, while those who met the higher 

submission threshold do not show a significant difference between class levels. 

 Additional t tests reveal that varying class levels makes a significant difference in skill 

scores for all elements, and for all combinations of class levels, in students’ first year in the 

WxChallenge.  When only those students who forecasted at least 75% of a year are considered  
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Table 4.35 

ANOVA test results, using high temperature scores for varying class levels and keeping 

experience levels constant, for both a) all forecasters and b) those who forecasted at least 75% 

of a contest year.  Mean scores for each combination of class-experience level are also 

indicated. 

 

 a.         ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 346 4.57   Between 812 3 270.7 17.654 0.000 

Sophomores 457 3.88   Error 29182 1903 15.3     

 Juniors  1017  3.15   Total 29994 1906       

 Seniors  87  1.89               

2
n

d
 y

e
ar

 Sophomores 254 3.44   Between 161 2 80.5 9.405 0.000 

Juniors 411 2.90   Error 13399 1565 8.6     

Seniors 903 2.56   Total 13560 1567       

                    

3
rd

 y
e

ar
 Juniors 106 2.30   Between 0.04 1 0.04 0.006 0.938 

Seniors 229 2.27   Error 2371 333 7.1     

     Total 2371 334       

                 

 

 b.        ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 220 3.42   Between 233 3 77.5 9.113 0.000 

Sophomores 370 3.28   Error 13638 1603 8.5     

 Juniors  785 2.53   Total 13870 1606       

 Seniors  232 2.60               

2
n

d
 y

ea
r 

Sophomores 139 2.65   Between 45 2 22.5 4.211 0.015 

Juniors 231 2.05   Error 5133 962 5.3     

Seniors 595 2.31   Total 5178 964       

                    

3
rd

 y
ea

r 

Juniors 63 1.04   Between 9.5 1 9.5 2.992 0.085 

Seniors 134 1.51   Error 617 195 3.2     
     Total 627 196       
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Table 4.36 

ANOVA test results, using low temperature scores for varying class levels and keeping 

experience levels constant, for both a) all forecasters and b) those who forecasted at least 75% 

of a contest year.  Mean scores for each combination of class-experience level are also 

indicated. 

 

 a.         ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 346 5.04   Between 890 3 296.8 17.953 0.000 

Sophomores 457 4.34   Error 31462 1903 16.5     

 Juniors  1017  3.50   Total 32352 1906       

 Seniors  87  2.41               

2
n

d
 y

e
ar

 Sophomores 254 3.76   Between 222 2 111.2 9.916 0.000 

Juniors 411 3.42   Error 17552 1565 11.2     

Seniors 903 2.82   Total 17775 1567       

                    

3
rd

 y
e

ar
 Juniors 106 1.97   Between 6.0 1 6.0 0.643 0.423 

Seniors 229 2.26   Error 3105 333 9.3     
     Total 3111 334       
                 

 

 b.        ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 220 3.85   Between 383 3 127.7 12.550 0.000 

Sophomores 370 3.68   Error 16305 1603 10.2     

 Juniors  785 2.81   Total 16688 1606       

 Seniors  232 2.55               

2
n

d
 y

ea
r 

Sophomores 139 2.64   Between 47 2 23.3 3.326 0.036 

Juniors 231 1.93   Error 6726 962 7.0     

Seniors 595 2.10   Total 6772 964       

                    

3
rd

 y
ea

r 

Juniors 63 0.88   Between 4.9 1 4.9 1.519 0.219 

Seniors 134 1.22   Error 630 195 3.2     
     Total 635 196       
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Table 4.37 

ANOVA test results, using wind speed scores for varying class levels and keeping experience 

levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a contest 

year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 346 6.30   Between 1968 3 656.1 21.867 0.000 

Sophomores 457 5.13   Error 57101 1903 30.0     

 Juniors  1017  4.18   Total 59069 1906       

 Seniors  87  1.82               

2
n

d
 y

e
ar

 Sophomores 254 4.74   Between 717 2 358.6 14.042 0.000 

Juniors 411 3.56   Error 39964 1565 25.5     

Seniors 903 2.87   Total 40681 1567       

                    

3
rd

 y
e

ar
 Juniors 106 1.80   Between 2.0 1 2.0 0.105 0.746 

Seniors 229 1.97   Error 6453 333 19.4     
     Total 6455 334       
                 

 

 b.        ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 220 5.20   Between 1097 3 365.6 15.960 0.000 

Sophomores 370 4.20   Error 36720 1603 22.9     

 Juniors  785 3.29   Total 37817 1606       

 Seniors  232 2.40               

2
n

d
 y

ea
r 

Sophomores 139 3.15   Between 208 2 104.1 5.960 0.003 

Juniors 231 1.79   Error 16809 962 17.5     

Seniors 595 1.84   Total 17017 964       

                    

3
rd

 y
ea

r 

Juniors 63 0.07   Between 5.6 1 5.6 0.852 0.357 

Seniors 134 0.43   Error 1289 195 6.6     
    Total 1295 196       
                

 

 



E c k s t e i n  | 145 
 

Table 4.38 

ANOVA test results, using precipitation scores for varying class levels and keeping experience 

levels constant, for both a) all forecasters and b) those who forecasted at least 75% of a contest 

year.  Mean scores for each combination of class-experience level are also indicated. 

 

 a.         ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 346 2.98   Between 1198 3 399.4 20.923 0.000 

Sophomores 457 1.22   Error 36328 1903 19.1     

 Juniors  1017 0.91   Total 37527 1906       

 Seniors  87 0.43               

2
n

d
 y

e
ar

 Sophomores 254 0.72   Between 63 2 31.3 3.631 0.027 

Juniors 411 0.77   Error 13496 1565 8.6     

Seniors 903 0.35   Total 13558 1567       

                    

3
rd

 y
e

ar
 Juniors 106 0.01   Between 0.49 1 0.5 0.194 0.660 

Seniors 229 -0.07   Error 844 333 2.5     
     Total 844 334       
                 

 

 b.        ANOVA Test Results 

Experience 
Level 

Class Level 
Sample 

Size 
Mean 
Score 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F 
statistic 

p value 

1
st

 y
ea

r 

Freshmen 220 1.52   Between 240 3 80.1 12.068 0.000 

Sophomores 370 0.89   Error 10641 1603 6.61     

 Juniors  785 0.43   Total 10881 1606       

 Seniors  232 0.40               

2
n

d
 y

ea
r 

Sophomores 139 0.10   Between 6.1 2 3.0 1.947 0.143 

Juniors 231 -0.09   Error 1500 962 1.6     

Seniors 595 -0.13   Total 1506 964       

                    

3
rd

 y
ea

r 

Juniors 63 -0.47   Between 0.22 1 0.2 0.345 0.558 

Seniors 134 -0.39   Error 125 195 0.6     
     Total 125 196       
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(Table 4.39), these significant differences across all elements are relegated to the combinations 

of freshmen to juniors and seniors, and sophomores to juniors and seniors.  The differences 

between freshmen and sophomores are only significant for wind and precipitation (not for 

temperatures), while that between juniors and seniors are only significant for wind speed. 

 For students in their second year of participation, significant differences occur for all 

combinations of class levels (sophomores to juniors, sophomores to seniors, and juniors to  

 

Table 4.39 

P-values from t-tests for each experience-class combination for students in their first and second 

years in the WxChallenge, as in Table 4.34, for each forecast element.  Results from tests are 

presented from a) all forecasters, and b) those who forecasted at least 75% of a contest year.  

Values significant at the 0.05 level are in bold and italics and outlined. 

 

 High Temperature  Low Temperature  Wind  Precipitation 

a. 1st yr. So Jr Sr  So Jr Sr  So Jr Sr  So Jr Sr 

 Fr 0.020 0.000 0.000  0.018 0.000 0.000  0.003 0.000 0.000  0.000 0.000 0.000 

 So  0.001 0.000   0.000 0.000   0.001 0.000   0.043 0.003 

 Jr   0.000    0.009    0.000    0.027 

 

 
2nd yr. Jr Sr   Jr Sr   Jr Sr   Jr Sr  

 So 0.021 0.000   0.117 0.000   0.004 0.000   0.434 0.041  

 Jr  0.027    0.002    0.011    0.020  

                 

                 

b. 1st yr. So Jr Sr  So Jr Sr  So Jr Sr  So Jr Sr 

 Fr 0.313 0.000 0.002  0.300 0.000 0.000  0.017 0.000 0.000  0.020 0.000 0.000 

 So  0.000 0.002   0.000 0.000   0.002 0.000   0.004 0.011 

 Jr   0.353    0.091    0.003    0.430 

 

 
2nd yr. Jr Sr   Jr Sr   Jr Sr   Jr Sr  

 So 0.018 0.010   0.007 0.025   0.004 0.003   0.153 0.087  

 Jr  0.439    0.171    0.440    0.288  
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seniors) for all elements, with the exception of sophomores to juniors for low temperatures and 

precipitation.  When the higher threshold of student participation is considered, only the 

combinations of class levels between sophomores and juniors/seniors show significant 

differences, and only for high temperatures, low temperatures, and wind speeds.  Class levels in 

that higher participation case show no significant differences for precipitation in students’ second 

year in the contest. 

4.4.2. Regardless of experience level: comparing class/semester combinations (ANOVA) 

 Similar to the comparison of ordinal semesters when the difference in experience was 

tested without regard to class level, the differences in class levels can be tested regardless of 

experience level by comparing different class/semester combinations.  A class/semester 

combination is defined as the first or second semester for a particular class level, such as the fall 

(first) semester of a student’s freshman year, designated in this analysis as Fr-1 (the second 

semester is designated as Fr-2).  In this way, it is possible to divide the general student’s 

academic career into at least eight semesters instead of just four years, and additional semesters 

are added for freshman/sophomores, juniors with sophomore status, juniors/seniors, and second 

year seniors (as listed in Table 4.2). 

 This results in 16 different class/semester combinations for comparison.  Using these 

permutations, students in the same class level and semester were regarded similarly, despite their 

potential differences in length of experience forecasting in the contest.  The numbers of students 

with scores submitted for each class/semester combination are listed in Table 4.40.  Single-year 

participants were not included in this part of the analysis, as their exact class level was not able 

to be determined.  Although multiple-year students in the two indistinguishable classes are listed 

in the table, the sample sizes are much lower than for single-year students, and comparisons to 
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and from these classes were not examined in much detail due to the ambiguity, although they are 

included in the tests. 

 ANOVA test results for the mean total scores by class/semester combination are 

presented in Table 4.41.  This table also includes results when both fall and spring semesters 

were combined into only one score, resulting in only one mean score per class level.   As this 

table indicates, the F statistics resulting from these ANOVA tests are all very high with p values 

essentially zero for all four tests.  Thus there are significant differences in the total scores 

between at least a pair of class/semester combinations (or class levels in the case of the annual 

combined scores) for at least one pair of classes.  Consequently, individual t-tests were 

conducted between each class/semester combination as well as each class level. 

 

Table 4.40 

Number of students who submitted forecasts in the WxChallenge for specified class/semester 

combinations, for multiple-year students only. 

 

Any Participation   75%+ Participation 
              

  Semester     Semester 

  1st (Fall) 2nd (Spring)     1st (Fall) 2nd (Spring) 

Fr 248 282   Fr 180 97 

Fr/So 91 101   Fr/So 65 23 

So 606 571   So 469 204 

JrS 9 9   JrS 7 3 

Jr 1248 1371   Jr 964 463 

Jr/Sr 84 76   Jr/Sr 65 18 

Sr 1199 1067   Sr 972 355 

2Sr 135 106   2Sr 113 38 
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Table 4.41 

ANOVA test results, comparing total WxChallenge scores by class/semester combination for a) 

all multiple-year participants and b) multiple-year participants who submitted forecasts at least 

75% of a given semester, and by class level only with semesters combined into one score for c) 

all multiple-year participants and d) multiple-year participants who submitted forecasts at least 

75% of a given year. 

              

  16 class/semester combinations (dividing each year into semesters) 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F statistic p value 

a. Between 12464.0 15 830.9 25.16 0.000 

  Error 238627.0 7224 33.03     

  Total 251091.0 7239       

              

b. Between 5237.7 15 349.2 21.40 0.000 

  Error 65911.8 4039 16.32     

  Total 71150 4054       

              

              

  8 class levels (one score per class level with semesters combined) 

    
Sum 

Squares 

Degrees 
of 

Freedom 

Mean 
Squares 

F statistic p value 

c. Between 8733.1 7 1247.6 47.80 0.000 

  Error 112002.6 4294 26.1     

  Total 120736 4301       

              

d. Between 3725.3 7 532.2 31.16 0.000 

  Error 52643.6 3082 17.1     

  Total 56368.9 3089       

              

 

 

4.4.2.1. Comparing all class/semester combinations and class levels (T Test) 

 The mean scores for each class/semester combination, as well as for each class, are listed 

in Table 4.42, with sample sizes as shown in Table 4.40.  In many cases, the combined score by 

class level is higher than each of the individual class/semester combination within that class,  
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Table 4.42 

Mean total scores, by class/semester combination and class level, for both all forecasts and for 

those students submitting at least 75% of forecasts in a given semester. 

 

  Mean Scores 

  

Class/Semester 
Combinations 

Class Levels Only 
(Combining Semesters) 

Class/Semester 
Combination 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

All 
Forecasts 

75%+ 
Participating 
Forecasters 

Fr-1 6.38 4.89   

Fr-2 6.95 4.60 7.35 5.42 

Fr/So-1 6.94 5.46   

Fr/So-2 7.69 5.00 7.44 5.50 

So-1 5.31 4.19   

So-2 4.61 2.29 5.41 4.25 

JrS-1 5.50 5.00   

JrS-2 3.68 3.96 5.58 5.27 

Jr-1 3.87 2.94   

Jr-2 3.95 1.83 4.20 2.94 

Jr/Sr-1 4.41 3.54   

Jr/Sr-2 5.56 4.13 5.36 3.63 

Sr-1 2.50 1.94   

Sr-2 2.84 1.14 2.88 2.06 

2Sr-1 2.44 1.92   

2Sr-2 2.12 0.73 2.51 1.95 

 

 

because the class level scores were obtained from a mean of all students’ scores while in that 

class.  Because students who only participated one semester within a specified year generally 

have higher scores than those who participated both semesters, these higher scores are weighted 

more for the class level means than they are for the class/semester combinations, as they aren’t 

present during one of the two semesters within that class.  Consequently, it is more accurate to 

divide the class levels into the semesters so that one-semester participants have less influence on 

the overall means. 
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 The results of t-tests for each combination of class/semester are shown in Tables 4.43 

through 4.45 (only p values are shown; t statistics are not and degrees of freedom can be inferred 

from Table 4.40).  Significant improvement in forecast skill is found largely between freshmen 

(and the ambiguous freshman/sophomore class level) and sophomores, between both the 

freshman and sophomore class levels and the junior, senior, and second year senior class levels, 

and the junior and junior/senior class levels and the senior and second year senior class levels.  

The differences with the smallest p values of essentially zero are, not surprisingly, seen between 

the freshman and sophomore classes and the senior and second year senior classes.  Significant 

improvement between adjacent class/semester combinations is rare, with the only one occurring 

between the fall and spring semesters of the sophomore year.  Significant worsening in skill is 

actually found between the two senior-year semesters, while significant differences between the 

second freshman/sophomore semester to first sophomore semester, and the second junior/senior 

semester to the first senior semester, are not necessarily indicative of improvement given the 

unclear class level of students in the combined freshman/sophomore and junior/senior categories. 

 When considering only students who meet the 75% forecast participation threshold, 

results are more mixed.  The same general statistical improvements are seen as with any 

participation, but there are also some combinations that don’t show significant differences.  

Freshmen show significant improvements to the second sophomore semester, but not to the first.  

Significant improvements in skill are now found between the first (fall) and second (spring) 

semesters of the sophomore, junior, senior, and second year senior classes, with a significant 

decline in skill between the second senior semester and the first second-year senior semester. 
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Table 4.43 

T-test results for the comparison of total score means between each class/semester combination, 

for all students with any participation.  Only p values are presented.  P values less than 0.05 (but 

greater than 0.01), indicating significant differences at the 0.05 level, are outlined and in italics, 

while those less than 0.01 are in bold and double outlined.  Underlined values indicate those 

where the latter class/semester combination has a less skillful score than the earlier 

class/semester.  Values in both bold and italics are p values less than 0.00001. 

 

 Fr-1 Fr-2 Fr/So-1 Fr/So-2 So-1 So-2 JrS-1 JrS-2 

Fr-1   0.201 0.230 0.161 0.018 0.001 0.337 0.008 

Fr-2     0.492 0.288 0.001 0.000 0.249 0.002 

Fr/So-1       0.291 0.005 0.000 0.252 0.003 

Fr/So-2         0.029 0.008 0.182 0.007 

So-1           0.035 0.464 0.060 

So-2             0.334 0.190 

JrS-1               0.221 

JrS-2                 

 

 Jr-1 Jr-2 Jr/Sr-1 Jr/Sr-2 Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1 0.000 0.000 0.002 0.198 0.000 0.000 0.000 0.000 

Fr-2 0.000 0.000 0.000 0.078 0.000 0.000 0.000 0.000 

Fr/So-1 0.000 0.000 0.001 0.093 0.000 0.000 0.000 0.000 

Fr/So-2 0.001 0.001 0.007 0.079 0.000 0.000 0.000 0.000 

So-1 0.000 0.000 0.058 0.386 0.000 0.000 0.000 0.000 

So-2 0.013 0.028 0.371 0.145 0.000 0.000 0.000 0.000 

JrS-1 0.215 0.227 0.306 0.488 0.075 0.100 0.073 0.055 

JrS-2 0.429 0.394 0.262 0.079 0.125 0.206 0.124 0.073 

Jr-1   0.341 0.154 0.024 0.000 0.000 0.000 0.000 

Jr-2     0.198 0.032 0.000 0.000 0.000 0.000 

Jr/Sr-1       0.126 0.000 0.002 0.001 0.000 

Jr/Sr-2         0.000 0.001 0.000 0.000 

Sr-1           0.050 0.429 0.145 

Sr-2             0.142 0.031 

2Sr-1               0.252 

2Sr-2                 
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Table 4.44 

As in Table 4.43, but only for students meeting the 75% participation threshold for a semester. 

 

 Fr-1 Fr-2 Fr/So-1 Fr/So-2 So-1 So-2 JrS-1 JrS-2 

Fr-1   0.352 0.209 0.460 0.060 0.000 0.480 0.352 

Fr-2     0.164 0.371 0.271 0.001 0.433 0.398 

Fr/So-1       0.352 0.021 0.000 0.425 0.272 

Fr/So-2         0.221 0.006 0.499 0.346 

So-1           0.000 0.363 0.464 

So-2             0.122 0.245 

JrS-1               0.382 

JrS-2                 

 

 Jr-1 Jr-2 Jr/Sr-1 Jr/Sr-2 Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1 0.000 0.000 0.015 0.221 0.000 0.000 0.000 0.000 

Fr-2 0.006 0.000 0.096 0.338 0.000 0.000 0.000 0.000 

Fr/So-1 0.000 0.000 0.006 0.111 0.000 0.000 0.000 0.000 

Fr/So-2 0.024 0.001 0.102 0.263 0.002 0.000 0.003 0.000 

So-1 0.000 0.000 0.113 0.476 0.000 0.000 0.000 0.000 

So-2 0.025 0.092 0.014 0.028 0.142 0.001 0.204 0.005 

JrS-1 0.184 0.084 0.269 0.365 0.092 0.048 0.093 0.039 

JrS-2 0.337 0.190 0.433 0.472 0.203 0.123 0.201 0.099 

Jr-1   0.000 0.111 0.097 0.000 0.000 0.002 0.000 

Jr-2     0.000 0.007 0.278 0.004 0.401 0.021 

Jr/Sr-1       0.285 0.001 0.000 0.003 0.000 

Jr/Sr-2         0.009 0.001 0.012 0.001 

Sr-1           0.000 0.472 0.010 

Sr-2             0.021 0.227 

2Sr-1               0.026 

2Sr-2                 
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Table 4.45 

As in Tables 4.43 and 4.44, but for the comparison of total score means between each class level, 

not divided into semesters.  Part a displays results for students with any participation; part b 

displays results only for students meeting the 75% participation threshold. 

 

a. 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr   0.444 0.000 0.117 0.000 0.001 0.000 0.000 

Fr/So     0.000 0.112 0.000 0.003 0.000 0.000 

So       0.452 0.000 0.468 0.000 0.000 

JrS         0.169 0.441 0.030 0.019 

Jr           0.016 0.000 0.000 

Jr/Sr             0.000 0.000 

Sr               0.138 

2Sr                 

 

b. 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr   0.452 0.004 0.472 0.000 0.002 0.000 0.000 

Fr/So     0.018 0.456 0.000 0.005 0.000 0.000 

So       0.312 0.000 0.117 0.000 0.000 

JrS         0.131 0.222 0.061 0.058 

Jr           0.081 0.000 0.002 

Jr/Sr             0.001 0.002 

Sr               0.375 

2Sr                 

 

 Finally, when examining the tests between class-level scores for an entire year, instead of 

by semester, the pattern seen for the class/semester combinations generally holds true as well, 

with significant improvement seen between the freshman class and sophomore class, the 

freshman and sophomore classes and the junior, senior and second-year senior classes, and the 

junior class and senior and second-year senior classes.  In other words, excluding the ambiguous 
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class levels, the t tests show significant improvement in forecast skill as students progress with 

their meteorological knowledge through their collegiate career, except between those students in 

their senior and second senior years. 

 Figure 4.11 graphs and displays the values of the mean total scores for forecasters for 

each class/semester combination, for both participation thresholds.  Figure 4.12 presents the 

mean total scores for each class level, with annual scores instead of divided by semesters.  A 

noticeable improvement in forecast skill is seen as class levels progress.  It can also be inferred 

that scores for students meeting the higher participation threshold are lower (of a better skill  

 

Figure 4.11. Mean total normalized scores by class/semester combination, for multiple-year 

forecasters.  Scores are shown for both all participating students and for those who submitted 

forecasts at least 75% of each semester.  The values of the mean scores are also shown. 
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level) than those for all students with any participation, but as stated previously, testing these sets 

of scores for significance is beyond the scope of this analysis and also may very well be 

reflective of students who forecasted less or stopped forecasting because they weren’t doing well 

in the contest and thus gave up at a certain point (and thus lower participation and higher scores 

are likely not independent). 

 

Figure 4.12. Mean total normalized scores by annual class level, for multiple-year forecasters.  

Scores are shown for both all participating students and for those who submitted forecasts at 

least 75% of each year.  The values of the mean scores are also shown. 

 

 

4.4.2.2. Comparing class/semester combinations by element 

 ANOVA tests were also conducted to determine whether significant differences exist 

between the mean normalized scores for each element for the class/semester combinations and 
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class levels.  All tests indicate that at least one combination of class/semester and class level 

exhibits significant differences for each element, and for each group of students in the two 

participation thresholds.  Therefore t tests were conducted as in section 4.4.2.1 for each element.  

Table 4.46 lists the mean scores for every combination and group for each element.  Table 4.47 

presents the results of the t tests. 

 While there are some slight variations from element to element in the t test results, they 

generally mirror those for the total scores.  Most elements show significant differences between 

each class level and subsequent class levels, with the exception of the more ambiguous classes of 

freshman/sophomore and junior/senior, and the much rarer class of juniors with sophomore 

status.  The primary other exception occurs between seniors and second year seniors, where no 

significant difference is found in most cases.  Significant improvement was not common in 

adjoining class/semester combinations, or in adjacent class levels, although a few instances were 

found. 

 Perhaps the most noteworthy disparity between the elemental tests and the tests for the 

total mean scores was for precipitation, which saw more scores decrease in skill as class level 

increased, particularly when only students meeting the 75% participation threshold were 

considered.  Significant differences involving a decline in forecast skill were found for those 

students between freshman and the freshman/sophomore class level, between sophomores and 

juniors, sophomores and seniors, sophomores and the junior/senior class level, and juniors and 

seniors.  As with the tests between ordinal semesters presented earlier, the difficult nature of 

precipitation forecasting likely allows students early in their college careers to forecast 

precipitation nearly as well as those later in their college careers, with more meteorological 

knowledge seemingly not sufficient to give upperclassmen any significant advantage. 
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Table 4.46 

Mean high temperature, low temperature, wind speed and precipitation scores for each group of 

forecasters in the two participation thresholds, by class/semester combination and class level. 

 

High Temperature 
Mean Scores 

Class/Semester 
Combination 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Class 
Level 

(Annual) 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Fr-1 4.23 3.32 Fr 4.57 3.42 

Fr-2 4.19 2.72 Fr/So 4.51 3.49 

Fr/So-1 4.57 3.53 So 3.73 3.10 

Fr/So-2 5.05 2.95 JrS 3.39 2.93 

So-1 3.76 3.08 Jr 3.02 2.34 

So-2 2.97 1.74 Jr/Sr 3.43 2.72 

JrS-1 3.00 2.59 Sr 2.41 2.06 

JrS-2 3.01 2.88 2Sr 2.42 2.11 

Jr-1 2.97 2.44    

Jr-2 2.79 1.45    

Jr/Sr-1 3.44 2.73    

Jr/Sr-2 3.31 2.96    

Sr-1 2.38 2.09    

Sr-2 2.29 1.15    

2Sr-1 2.61 2.28    

2Sr-2 1.61 0.82    
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Table 4.46 (continued) 

 

Low Temperature 
Mean Scores 

Class/Semester 
Combination 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Class 
Level 

(Annual) 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Fr-1 4.51 3.61 Fr 5.04 3.85 

Fr-2 5.19 3.25 Fr/So 6.00 4.48 

Fr/So-1 5.61 4.38 So 4.13 3.40 

Fr/So-2 5.99 4.24 JrS 5.10 4.63 

So-1 4.05 3.35 Jr 3.37 2.51 

So-2 3.94 2.50 Jr/Sr 4.27 3.17 

JrS-1 5.30 4.05 Sr 2.64 2.05 

JrS-2 2.90 4.59 2Sr 2.31 1.88 

Jr-1 3.05 2.46    

Jr-2 3.50 2.01    

Jr/Sr-1 3.72 3.18    

Jr/Sr-2 4.33 3.03    

Sr-1 2.34 1.92    

Sr-2 2.77 1.65    

2Sr-1 2.15 1.77    

2Sr-2 2.55 1.45    
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Table 4.46 (continued) 

 

Maximum Wind Speed 
Mean Scores 

Class/Semester 
Combination 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Class 
Level 

(Annual) 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Fr-1 5.57 4.60 Fr 6.30 5.20 

Fr-2 6.04 4.48 Fr/So 7.07 5.60 

Fr/So-1 7.20 5.69 So 4.99 3.91 

Fr/So-2 5.99 4.90 JrS 4.38 3.15 

So-1 4.82 3.85 Jr 3.85 2.78 

So-2 4.33 1.90 Jr/Sr 5.32 3.52 

JrS-1 3.43 3.01 Sr 2.50 1.70 

JrS-2 4.16 2.92 2Sr 1.86 1.50 

Jr-1 3.66 2.81    

Jr-2 3.26 1.59    

Jr/Sr-1 4.33 3.37    

Jr/Sr-2 5.25 4.40    

Sr-1 2.18 1.56    

Sr-2 2.15 0.94    

2Sr-1 1.84 1.38    

2Sr-2 1.24 0.62    
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Table 4.46 (continued) 

 

Precipitation 
Mean Scores 

Class/Semester 
Combination 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Class 
Level 

(Annual) 

All 
Forecasters 

75%+ 
Participating 
Forecasters 

Fr-1 2.16 1.06 Fr 2.98 1.52 

Fr-2 2.68 1.72 Fr/So 1.65 0.67 

Fr/So-1 0.83 0.65 So 1.04 0.67 

Fr/So-2 3.17 0.59 JrS 0.90 1.79 

So-1 0.98 0.62 Jr 0.81 0.26 

So-2 1.00 0.18 Jr/Sr 0.55 0.08 

JrS-1 1.16 1.77 Sr 0.24 -0.06 

JrS-2 0.05 0.49 2Sr 0.02 -0.09 

Jr-1 0.56 0.18    

Jr-2 0.87 0.15    

Jr/Sr-1 0.02 0.03    

Jr/Sr-2 0.97 0.46    

Sr-1 -0.02 -0.14    

Sr-2 0.45 -0.09    

2Sr-1 -0.11 -0.13    

2Sr-2 0.11 -0.35    
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Table 4.47 

Results of t-tests for the comparison of mean scores between each class/semester combination 

and combination of class levels, for both all participating students and only those who met the 

75% participation threshold. Only p values are given and are formatted as in Tables 4.42 to 

4.44. 

 

H
ig

h
 T

e
m

p
e

ra
tu

re
s 

A
n

y 
P

ar
ti

ci
p

at
io
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C
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e
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e
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.472 0.305 0.235 0.095 0.001 0.130 0.009 0.000 0.000 0.085 0.092 0.000 0.000 0.000 0.000   

Fr-2     0.297 0.231 0.153 0.003 0.142 0.017 0.001 0.000 0.112 0.113 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.353 0.097 0.007 0.097 0.017 0.004 0.002 0.072 0.072 0.000 0.000 0.002 0.000   

Fr/So-
2 

        0.122 0.032 0.089 0.041 0.029 0.020 0.090 0.084 0.007 0.006 0.015 0.001   

So-1           0.003 0.235 0.042 0.000 0.000 0.265 0.241 0.000 0.000 0.000 0.000   

So-2             0.489 0.467 0.496 0.246 0.186 0.301 0.008 0.007 0.150 0.000   

JrS-1               0.497 0.489 0.419 0.349 0.398 0.275 0.249 0.357 0.098   

JrS-2                 0.465 0.300 0.243 0.340 0.061 0.047 0.202 0.002   

Jr-1                   0.124 0.165 0.292 0.000 0.000 0.094 0.000   

Jr-2                     0.092 0.201 0.003 0.007 0.271 0.000   

Jr/Sr-
1 

                      0.433 0.013 0.010 0.062 0.000   

Jr/Sr-
2 

                        0.065 0.053 0.146 0.006   

Sr-1                           0.300 0.198 0.003   

Sr-2                             0.146 0.014   

2Sr-1                               0.004   

2Sr-2                                   
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.460 0.003 0.048 0.000 0.011 0.000 0.000           

Fr/So     0.050 0.080 0.001 0.040 0.000 0.000           

So       0.310 0.000 0.254 0.000 0.000           

JrS         0.284 0.479 0.066 0.080           

Jr           0.163 0.000 0.007           

Jr/Sr             0.007 0.016           

Sr               0.482           

2Sr                           
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Table 4.47 (continued) 
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.085 0.331 0.267 0.203 0.000 0.286 0.292 0.000 0.000 0.059 0.274 0.000 0.000 0.002 0.000   

Fr-2     0.069 0.357 0.173 0.014 0.465 0.417 0.247 0.001 0.478 0.353 0.056 0.000 0.175 0.000   

Fr/So-
1 

      0.198 0.152 0.000 0.242 0.229 0.005 0.000 0.055 0.204 0.000 0.000 0.005 0.000   

Fr/So-
2 

        0.405 0.021 0.398 0.472 0.180 0.004 0.362 0.495 0.061 0.001 0.134 0.000   

So-1           0.000 0.350 0.398 0.000 0.000 0.135 0.413 0.000 0.000 0.003 0.000   

So-2             0.257 0.077 0.002 0.124 0.003 0.021 0.065 0.011 0.059 0.005   

JrS-1               0.424 0.454 0.188 0.457 0.396 0.350 0.131 0.406 0.091   

JrS-2                 0.283 0.032 0.426 0.469 0.153 0.013 0.227 0.008   

Jr-1                   0.000 0.166 0.178 0.001 0.000 0.272 0.000   

Jr-2                     0.000 0.004 0.000 0.036 0.002 0.015   

Jr/Sr-
1 

                      0.358 0.016 0.000 0.120 0.000   

Jr/Sr-
2 

                        0.062 0.001 0.134 0.001   

Sr-1                           0.000 0.251 0.000   

Sr-2                             0.000 0.137   

2Sr-1                               0.000   

2Sr-2                                   
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.430 0.124 0.327 0.000 0.025 0.000 0.000           

Fr/So     0.162 0.309 0.001 0.045 0.000 0.001           

So       0.435 0.000 0.103 0.000 0.000           

JrS         0.291 0.426 0.208 0.229           

Jr           0.084 0.004 0.188           

Jr/Sr             0.008 0.047           

Sr               0.417           

2Sr                           
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Table 4.47 (continued) 
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.096 0.058 0.084 0.085 0.063 0.356 0.107 0.000 0.001 0.053 0.399 0.000 0.000 0.000 0.000   

Fr-2     0.293 0.238 0.007 0.006 0.480 0.043 0.000 0.000 0.006 0.138 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.377 0.009 0.007 0.444 0.029 0.000 0.001 0.006 0.082 0.000 0.000 0.000 0.000   

Fr/So-
2 

        0.032 0.026 0.385 0.030 0.002 0.008 0.020 0.088 0.000 0.001 0.000 0.001   

So-1           0.349 0.277 0.183 0.000 0.005 0.222 0.344 0.000 0.000 0.000 0.000   

So-2             0.260 0.210 0.000 0.056 0.323 0.290 0.000 0.000 0.000 0.000   

JrS-1               0.171 0.143 0.196 0.232 0.330 0.080 0.115 0.069 0.099   

JrS-2                 0.454 0.320 0.267 0.160 0.326 0.456 0.278 0.391   

Jr-1                   0.004 0.047 0.029 0.000 0.047 0.000 0.069   

Jr-2                     0.289 0.110 0.000 0.000 0.000 0.003   

Jr/Sr-
1 

                      0.218 0.000 0.010 0.000 0.011   

Jr/Sr-
2 

                        0.002 0.011 0.001 0.008   

Sr-1                           0.005 0.232 0.270   

Sr-2                             0.012 0.266   

2Sr-1                               0.164   

2Sr-2                                   
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n
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.052 0.001 0.484 0.000 0.056 0.000 0.000           

Fr/So     0.000 0.289 0.000 0.005 0.000 0.000           

So       0.263 0.000 0.374 0.000 0.000           

JrS         0.128 0.299 0.052 0.035           

Jr           0.015 0.000 0.000           

Jr/Sr             0.000 0.000           

Sr               0.083           

2Sr                           
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Table 4.47 (continued) 
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.209 0.066 0.271 0.206 0.001 0.391 0.374 0.000 0.000 0.172 0.219 0.000 0.000 0.000 0.000   

Fr-2     0.022 0.175 0.399 0.030 0.311 0.332 0.013 0.000 0.438 0.386 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.449 0.013 0.000 0.422 0.472 0.000 0.000 0.018 0.052 0.000 0.000 0.000 0.000   

Fr/So-
2 

        0.189 0.044 0.461 0.457 0.037 0.013 0.159 0.162 0.010 0.005 0.008 0.005   

So-1           0.001 0.329 0.342 0.000 0.000 0.331 0.326 0.000 0.000 0.000 0.000   

So-2             0.166 0.248 0.426 0.017 0.055 0.233 0.004 0.000 0.008 0.006   

JrS-1               0.440 0.158 0.099 0.295 0.280 0.089 0.066 0.077 0.058   

JrS-2                 0.243 0.199 0.323 0.312 0.191 0.168 0.179 0.156   

Jr-1                   0.001 0.030 0.208 0.000 0.000 0.002 0.003   

Jr-2                     0.001 0.073 0.268 0.022 0.169 0.070   

Jr/Sr-
1 

                      0.427 0.000 0.000 0.001 0.001   

Jr/Sr-
2 

                        0.056 0.026 0.043 0.024   

Sr-1                           0.043 0.259 0.100   

Sr-2                             0.332 0.298   

2Sr-1                               0.228   

2Sr-2                                   
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n
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.105 0.059 0.313 0.000 0.059 0.000 0.000           

Fr/So     0.012 0.463 0.000 0.012 0.000 0.000           

So       0.222 0.000 0.283 0.000 0.000           

JrS         0.093 0.188 0.053 0.045           

Jr           0.036 0.000 0.003           

Jr/Sr             0.001 0.001           

Sr               0.230           

2Sr                           
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Table 4.47 (continued) 
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.202 0.014 0.269 0.036 0.002 0.061 0.186 0.000 0.000 0.036 0.340 0.000 0.000 0.000 0.000   

Fr-2     0.071 0.475 0.008 0.000 0.033 0.120 0.000 0.000 0.011 0.170 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.086 0.000 0.000 0.006 0.036 0.000 0.000 0.001 0.021 0.000 0.000 0.000 0.000   

Fr/So-
2 

        0.034 0.005 0.041 0.134 0.000 0.000 0.025 0.209 0.000 0.000 0.000 0.000   

So-1           0.081 0.153 0.335 0.000 0.000 0.222 0.281 0.000 0.000 0.000 0.000   

So-2             0.256 0.457 0.014 0.000 0.498 0.109 0.000 0.000 0.000 0.000   

JrS-1               0.363 0.432 0.448 0.270 0.116 0.175 0.170 0.125 0.059   

JrS-2                 0.373 0.280 0.458 0.260 0.100 0.096 0.071 0.034   

Jr-1                   0.027 0.137 0.013 0.000 0.000 0.000 0.000   

Jr-2                     0.040 0.003 0.000 0.000 0.000 0.000   

Jr/Sr-
1 

                      0.160 0.000 0.000 0.000 0.000   

Jr/Sr-
2 

                        0.000 0.000 0.000 0.000   

Sr-1                           0.436 0.181 0.012   

Sr-2                             0.212 0.017   

2Sr-1                               0.132   

2Sr-2                                   
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.105 0.000 0.064 0.000 0.074 0.000 0.000           

Fr/So     0.000 0.022 0.000 0.013 0.000 0.000           

So       0.309 0.000 0.298 0.000 0.000           

JrS         0.333 0.243 0.063 0.024           

Jr           0.007 0.000 0.000           

Jr/Sr             0.000 0.000           

Sr               0.039           

2Sr                           
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Table 4.47 (continued) 
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Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.443 0.064 0.393 0.044 0.000 0.166 0.137 0.000 0.000 0.037 0.436 0.000 0.000 0.000 0.000   

Fr-2     0.101 0.371 0.200 0.001 0.200 0.173 0.011 0.000 0.114 0.475 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.257 0.002 0.000 0.060 0.044 0.000 0.000 0.003 0.172 0.000 0.000 0.000 0.000   

Fr/So-
2 

        0.160 0.003 0.164 0.143 0.023 0.001 0.100 0.377 0.001 0.000 0.001 0.000   

So-1           0.000 0.302 0.270 0.000 0.000 0.221 0.328 0.000 0.000 0.000 0.000   

So-2             0.245 0.249 0.004 0.202 0.012 0.024 0.156 0.008 0.139 0.030   

JrS-1               0.484 0.449 0.187 0.417 0.248 0.181 0.099 0.159 0.083   

JrS-2                 0.469 0.186 0.390 0.226 0.179 0.094 0.157 0.079   

Jr-1                   0.000 0.172 0.097 0.000 0.000 0.000 0.000   

Jr-2                     0.002 0.011 0.454 0.020 0.309 0.064   

Jr/Sr-
1 

                      0.223 0.001 0.000 0.002 0.001   

Jr/Sr-
2 

                        0.010 0.003 0.009 0.004   

Sr-1                           0.011 0.319 0.063   

Sr-2                             0.157 0.310   

2Sr-1                               0.140   

2Sr-2                                   
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  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.275 0.002 0.071 0.000 0.007 0.000 0.000           

Fr/So     0.002 0.047 0.000 0.005 0.000 0.000           

So       0.287 0.000 0.260 0.000 0.000           

JrS         0.391 0.399 0.138 0.117           

Jr           0.100 0.000 0.000           

Jr/Sr             0.001 0.001           

Sr               0.307           

2Sr                           
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Table 4.47 (continued) 

 

P
re

ci
p

it
at

io
n

 

A
n

y 
P

ar
ti

ci
p

at
io

n
 

C
la

ss
/S

e
m

e
st

er
 C

o
m

b
in

at
io

n
s 

  
Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.209 0.017 0.248 0.009 0.014 0.193 0.000 0.001 0.005 0.000 0.041 0.000 0.000 0.000 0.000   

Fr-2     0.001 0.368 0.000 0.000 0.090 0.000 0.000 0.000 0.000 0.004 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.054 0.361 0.358 0.387 0.074 0.252 0.463 0.030 0.411 0.017 0.178 0.011 0.048   

Fr/So-
2 

        0.059 0.062 0.126 0.016 0.031 0.050 0.013 0.069 0.011 0.026 0.010 0.015   

So-1           0.478 0.434 0.008 0.005 0.275 0.000 0.492 0.000 0.001 0.000 0.000   

So-2             0.440 0.012 0.029 0.306 0.000 0.482 0.000 0.012 0.000 0.001   

JrS-1               0.168 0.286 0.393 0.144 0.437 0.132 0.252 0.116 0.164   

JrS-2                 0.084 0.015 0.461 0.065 0.417 0.144 0.325 0.447   

Jr-1                   0.022 0.002 0.200 0.000 0.224 0.000 0.010   

Jr-2                     0.000 0.419 0.000 0.007 0.000 0.000   

Jr/Sr-
1 

                      0.031 0.416 0.016 0.255 0.352   

Jr/Sr-
2 

                        0.020 0.146 0.014 0.047   

Sr-1                           0.000 0.218 0.239   

Sr-2                             0.000 0.048   

2Sr-1                               0.138   

2Sr-2                                   

                             

A
n

n
u

al
 C

la
ss

 L
ev

e
ls

 

  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.013 0.000 0.007 0.000 0.000 0.000 0.000           

Fr/So     0.073 0.179 0.019 0.006 0.000 0.000           

So       0.420 0.056 0.013 0.000 0.000           

JrS         0.452 0.323 0.183 0.115           

Jr           0.097 0.000 0.000           

Jr/Sr             0.051 0.005           

Sr               0.031           

2Sr                           
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Table 4.47 (continued) 

 

P
re

ci
p

it
at

io
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7
5

%
 P

ar
ti

ci
p

at
io

n
 

C
la

ss
/S

e
m

e
st

er
 C

o
m

b
in

at
io

n
s 

  
Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2   

Fr-1   0.097 0.104 0.179 0.057 0.001 0.290 0.213 0.000 0.000 0.000 0.114 0.000 0.000 0.000 0.000   

Fr-2     0.016 0.038 0.009 0.001 0.486 0.064 0.000 0.000 0.000 0.022 0.000 0.000 0.000 0.000   

Fr/So-
1 

      0.451 0.454 0.033 0.192 0.410 0.016 0.012 0.012 0.349 0.000 0.001 0.001 0.000   

Fr/So-
2 

        0.473 0.195 0.193 0.451 0.181 0.165 0.125 0.421 0.054 0.069 0.062 0.027   

So-1           0.010 0.183 0.423 0.001 0.001 0.003 0.363 0.000 0.000 0.000 0.000   

So-2             0.107 0.329 0.481 0.405 0.246 0.266 0.013 0.049 0.043 0.005   

JrS-1               0.198 0.104 0.100 0.089 0.169 0.066 0.071 0.069 0.052   

JrS-2                 0.322 0.306 0.257 0.488 0.177 0.196 0.184 0.116   

Jr-1                   0.370 0.212 0.252 0.000 0.007 0.009 0.001   

Jr-2                     0.269 0.232 0.000 0.020 0.022 0.002   

Jr/Sr-
1 

                      0.175 0.166 0.257 0.219 0.050   

Jr/Sr-
2 

                        0.081 0.101 0.092 0.040   

Sr-1                           0.339 0.470 0.091   

Sr-2                             0.413 0.080   

2Sr-1                               0.127   

2Sr-2                                   

                             

A
n

n
u

al
 C

la
ss

 L
ev

e
ls

 

  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr                  

Fr   0.005 0.002 0.404 0.000 0.000 0.000 0.000           

Fr/So     0.494 0.157 0.027 0.014 0.000 0.001           

So       0.154 0.001 0.002 0.000 0.000           

JrS         0.081 0.062 0.045 0.044           

Jr           0.151 0.000 0.002           

Jr/Sr             0.208 0.198           

Sr               0.402           

2Sr                           
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 Figures 4.13 and 4.14 plot the mean normalized scores for each element by 

class/semester combination and class level.  Plots for only students meeting the 75% 

participation threshold (not shown) are very similar with scores somewhat lower across almost 

all semesters and classes.  These plots show the improvement in forecast skill as class level 

increases and more meteorological knowledge is gained from more advanced classes.  Unlike 

scores by ordinal semester presented earlier, there appears to be a more steady increase in skill 

with the progression of classes, although precipitation generally shows a more rapid  

 

 

Figure 4.13. Mean normalized scores by class/semester combination for all multiple-year 

forecasters, regardless of participation. 
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Figure 4.14. Mean normalized scores by annual class level for all multiple-year forecasters, 

regardless of participation. 

 

 

increase in skill between freshmen and sophomores, with slower increases thereafter.  However, 

it is noted that these means are largely not for the same students, although the same students are 

included in multiple classes for which they participated.  Analysis of the same forecasters 

through time is presented in Section 4.4.3. 

4.4.2.2.1. Individual element scores by class/semester combination 

 As for scores by ordinal semester, the normalized mean scores for precipitation begin 

much lower (much more skillful) for underclassmen (freshmen and sophomores) than scores for 

any other element.  Unlike scores by ordinal semester, these precipitation scores remain much 
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lower than those of any other element, regardless of class level.  While scores for every other 

element range from approximately +4 to +7 for freshmen, and fall to around +2 to +3 for 

students in their senior and second-senior years, precipitation scores for freshmen are already in 

that +2 to +3 range, falling to near zero (in line with the national consensus that includes 

graduate students, faculty, and alumni) by students’ senior and second senior years.  Thus, as 

observed earlier, students’ forecast skill for temperatures and wind speed lag behind those for 

precipitation, but this is again a result of the difficulty of precipitation forecasting for which 

more knowledgeable and experienced students do not have as much of an advantage. 

 The rate of improvement varies somewhat between elements, but not as marked as it did 

for ordinal semesters.  Precipitation forecasting scores decrease most rapidly between the 

freshmen and sophomore classes, decreasing at a slower but still noticeable rate thereafter with 

scores generally remaining between 0 and +1 after the sophomore year.  Wind speed scores 

decrease a bit more quickly than those for temperatures.  In general though, steadier but slower 

improvement is seen as class progresses than was seen with experience by ordinal semester.  

This suggests that while increased meteorological knowledge helps improve forecast skill, it is 

not as large an influence on skill as increased experience. 

4.4.3. Evaluating forecasters through time: Matched paired tests by class levels 

 As with ordinal semesters, the scores of forecasters through time can be analyzed using 

class levels and class/semester combinations.  Matched paired t-tests were used to analyze 

whether the mean differences between scores across two different class levels or semesters, for 

the same students, were significantly different than zero.  Unlike in the previous section, this 

keeps the student as a constant factor, eliminating the possibility that the difference in means are 

affected by scores of students who forecasted for one class level but not another. 
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4.4.3.1. Comparing different combinations of class levels and class/semester combinations 

 Matched paired tests were conducted to examine the means of the differences for all 

individual forecasters between each combination of class level and class/semester combination.  

These tests required that the same student forecasted for each of the class levels, or 

class/semester combinations, in the grouping being tested, instead of simply using the mean of 

all students in each class.  The number of students participating in each combination of class 

levels is presented in Table 4.48, while the number participating in each combination of 

class/semester is presented in Table 4.49. 

Table 4.48 

Number of multiple-year participants who forecasted for both class levels in each given 

combination, using a) any participation, and b) only students meeting the 75% participation 

threshold. 

 

a.   Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

 Fr   0 254 13 133 0 143 16 

 Fr/So     0 0 0 99 20 20 

 So       6 490 0 299 15 

 JrS         0 0 6 2 

 Jr           0 1095 115 

 Jr/Sr             0 0 

 Sr               97 

 2Sr                 

 

b.   Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

 Fr   0 139 5 81 0 71 8 

 Fr/So     0 0 0 37 10 11 

 So       2 276 0 194 8 

 JrS         0 0 2 2 

 Jr           0 699 72 

 Jr/Sr             0 0 

 Sr               71 

 2Sr                 
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Table 4.49 

Number of multiple-year participants who forecasted for both class/semester permutation in 

each given combination, using a) any participation, and b) only students meeting the 75% 

participation threshold. 

 

a.   
Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

 
Fr-1   184 0 0 172 151 4 4 96 96 0 0 90 94 12 11 

 
Fr-2     0 0 211 180 7 8 111 113 0 0 110 104 12 10 

 
Fr/So-1       55 0 0 0 0 0 0 52 50 15 13 14 11 

 
Fr/So-2         0 0 0 0 0 0 63 49 17 15 16 12 

 
So-1           466 2 3 340 350 0 0 231 223 13 10 

 
So-2             3 3 390 376 0 0 264 244 13 10 

 
JrS-1               5 0 0 0 0 3 1 2 1 

 
JrS-2                 0 0 0 0 4 3 2 1 

 
Jr-1                   1085 0 0 848 758 78 60 

 
Jr-2                     0 0 949 838 99 79 

 
Jr/Sr-1                       56 0 0 0 0 

 
Jr/Sr-2                         0 0 0 0 

 
Sr-1                           973 87 71 

 
Sr-2                             87 71 

 
2Sr-1                               98 

 
2Sr-2                                 

 

b.   
Fr-
1 

Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

 
Fr-1   57 0 0 109 50 2 0 63 30 0 0 54 26 8 2 

 
Fr-2     0 0 73 42 2 2 44 24 0 0 39 26 3 1 

 
Fr/So-1       14 0 0 0 0 0 0 30 11 9 6 10 5 

 
Fr/So-2         0 0 0 0 0 0 10 1 6 4 6 4 

 
So-1           164 1 1 232 106 0 0 173 81 8 3 

 
So-2             0 1 133 73 0 0 99 61 3 2 

 
JrS-1               2 0 0 0 0 1 0 2 0 

 
JrS-2                 0 0 0 0 1 1 1 0 

 
Jr-1                   348 0 0 613 229 55 19 

 
Jr-2                     0 0 321 188 34 15 

 
Jr/Sr-1                       12 0 0 0 0 

 
Jr/Sr-2                         0 0 0 0 

 
Sr-1                           325 68 22 

 
Sr-2                             33 17 

 
2Sr-1                               35 

 
2Sr-2                                 
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 Tables 4.50 through 4.53 summarize the results of these matched paired tests for every 

combination of class level and class/semester permutation, and for both students who had any 

participation and those who met the 75% participation threshold.  Note that in the tables, missing 

values for the mean differences are combinations where no students submitted forecasts for 

either both class levels or both semesters, corresponding to the combinations with zero 

forecasters in Tables 4.48 and 4.49.  Blank cells for the p values parallel the same combinations, 

plus those with only one forecaster as no matched paired tests could be run with a sample size of 

one. 

 

Table 4.50 

Mean differences and p values from matched paired tests for all combinations of class/semester 

permutations and for multiple-year forecasters at all participation levels.  P values in bold and 

double outlined designate differences significant at the 0.01 level, while those in italics and 

single outlined designate differences significant at the 0.05 level, but not the 0.01 level.  

Underlined p values reflect difference where the later class/semester has a higher (less skillful) 

score than the earlier semester. 

Mean 
Difference 

Fr-1 Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1   0.165     -1.640 -1.984 -1.202 -0.887 -3.294 -2.051     -3.847 -2.383 -3.406 -2.145 

Fr-2         -1.799 -1.778 -6.234 -5.998 -1.902 -1.826     -3.431 -4.004 -5.881 -3.393 

Fr/So-1       2.035             -2.578 -1.354 -3.976 -3.717 -4.004 -4.779 

Fr/So-2                     -4.323 -1.735 -1.520 -1.263 -0.972 -1.452 

So-1           0.044 0.477 -0.237 -1.510 -0.967     -2.226 -1.456 -1.724 -1.122 

So-2             2.059 2.520 -1.188 -1.600     -2.019 -1.729 -2.987 -1.518 

JrS-1               -2.180         2.840 0.429 -0.846 1.354 

JrS-2                         1.346 -1.414 0.494 2.592 

Jr-1                   0.013     -1.077 -0.699 -2.538 -2.318 

Jr-2                         -1.213 -0.812 -2.099 -1.248 

Jr/Sr-1                       0.405         

Jr/Sr-2                                 

Sr-1                           0.428 -0.235 -0.286 

Sr-2                             -0.047 0.167 

2Sr-1                               0.363 

2Sr-2                                 
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Table 4.50 (continued) 

 

P value Fr-1 Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1   0.370   0.000 0.000 0.299 0.323 0.000 0.001   0.000 0.023 0.013 0.091 

Fr-2       0.000 0.000 0.027 0.027 0.000 0.003   0.000 0.000 0.013 0.094 

Fr/So-1       0.134       0.000 0.058 0.016 0.056 0.013 0.042 

Fr/So-2               0.011 0.068 0.132 0.218 0.188 0.170 

So-1           0.438 0.481 0.469 0.000 0.000   0.000 0.004 0.106 0.191 

So-2             0.348 0.162 0.000 0.000   0.000 0.000 0.064 0.196 

JrS-1               0.131     0.265  0.018  

JrS-2                     0.079 0.280 0.094  

Jr-1                   0.465   0.000 0.000 0.000 0.000 

Jr-2                       0.000 0.000 0.007 0.055 

Jr/Sr-1                       0.340     

Jr/Sr-2                             

Sr-1                           0.002 0.263 0.215 

Sr-2                             0.449 0.296 

2Sr-1                               0.077 

2Sr-2                                 
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Table 4.51 

As in Table 4.50, but for forecasters at the 75% participation level only.   
 

Mean 
Difference 

Fr-1 Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1   -0.839     -1.778 -1.758 2.170   -2.468 -2.883     -3.048 -2.399 -1.840 -4.349 

Fr-2         -1.207 -0.898 -5.262 -6.403 -1.498 -2.159     -1.466 -1.785 -0.186 -0.387 

Fr/So-1       -0.493             -1.594 -1.307 -1.588 -3.176 -1.588 -2.910 

Fr/So-2                     -2.090 -4.766 -1.161 -2.311 -0.664 -1.421 

So-1           -0.352 8.406 5.094 -1.512 -1.772     -1.784 -2.001 0.518 -0.010 

So-2               3.669 -0.689 -0.717     -0.868 -0.747 0.938 0.639 

JrS-1               -1.580         -1.772   -0.846   

JrS-2                         -0.624 -0.624 0.645   

Jr-1                   -0.421     -0.805 -0.836 -2.504 -2.546 

Jr-2                         -0.374 -0.443 0.023 0.396 

Jr/Sr-1                       -0.300         

Jr/Sr-2                                 

Sr-1                           -0.087 -0.344 -0.490 

Sr-2                             0.498 0.394 

2Sr-1                               0.008 

2Sr-2                                 

                 

P value Fr-1 Fr-2 
Fr/So-

1 
Fr/So-

2 
So-1 So-2 JrS-1 JrS-2 Jr-1 Jr-2 

Jr/Sr-
1 

Jr/Sr-
2 

Sr-1 Sr-2 2Sr-1 2Sr-2 

Fr-1   0.013   0.000 0.000 0.181  0.000 0.000   0.000 0.005 0.097 0.106 

Fr-2       0.001 0.009 0.205 0.196 0.002 0.003   0.001 0.001 0.435  

Fr/So-1       0.235       0.013 0.156 0.053 0.015 0.046 0.064 

Fr/So-2               0.052  0.020 0.032 0.072 0.093 

So-1           0.028   0.000 0.000   0.000 0.000 0.313 0.498 

So-2               0.001 0.003   0.001 0.006 0.337 0.438 

JrS-1               0.028       0.018  

JrS-2                         

Jr-1                   0.000   0.000 0.000 0.000 0.019 

Jr-2                       0.000 0.003 0.475 0.237 

Jr/Sr-1                       0.296     

Jr/Sr-2                             

Sr-1                           0.193 0.130 0.014 

Sr-2                             0.131 0.156 

2Sr-1                               0.487 

2Sr-2                                 
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Table 4.52 

Mean differences and p values from matched paired tests for all combinations of annual class 

levels and for multiple-year forecasters at all participation levels.  P values in bold and double 

outlined designate differences significant at the 0.01 level, while those in italics and single 

outlined designate differences significant at the 0.05 level, but not the 0.01 level.  Underlined p 

values reflect difference where the later class/semester has a higher (less skillful) score than the 

earlier semester. 

 

Mean 
Difference 

Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr     -1.962 -4.510 -2.499   -3.553 -4.828 

Fr/So           -2.099 -3.830 -3.125 

So       -0.047 -1.237   -2.136 -1.875 

JrS             1.337 -0.078 

Jr             -1.018 -2.152 

Jr/Sr                 

Sr               -0.050 

2Sr                 

         

P value Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.000 0.009 0.000  0.000 0.005 

Fr/So        0.000 0.008 0.019 

So       0.492 0.000  0.000 0.067 

JrS           0.273 0.135 

Jr            0.000 0.000 

Jr/Sr               

Sr               0.433 

2Sr                 
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Table 4.53 

As in Table 4.52, but for forecasters at the 75% participation level only.   
 

Mean 
Difference 

Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr     -1.804 -1.759 -2.029   -2.414 -1.754 

Fr/So           -1.382 -1.784 -1.434 

So       6.750 -1.520   -1.677 0.413 

JrS             -0.328 -0.504 

Jr             -0.728 -1.573 

Jr/Sr                 

Sr               -0.123 

2Sr                 

         

P value Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.000 0.240 0.000  0.000 0.083 

Fr/So        0.014 0.006 0.023 

So       0.077 0.000  0.000 0.350 

JrS           0.429 0.210 

Jr            0.000 0.000 

Jr/Sr               

Sr               0.311 

2Sr                 

 

 

 These matched paired tests reveal very similar results as the tests involving means for all 

students.  Students show significant improvement in their forecast skill from their freshman year 

to their sophomore, junior and senior years.  When all students with any participation are 

considered, they also show significant improvement from their freshman to second year senior 

years.  Sophomores display significant advancement in skill through their junior and senior 

years, and juniors to their senior and second senior years.  The 97 students who forecasted both 

their senior and second senior years (and 71 who forecasted both at least 75% of the time) do not 
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show significant improvement between their senior and second year senior years. 

 The only significant decline in forecast skill observed between any combinations of class 

level or class/semester permutations was between the first and second semesters of students’ 

senior years for all students with any participation.  Most likely students have a very busy second 

semester of their senior year and lose time to spend as much time on their forecasts, resulting in a 

decrease in skill; interestingly, those forecasting at least 75% of the time during both semesters 

of their senior year do show improvement in skill, although not significant, indicating that they 

were either better at managing their time, weren’t as busy their senior year, or simply were able 

to forecast well enough that more time was not necessary – which their higher participation rates 

could also reflect.  No other significant decline in forecast skill was observed within the matched 

paired tests. 

 Students in the two ambiguous classes (freshmen/sophomores and juniors/seniors) and 

those in the junior class but with sophomore status show mixed results between other classes, but 

sample sizes in these combinations are rather low with the nature of how classes were assigned 

for multiple-year students.  The exception is the nearly 100 students who were assigned 

designations for both freshman/sophomore and junior/senior; in this case, significant 

improvement was seen between these two levels.  These were the multiple-year students who 

forecasted for one year in category 4 and one year in category 3, with a year break between the 

two, such that it was unclear whether the break occurred in their sophomore or junior year and 

the classes assigned were required to be ambiguous (see Table A4 in the Appendix; only 99 of 

the 120 students in this category submitted at least one forecast for both years).  Thus, the break 

between participating years in this specific case still did not prevent significant improvement 

between the two years before and after the break. 
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4.4.3.1.1. Comparing different combinations of class levels by element 

 Tables 4.54 through 4.57 summarize results of matched paired tests for multiple-year 

students, for every combination of annual class level, by element.  These results generally exhibit  

 

Table 4.54 

Mean differences and p values from matched paired tests for all combinations of annual class 

levels for high temperatures.  Results for students with any participation are found on the left; 

those for students with 75%+ participation are found on the right.  P values in bold and double 

outlined designate differences significant at the 0.01 level, while those in italics and single 

outlined designate differences significant at the 0.05 level, but not the 0.01 level.  Underlined p 

values reflect difference where the later class level has a higher (less skillful) score than the 

earlier class level.  The number of students in each combination can be found in Table 4.47. 

High Temperature 
 

Mean Difference 
All Participation                   75%+ Participation 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    -0.906 -2.304 -0.935  -1.287 -3.049     -0.623 -0.805 -0.713  -0.710 -0.079 

Fr/So        -1.133 -1.631 -1.425         -0.537 -0.966 -0.058 

So       -0.384 -0.740  -0.902 -0.788        4.681 -0.774  -0.528 0.559 

JrS           0.950 1.576            0.230 1.694 

Jr            -0.398 -0.677             -0.190 -0.319 

Jr/Sr                              

Sr               0.166                0.175 

2Sr                                  
                  

p values 

All Participation                   75%+ Participation 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.001 0.027 0.001  0.000 0.016     0.011 0.233 0.002  0.004 0.437 

Fr/So        0.017 0.113 0.120         0.116 0.011 0.454 

So       0.416 0.000  0.000 0.213        0.142 0.000  0.001 0.224 

JrS           0.308 0.076            0.457 0.049 

Jr            0.000 0.040             0.015 0.167 

Jr/Sr                              

Sr               0.273                0.287 

2Sr                                  
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Table 4.55 

As in Table 4.54, but for low temperatures. 

 

Low Temperature 
 

Mean Difference 

All Participation                   75%+ Participation 
 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    -0.716 -3.549 -1.431  -2.230 -2.162     -0.910 -0.180 -1.290  -1.486 -1.521 

Fr/So        -1.664 -2.092 -1.381         -0.893 -0.744 -0.969 

So       -0.960 -0.661  -1.199 -1.281        4.728 -0.962  -1.011 -0.312 

JrS           2.720 0.294            -3.207 -0.107 

Jr            -0.559 -1.599             -0.329 -1.324 

Jr/Sr                              

Sr               -0.214                -0.194 

2Sr                                  

                  

p values 

All Participation                   75%+ Participation 
 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.003 0.005 0.000  0.000 0.020     0.000 0.465 0.000  0.000 0.076 

Fr/So        0.005 0.009 0.092         0.060 0.029 0.035 

So       0.361 0.000  0.000 0.040        0.082 0.000  0.000 0.339 

JrS           0.212 0.280            0.080 0.455 

Jr            0.000 0.000             0.000 0.001 

Jr/Sr                              

Sr               0.220                0.215 

2Sr                                  

 

 

similar patterns of significance as the matched paired tests for total scores and other t tests for 

both total and elemental scores: students show significant improvement in forecast skill between 

their freshman year and sophomore, junior and senior years, sophomore year and junior and 

senior years, and junior year and senior year for each element and both participation levels.  High 

temperature differences are somewhat less than for the other elements, but they are still  
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Table 4.56 

As in Table 4.54, but for maximum wind speed. 

 

Wind Speed 
 

Mean Difference 

All Participation                  75%+ Participation 
 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    -1.330 -4.066 -2.285  -3.450 -5.844     -1.604 -3.931 -2.276  -3.111 -2.547 

Fr/So        -2.088 -4.266 -3.924         -1.933 -1.947 -2.341 

So       0.183 -1.279  -2.633 -2.340        -0.160 -1.535  -2.171 0.116 

JrS           -1.947 -2.067            0.932 -2.297 

Jr            -1.137 -2.190             -1.072 -1.721 

Jr/Sr                              

Sr               -0.716                -0.585 

2Sr                                  

                  

p values 

All Participation                 75%+ Participation 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.000 0.043 0.000  0.000 0.014     0.000 0.025 0.000  0.000 0.138 

Fr/So        0.003 0.004 0.008         0.014 0.019 0.001 

So       0.460 0.000  0.000 0.066        0.377 0.000  0.000 0.467 

JrS           0.142 0.289            0.372 0.258 

Jr            0.000 0.000             0.000 0.000 

Jr/Sr                              

Sr               0.020                0.043 

2Sr                                  

 

 

significant at the 0.05 level (most of the other differences are significant at the 0.01 level with p 

values very close to zero).  

 Comparisons to the second senior semester are mixed, although students typically show 

improvement across most elements and participation levels between their junior year and second  
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Table 4.57 

As in Table 4.54, but for precipitation. 

 

Precipitation 
 

Mean Difference 
All Participation                 75%+ Participation 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    -2.041 -0.722 -1.506  -1.883 -1.176     -1.301 0.265 -0.647  -0.928 -0.444 

Fr/So        -1.075 -1.744 -1.616         -0.420 -0.803 -0.681 

So       0.822 -0.203  -0.591 0.100        4.401 -0.439  -0.475 0.753 

JrS           -0.321 -0.393            0.540 -0.722 

Jr            -0.436 -0.870             -0.274 -0.340 

Jr/Sr                              

Sr               0.069                0.153 

2Sr                                  

                  

p values 

All Participation                 75%+ Participation 

 Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr  Fr Fr/So So JrS Jr Jr/Sr Sr 2Sr 

Fr    0.000 0.203 0.002  0.000 0.042     0.000 0.436 0.003  0.014 0.179 

Fr/So        0.021 0.040 0.044         0.052 0.061 0.053 

So       0.296 0.135  0.000 0.410        0.081 0.000  0.002 0.143 

JrS           0.367 0.133            0.293 0.194 

Jr            0.000 0.002             0.000 0.044 

Jr/Sr                              

Sr               0.310                0.142 

2Sr                                  

 

senior year, as seen with the total scores.  Also like the total scores, students do not show 

significant improvement between their senior and second senior years.  The only significant 

decline in forecast skill is seen for high temperatures between students in the junior with 

sophomore status class level and their second senior year. 
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4.4.3.2. Comparing magnitude of improvement throughout the undergraduate career 

 Using a combination of matched paired and t tests for multiple-year forecasters, the 

magnitude of improvement of forecast skill throughout their undergraduate careers can be 

evaluated.  Specifically, these tests reveal whether improvement in skill is greatest earlier or later 

in a student’s collegiate career.  This was done using four groups of students: those who 

forecasted both their freshman and sophomore years, those who forecasted who forecasted both 

their sophomore and junior year, those who forecasted both their junior and senior years, and 

those who forecasted all four years.  The last of the groups allowed for the same students to be 

compared across all class levels, while the first three chiefly involved different students in each 

group. 

 For these tests, matched paired tests were used to compare mean differences within each 

group.  For example, the difference between the same forecasters’ freshman and sophomore 

years were compared using a matched paired t test, and the difference between the same 

forecasters’ junior and senior years were also compared using a separate matched paired t test.  

While the students within each matched paired test were the same, the students across the two 

different tests in this example were largely different, with the exception of the last group of 

students who forecasted all four years.  The two mean differences were then compared using a t 

test (or matched paired t test for those students who forecasted all four years) to determine if 

there was a significant difference between the two mean differences. 

 Using only the 254 students who forecasted both a freshman and sophomore year, a 

matched paired test reveals a mean difference in total score of -1.96 (note that these initial 

matched paired tests, for all but the select group of students who forecasted all four years, were 

already performed and presented in Section 4.4.3.1; they will be briefly mentioned again here).  
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The 490 students who forecasted both a sophomore and junior year had a mean difference in 

total score of -1.24, and the 1095 students who forecasted both a junior and senior year had a 

mean difference in total score of -1.02.  Testing the difference in these means using a traditional 

two-sample t test with a two-tailed hypothesis (as it is both unknown and of interest if the 

magnitude of improvement increases or decreases over time) results in the t statistics and p 

values found in Table 4.58. 

Table 4.58 

T statistics and p values for the three t tests comparing the mean differences found using 

matched paired tests for multiple-year students.  The first column indicates the two groups of 

students being compared; for example, the first line compares the mean difference found in 

students who forecasted both their freshman and sophomore years with that found in students 

who forecasted both their sophomore and junior years. 

 

  
t 

statistic 
p value 

Freshman to Sophomore 
and Sophomore to Junior 

-1.809 0.071 

Sophomore to Junior and 
Junior to Senior 

-0.931 0.352 

Freshman to Sophomore 
and Junior to Senior 

-2.595 0.010 

 

 Table 4.58 indicates that there was no significant difference found between freshman-

sophomore and sophomore-junior means, nor in the sophomore-junior and junior-senior means.  

The freshman-sophomore to junior-senior test, however, is significant at the 0.01 level with a p 

value of 0.0099.  This means that the improvement in forecast skill between students’ freshman 

and sophomore years is significantly different than the improvement seen between students’ 

junior and senior years.  In this case the improvement is of a greater magnitude early in students’ 

careers, as the former group improves their normalized score by an average of 1.96 and the latter 



E c k s t e i n  | 187 
 

group by an average of only 1.02.  The improvement in skill for sophomores to juniors of 1.24 

(normalized score) is between these two values, indicating that the improvement in skill slows as 

class level progresses, but the difference is only significant when comparing the two 

underclassman classes and the two upper classman levels. 

 When only students who met the 75% participation threshold are considered, the mean 

difference between freshman and sophomores is -1.80, between sophomores and juniors it is -

1.52, and between juniors and seniors it is -0.73.  Results of the t tests between these values, 

shown in Table 4.59, indicate that there is no significant difference between the first two means, 

while there are significant differences between the second two means and the first and third.  

This indicates that the improvement shown by students who participate more often is similar 

between their freshman and sophomore years and their sophomore and junior years, with a 

significant reduction in improvement between their junior and senior years.  When all forecasters 

were considered, the slowing of improvement was more gradual throughout the four years, but 

still significant, while this higher-participation subset shows more abrupt slowing of  

  

Table 4.59 

As in Table 4.58, but only for students who forecasted at least 75% of a given year. 

  
t 

statistic 
p value 

Freshman to Sophomore 
and Sophomore to Junior 

-0.819 0.414 

Sophomore to Junior and 
Junior to Senior 

-3.877 0.000 

Freshman to Sophomore 
and Junior to Senior 

-3.429 0.001 
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improvement after the junior year.  In other words, they show improvement in forecast skill for a 

longer time than all students who submit at least one forecast. 

 For a more reliable indication of how improvement changes with class level, the final 

subset of students, those who forecasted all four typical collegiate years can be examined to see 

how this distinct group of students performed as they progressed.  Only 69 students forecasted 

for all four of these traditional class levels, with only 40 students forecasting at least 75% of at 

least one semester each year.  Table 4.60 summarizes the results.  For those 69 students who 

submitted any forecasts, there was high significance in improving scores between each of the  

 

Table 4.60 

Results of matched paired tests between class levels for students who forecasted all four 

traditional class levels, for any participation (69 students, left) and 75%+ participation (40 

students, right).  The top portion of the table shows the mean differences between each pair of 

adjacent class levels and corresponding p values.  The bottom portion is as in Table 4.57, using 

matched paired tests between the two groups indicated on the left. 

 

Any Participation  75%+ Participation 

       

  
Mean 

Difference 
p 

value  
  

Mean 
Difference 

p 
value 

Freshman to Sophomore -1.27 0.002  Freshman to Sophomore -1.53 0.003 

Sophomore to Junior -1.08 0.000  Sophomore to Junior -0.83 0.026 

Junior to Senior -1.12 0.002  Junior to Senior 0.11 0.699 

       

       

  t statistic 
p 

value  
  t statistic 

p 
value 

Freshman to Sophomore 
and Sophomore to Junior 

-0.291 0.772 
 

Freshman to Sophomore 
and Sophomore to Junior 

-1.179 0.246 

Sophomore to Junior and 
Junior to Senior 

0.088 0.930 
 

Sophomore to Junior and 
Junior to Senior 

-1.743 0.089 

Freshman to Sophomore 
and Junior to Senior 

-0.263 0.794 
 

Freshman to Sophomore 
and Junior to Senior 

-2.584 0.014 
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adjacent class levels.  However, the mean differences between each of the three groups were 

very similar, and the t tests conducted between these three means all resulted in extremely high p 

values, indicating that there was no significant difference between the improvement shown 

throughout these students’ careers.  That is, these students showed constant improvement 

throughout all four years of their undergraduate career, with no slowing in their progress. 

 When evaluating the 40 students who forecasted at least 75% of the time, however, 

significant slowing of the improvement was shown.  These students exhibited improvement at a 

statistically significant level between their freshman and sophomore years and between their 

sophomore and junior years, but displayed no improvement in their forecast skills between their 

junior and senior years.  As a result, a significant change in the mean difference occurred 

between the freshmen to sophomore and junior to senior groups, indicating that the improvement 

in skill slowed at a statistically significant level.  Very interestingly, when evaluating the 29 

forecasters who did not submit forecasts for at least 75% of the time for at least one semester 

each year, significant acceleration of improvement was seen, with mean differences of -0.84 

between their freshman and sophomore years (not significant), -1.95 between their sophomore 

and junior years (highly significant), and -2.52 between their junior and senior years (highly 

significant). 

4.4.3.2.1 Comparing magnitude of improvement by element 

 The tests presented in Section 4.4.3.2 were also conducted by forecast element to 

determine whether the magnitude of improvement change throughout students’ undergraduate 

career depends on the forecast element.  Results of these tests are summarized in Table 4.61. 
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Table 4.61 

Results of matched paired and t tests between groups of students in each class, as in Tables 4.58 

through 4.60, except by forecast element.  Each element shows results for all students who 

forecasted both their freshmen and sophomore years or both their junior and senior years, as 

well as for students who forecasted all four years, and for both participation levels. 

 

 All Students, Any Participation  All Students, 75%+ Participation 

H
ig

h
 T

e
m

p
er

at
u

re
 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -0.906 0.002  Freshman-Sophomore -0.623 0.021 

Junior-Senior -0.398 0.000  Junior-Senior -0.190 0.030 

           
 t statistic p value  

 t statistic p value 

Freshman to Sophomore 
and Junior to Senior 

-1.737 0.083 
 

Freshman to Sophomore 
and Junior to Senior 

-1.539 0.126 

       
Four-year students, Any Participation  Four-year Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -0.179 0.621  Freshman-Sophomore -0.147 0.604 

Junior-Senior -0.668 0.032  Junior-Senior 0.086 0.734 

           
 t statistic p value  

 t statistic p value 

Freshman to Sophomore 
and Junior to Senior 

1.010 0.316 
 

Freshman to Sophomore 
and Junior to Senior 

-0.581 0.565 

 

 Table 4.61 indicates that for the forecast element of high temperature, significant 

improvement (at the 0.05 level) is seen between the freshman and sophomore class levels when 

all students are considered, but not for four-year students, and significant improvement is seen 

between the junior and senior class levels for all students as well as for the four-year students 

with any participation.  However, there is no significant difference noted for any of the groups 

between these two mean differences, and thus improvement is either steady, in the case of all 

students, or non-existent across all years, in the case of the four-year students at the higher 

participation threshold. 
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Table 4.61 (continued) 

 

Lo
w

 T
em

p
er

at
u

re
 

All Students, Any Participation  All Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -0.716 0.006  Freshman-Sophomore -0.910 0.000 

Junior-Senior -0.559 0.000  Junior-Senior -0.329 0.000 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
-0.562 0.574 

 

Freshman to 
Sophomore and Junior 

to Senior 
-2.377 0.018 

       
Four-year students, Any Participation  Four-year Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -0.697 0.063  Freshman-Sophomore -0.905 0.025 

Junior-Senior -0.536 0.052  Junior-Senior 0.285 0.272 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
-0.352 0.726 

 

Freshman to 
Sophomore and Junior 

to Senior 
-2.607 0.013 

 

W
in

d
 S

p
ee

d
 

All Students, Any Participation  All Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -1.330 0.000  Freshman-Sophomore -1.604 0.000 

Junior-Senior -1.137 0.000  Junior-Senior -1.072 0.000 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
-0.551 0.582 

 

Freshman to 
Sophomore and Junior 

to Senior 
-1.497 0.136 

       
Four-year students, Any Participation  Four-year Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -0.668 0.115  Freshman-Sophomore -1.766 0.001 

Junior-Senior -1.404 0.000  Junior-Senior -0.473 0.153 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
1.162 0.249 

 

Freshman to 
Sophomore and Junior 

to Senior 
-1.877 0.068 
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Table 4.61 (continued) 

 

P
re
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p
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n

 

All Students, Any Participation  All Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -2.041 0.000  Freshman-Sophomore -1.301 0.000 

Junior-Senior -0.436 0.000  Junior-Senior -0.274 0.000 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
-4.061 0.000 

 

Freshman to 
Sophomore and Junior 

to Senior 
-3.625 0.000 

       
Four-year students, Any Participation  Four-year Students, 75%+ Participation 

 Mean Difference p value   Mean Difference p value 

Freshman-Sophomore -1.366 0.000  Freshman-Sophomore -0.792 0.004 

Junior-Senior -0.297 0.145  Junior-Senior 0.183 0.145 

           
 t statistic p value  

 t statistic p value 

Freshman to 
Sophomore and Junior 

to Senior 
-2.797 0.007 

 

Freshman to 
Sophomore and Junior 

to Senior 
-3.044 0.004 

 

 For low temperatures, improvement is again significant for all students between their 

freshman and sophomore years, as well as for four-year students at the higher participation 

threshold between their freshman and sophomore years.  For both all students and four-year 

students with any participation, there is no significant difference between the two groups, so 

improvement is consistent from the first two years to the second two years.  For those in the 

higher participation threshold, there are significant differences, with improvement in the first two 

years slowing for the second two years. 

 Wind speeds show significant improvement between most sets of adjacent classes tested, 

with the exception of four-year students at the higher participation threshold between their junior 

and senior years, and four-year students with any participation between their freshman and 



E c k s t e i n  | 193 
 

sophomore years.  None of the differences between the freshman-sophomore and junior-senior 

groups are significant, however, so those groups that show improvement continue to do so 

without a significant slowing in skill development. 

 Precipitation is the only forecast element that shows a significant reduction in forecast 

skill between students’ first two years and second two years for all groups.  Individual matched 

paired tests indicate significant improvement in forecast skill for all but four-year students 

between their junior and senior years, but the rapid initial improvement between forecasters’ 

freshman and sophomore years slows significantly by their second two years.  All students with 

any participation show the most improvement between their freshman and sophomore year of 

any element, with a decline in normalized precipitation score of -2.041, but that slows to an 

improvement of only -0.436 between the junior and senior years, albeit still significant.  This 

agrees with previous observations that precipitation, more than any other element, shows a more 

rapid improvement in the first year of forecasting (even after starting with a much better score 

than the other elements), followed by much slower improvement as students struggle to gain as 

much of an advantage over others in precipitation forecasting due to its highly variable and 

difficult-to-predict nature. 

4.4.4. Comparing scores for each category for single-year forecasters 

 The final method to measure skill differences by class level was to examine single-year 

forecasters who participated in the contest while in category 4 (freshmen and sophomores) vs. 

those participating in category 3 (juniors and seniors).  All these forecasters have the same 

experience level in the contest as it was their only year of participation, but presumably differ in 

meteorological knowledge (and perhaps some forecast experience external to the contest, such as 

in forecast laboratories in their university curricula). 
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 Table 4.62 presents the results of the analysis of the t tests between the two forecast 

categories (class levels), as well as tests between the two semesters of each category.  For the 

latter tests, a little more meteorological knowledge is present in the spring semester of each 

forecaster’s year of participation.  Although there are some forecasters who participated for the 

spring only, more experience is also inherently present as well and thus the influence of class 

level is more difficult to determine. 

  

Table 4.62 

Results of t tests between the two categories of single-year forecasters and the fall and spring 

semesters of each group.  The top portion gives summary statistics and t test results for tests 

between the two classes at both participation levels, while the bottom portion gives summary 

statistics and t test results for the comparison between fall and spring semesters for both class 

and participation levels. 

 

Category 3 vs. Category 4 
Mean Sample Size   T test results 

Category 
4 

Category 
3 

Category 
4 

Category 
3   

t 
statistic 

p 
value 

  Any Participation 9.793 6.251 2826 5428   19.137 0.000 

  75%+ Participation 4.034 2.671 338 1432   4.638 0.000 

                  

Fall Semester vs. Spring Semester 
Mean Sample Size   T test results 

Fall Spring Fall Spring   
t 

statistic 
p 

value 

Category 4 
Any Participation 9.701 9.154 2745 1605   2.068 0.019 

75%+ Participation 6.726 6.658 1089 418   0.173 0.431 

Category 3 
Any Participation 6.121 5.695 5362 3444   2.722 0.003 

75%+ Participation 4.192 3.036 3195 1007   6.704 0.000 

 

 These results confirm the hypothesis that there are significant differences between skill 

scores of the two class levels for both any participation and 75%+ participation.  Category 3 

(upperclassman) forecasters exhibit significantly better skill scores with improved 

meteorological knowledge.  Interestingly, freshmen and sophomores (category 4) who submit 
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forecasts at least 75% of the time also have significantly better forecast scores (p value 0.000) 

than juniors and seniors (category 3) who submit any number of forecasts.  This may be 

indicative of a substantial effect of participation level on scores, although as stated previously, is 

also likely largely due to the fact that students who are doing better in the contest are probably 

those submitting more forecasts, either because of more general interest in forecasting, more 

retention of interest due to better scores, or less forgetfulness to submit forecasts.  Thus, the 

effect of participation level cannot be resolved. 

 The results of the tests comparing fall and spring semesters show that there are significant 

differences between the two semesters for every group except category 4 forecasters at the higher 

participation level.  Category 3 forecasters at the higher participation level, in contrast, show the 

highest improvement in skill between the two semesters.  This may indicate that some increased 

meteorological knowledge (and some increased experience) may affect the forecasting skill of 

upperclassmen more than that of underclassmen. 

4.4.4.1. Comparing scores for each category for single-year forecasters, by element 

 Table 4.63 summarizes the same t-tests in Section 4.4.4, but for each forecast element.  

The differences in mean forecast skill score are highly significant with p values near zero 

between underclassmen and upperclassmen for every forecast element, and for both students 

who submitted any forecast and those who only submitted forecasts 75% or greater of the time.  

 The means for the fall and spring semesters are all different with high significance (p 

values of 0.004 or lower) for high temperatures and with significance at the 0.03 level (p values 

of 0.026 or lower) for wind speeds across both categories of forecasters and both participation 

thresholds.  Thus the additional meteorological knowledge and/or experience in both categories 

improves the skill in forecasting high temperatures and maximum wind speeds.  Low  
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Table 4.63 

As in Table 4.62, but for each forecast element.  Sample sizes are not given as they are identical 

to those found in Table 4.62. 

 

H
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Category 3 vs. Category 4 
Mean   T test results 

Category 
4 

Category 
3   

t 
statistic 

p 
value 

  Any Participation 5.868 4.094   12.894 0.000 

  75%+ Participation 2.716 2.123   2.989 0.001 

              

Fall Semester vs. Spring Semester 
Mean   T test results 

Fall Spring   
t 

statistic 
p 

value 

Category 4 
Any Participation 5.723 5.113   2.928 0.002 

75%+ Participation 4.456 3.055   2.741 0.004 

Category 3 
Any Participation 4.069 3.483   5.003 0.000 

75%+ Participation 3.150 1.360   7.988 0.000 

                

                

Lo
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Category 3 vs. Category 4 
Mean   T test results 

Category 
4 

Category 
3   

t 
statistic 

p 
value 

  Any Participation 6.860 4.700   16.512 0.000 

  75%+ Participation 3.384 2.512   4.671 0.000 

              

Fall Semester vs. Spring Semester 
Mean   T test results 

Fall Spring   
t 

statistic 
p 

value 

Category 4 
Any Participation 6.896 6.523   1.865 0.031 

75%+ Participation 5.089 3.915   2.049 0.022 

Category 3 
Any Participation 4.649 4.463   1.621 0.053 

75%+ Participation 3.533 2.092   5.545 0.000 
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Table 4.63 (continued) 

 
W
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Category 3 vs. Category 4 
Mean   T test results 

Category 
4 

Category 
3   

t 
statistic 

p 
value 

  Any Participation 8.216 5.472   17.873 0.000 

  75%+ Participation 3.775 2.434   4.155 0.000 

              

Fall Semester vs. Spring Semester 
Mean   T test results 

Fall Spring   
t 

statistic 
p 

value 

Category 4 
Any Participation 8.234 7.768   1.951 0.026 

75%+ Participation 6.170 4.314   2.244 0.014 

Category 3 
Any Participation 5.473 4.815   4.647 0.000 

75%+ Participation 4.096 0.940   9.425 0.000 

                

                

P
re

ci
p

it
at

io
n

 

Category 3 vs. Category 4 
Mean   T test results 

Category 
4 

Category 
3   

t 
statistic 

p 
value 

  Any Participation 4.074 1.930   11.146 0.000 

  75%+ Participation 0.652 0.135   3.499 0.000 

              

Fall Semester vs. Spring Semester 
Mean   T test results 

Fall Spring   
t 

statistic 
p 

value 

Category 4 
Any Participation 4.158 3.689   1.622 0.052 

75%+ Participation 1.771 2.393   -0.764 0.226 

Category 3 
Any Participation 1.806 1.777   0.206 0.418 

75%+ Participation 0.776 1.166   -0.813 0.210 

 

temperatures show similar significance to wind speeds in their differences across semesters, with 

p values of 0.031 or lower for most groups, but category 3 forecasters with any participation did 

not reveal significant difference in skill between the fall and spring semesters.  Finally, 

precipitation shows no significant differences between the two semesters for any group of 

forecasters, regardless of category or participation level.  This agrees with previous findings that 
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improvement in precipitation forecasting is slower than that of other elements after students start 

with a much better skill score due to the difficulty, complexity and high variability of 

precipitation forecasting and models’ difficulties with handling exact precipitation processes.  In 

fact, for all students who forecast at least 75% of each semester, regardless of forecast category, 

spring semester scores are less skillful than those of fall; however, these differences are not 

statistically significant. 

4.5. Regression model 

 The final analysis involved creating a regression model to determine how much the 

various factors influence the variability in forecast scores.  The factors examined were each 

student’s status of course enrollment, the percentage of days for which they submitted forecasts, 

their class level, and their experience level in the WxChallenge, measured by the number of 

semesters for which they had participated to that point.  Each student had a distinct data record 

for each semester he/she participated that were analyzed separately in the analysis.  The 

aforementioned independent variables were all identical for the same student and for the same 

semester. 

 Table 4.64 provides the output from Microsoft Excel’s regression analysis tool.  After 

separating each student’s forecast data by semester, there were just over 19,000 semesters of data 

to include in the analysis.  The analysis provides a multiple regression model that is a very good 

fit for the data (F statistic of 1167 and p value of zero) due to the large sample size, but that only 

explains about 20% of the variability in forecast scores.  Because the p values for each 

independent variable are essentially zero, there is very high confidence that they are in fact 

different from zero and thus each enhances the model’s prediction.  There is a significant 

relationship between each variable and the total mean scores for each semester.  However, the  
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Table 4.64 

Regression summary output, as produced by Microsoft Excel’s regression analysis tool except 

with values rounded, for total mean scores with independent variables of course enrollment, 

class level, percent of days forecast, and the experience level (semester number of participation). 

 

  

Regression 
Statistics      

  Multiple R 0.444    

  R Square 0.197    

  Adjusted R Square 0.197    

  Standard Error 6.851    

  Observations 19017    

       

ANOVA       

  df SS MS F Significance F  
Regression 4 219097.4 54774.3 1166.8 0.000  

Residual 19012 892478.3 46.9    

Total 19016 1111575.7        

       

  
Coefficient

s Standard Error t Stat P-value Lower 95% 
Upper 
95% 

Intercept 16.181 0.184 88.035 0.000 15.821 16.541 

Course Enrollment 1.655 0.102 16.257 0.000 1.455 1.854 

Percent Days -0.096 0.002 -53.185 0.000 -0.100 -0.093 

Class Level -0.458 0.023 -20.011 0.000 -0.502 -0.413 

Semester Number -1.101 0.045 -24.493 0.000 -1.189 -1.013 

 

very large variability of the total mean scores that are not explained by these variables alone 

makes this regression model fairly imprecise. 

 The independent variables are expressed as listed in Table 4.65, and the forecast equation 

of the model produced by the regression analysis is as listed in Equation 4.1.  Thus, the model 

tells us the following about each of the independent variables, much of which was also found in 

earlier analyses: 
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Table 4.65 

Possible values and explanation for each independent variable used in the regression models. 

Independent Variable Possible Values Explanation of Values 

Course Enrollment 0, 1 
0: No Enrollment                                         

1: Enrollment 

Percent Days 0-100, inclusive 
Raw percent of days with 

submitted forecasts 

Class Level 
1, 2, 3, 4,                                
5, 6, 7, 8 

1: Freshman                                                    
2: Freshman/Sophomore                                             

3: Sophomore                                                                
4: Junior with Sophomore Status          

5: Junior                                                         
6: Junior/Senior                                                        

7: Senior                                                    
8: Second-year senior 

Semester Number 
1, 2, 3, 4, 5, 
6, 7, 8, 9, 10 

Total number of semesters 
(including the current one) for 

which the student has forecasted 

 

  Total Mean Score = 1.655 x Course Enrollment 

  – 0.096 x Percent Days – 0.458 x Class Level 

  – 1.101 x Semester Number + 16.181    (Eqn. 4.1) 

 

 Students participating in the WxChallenge as part of enrollment in a course produce 

scores, on average, 1.655 points worse (less skillful) than students not enrolled in classes 

for the contest. 

 Total mean scores improve by an average of nearly 0.1 points for every 1% increase in 

submitted forecasts.  With approximately 50 forecast days per semester, this means that 

for every additional forecast submitted, the average score improves by nearly 0.2 points. 
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 Skill scores improve, on average, 0.458 points for each one-step increase in class level as 

outlined in Table 4.64.  Thus, second-year seniors, seven steps higher in the list with a 

class value of 8 than freshmen with a class value of 1, can be expected to average 3.206 

points better than freshmen. 

 Each semester brings an average improvement in mean total score of 1.1 points.  This 

increased experience could have some reflection of increased meteorological knowledge 

as well, but class level is not taken into account for this variable.  A forecaster 

participating in his or her 10th semester can be expected to average 9.9 points better than 

a forecaster in the first semester. 

 The highest average score possible is modeled for a freshman student with enrollment in 

a class for the contest, in their first semester of the WxChallenge and with only one 

submitted forecast (approximately 2 percent), which is about 16.09 (1.61 standard 

deviations worse than the national consensus).  The best average score possible is 

modeled for a second-year senior student, participating in their tenth semester, with no 

course enrollment, and who submitted every forecast possible for the semester.  This 

modeled score is about -8.095, far below the national consensus (in reality, such a score 

has never happened for an entire semester). 

 Much of the residual variability in mean total scores is dependent on other factors, so 

while each of these variables contributes with significance to affect total scores, most of the 

variability is still not explained by experience, class level, participation level, or course 

enrollment alone.  In addition, a multiple linear regression model is probably not the best model 

to use to forecast scores, as some variables (such as class level and experience) appear to affect 

scores in a non-linear way.  For example, both class level and experience appear to affect scores 
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much earlier in a student’s undergraduate career than later, and means in scores tend to level or 

even decrease slightly later in a student’s career (potentially due to increased workloads or 

limitations on improving much further).  Thus a linear regression model that assumes constant 

improvement is not the best model; a polynomial or logarithmic regression model would likely 

be much better. 

4.5.1. Regression models, by element 

 Table 4.66 summaries some of the most important values from the regression analysis for 

each individual forecast element.  The model is a significant fit for each element, but in no case 

is the model a precise predictor; in fact, the R square values for every element are lower than that  

Table 4.66 

Summary of important values from regression analysis for each forecast element. 

    

High 
Temperature 

Low 
Temperature 

Wind Speed Precipitation Total Scores 

              

  Adjusted R Square 0.109 0.150 0.164 0.073 0.197 

  Significance F (model p value) 0.000 0.000 0.000 0.000 0.000 

              

C
o

ef
fi

ci
e

n
ts

 Intercept 10.000 11.360 13.039 6.905 16.181 

Course Enrollment 0.958 1.098 1.086 1.080 1.655 

Percent Days -0.062 -0.068 -0.069 -0.049 -0.096 

Class Level -0.231 -0.283 -0.350 -0.260 -0.458 

Semester Number -0.523 -0.577 -1.001 -0.462 -1.101 

              

p
 v

al
u

es
 

Intercept 0.000 0.000 0.000 0.000 0.000 

Course Enrollment 0.000 0.000 0.000 0.000 0.000 

Percent Days 0.000 0.000 0.000 0.000 0.000 

Class Level 0.000 0.000 0.000 0.000 0.000 

Semester Number 0.000 0.000 0.000 0.000 0.000 
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for total mean scores.  The model explains the most score variability for wind speed, but that is 

still only 16.4% of the total variability in wind speed scores.  Perhaps not surprisingly, the model 

explains the least variability for precipitation; only 7.3% of the total variability in scores can be 

explained using the four independent variables. 

 Every independent variable’s p value is essentially zero, so all of them affect the 

elemental score in some significant way despite the low explanation of variability.  The 

coefficients are generally similar for each element, with the same sign direction for each.  Thus, 

the presence of course enrollment increases scores (makes them less skillful), while increased 

percentage of days for which forecasts were submitted, increased class level, and increased 

experience all improve the scores.  The intercept for wind speed is highest, suggesting that 

students have the highest scores for wind speeds when they first begin forecasting.  Precipitation 

has the lowest intercept, indicating that precipitation scores are initially the lowest.  Both of these 

results are consistent with previous findings.  Course enrollment essentially affects all the 

elements similarly, with its influence on high temperature scores a bit lower than the other three 

elements.  The percentage of days forecast affects precipitation the least and the other three 

elements similarly, while class level influences wind speed the most.  Experience has the greatest 

influence on wind speed as well, with the least effect on precipitation.  Each increased semester 

of experience improves wind speed scores by over a point, but temperature scores are only 

impacted by 0.5 to 0.6 points and precipitation scores by less than half a point.  Total mean 

scores receive the most impact from all variables. 

4.6. Discussion 

 It was determined from this analysis that certain groups of students are more inclined to 
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achieve better forecast scores or participate more in the WxChallenge than others, with many 

significant differences between score means.  Specifically: 

 Students not enrolled in courses have significantly better skill scores and a significantly 

lower percentage of forecasts submitted than those enrolled.  This varies somewhat for 

each individual element, but generally freshmen, sophomores, and juniors show the most 

consistent significant differences in scores between the two groups.  A regression model 

quantifies the influence of course enrollment on scores at an average of 1 to 1.5 points.  It 

is likely that students forecasting on their own are more interested in forecasting in the 

first place than the average student participating as a course requirement, and thus would 

be likely to show better skill.  Students enrolled in courses are likely to be required to 

submit a specific number or percent of forecasts, or perform well enough relative to 

others for their course grade, and thus would be more likely to miss less forecasts. 

 Forecast skill varies significantly with differing experience level, keeping class level 

constant, for both juniors and seniors through their 3rd and 4th years in the contest.  

Seniors between their third and fourth years, however, do not show significant 

differences.  Each forecast element shows similar results. 

 Scores differ significantly by the number of semesters students have forecasted in the 

contest, particularly between the first through third or fourth semesters to all subsequent 

semesters.  This suggests that significant improvement occurs through about the fourth or 

fifth semester of participation, with little to no improvement thereafter.  This varies 

slightly by element, with precipitation showing significant improvement ending earlier, 

after the third semester, and significant improvement in high temperatures ending the 

latest, after the sixth semester.  The regression model quantifies the average improvement 
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in score of over a point per semester forecasted, although that is also an average for all 

semesters forecasted assuming a linear trend in improvement (which is not the case). 

 The difference between forecasters’ first and last semesters, using matched paired tests, 

reveals significant improvement.  This includes single-year forecasters and all other 

students who forecasted up to eight semesters. 

 Precipitation scores begin much lower than other elemental scores, fall to the national 

consensus much earlier, and show more gradual improvement through time, with 

significant improvement generally limited to early in a student’s undergraduate career or 

experience in the contest.  Wind speeds begin with the worst scores of any element but 

improve most quickly, reaching the national consensus before temperatures, which often 

never fall to the national consensus. 

 Means from individual forecasts for each student show that students gradually improve 

through their 100th to 130th forecast with little to no improvement thereafter, which is 

largely consistent with the findings from Roebber and Bosart (1996) of a 65- to 110-day 

development period for inexperienced forecasters, albeit a little longer.  This 

improvement period varies from about 120 forecasts for total scores and temperatures to 

180 forecasts for wind speed scores, which drop slightly below the national consensus 

after a couple hundred forecasts.  Precipitation scores fall below the national consensus 

by as early as the 75th forecast.  Temperature forecasts never fall to the national 

consensus, so this is where more educated and experienced students beyond the 

undergraduate level typically gain most advantage.  Undergraduates can compete with 

other categories of forecasters on precipitation and wind speed (though wind speed 

improvement takes longer), but not on temperatures, on average. 
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 Keeping experience constant, forecast skill varies significantly for class level for those in 

their first two years of the contest, although not for those in their third.  Thus, class level 

makes a difference in skill for these students; by the third year, juniors and seniors have 

roughly equivalent scores.  This holds for all elements except class level does not matter 

for students in their second year forecasting precipitation. 

 Class level affects forecast scores significantly.  There are significant differences between 

freshmen, sophomores and juniors and all levels after each.  The difference between 

seniors and second-year seniors, however, is not significant.  This holds true for every 

element as well except precipitation, which shows much steadier and non-significant 

improvement after the sophomore year.  The regression model quantifies this 

improvement as nearly 0.5 points per increase in class level. 

 Single-year forecasters display significant differences in forecast scores between category 

4 (freshmen/sophomores) and category 3 (juniors/seniors) forecasters, with the latter 

group exhibiting better scores.  Most show significant differences between fall and spring 

semesters as well, except precipitation. 

 More improvement is shown between the freshman and sophomore years of the average 

student than between their junior and senior years.  For those submitting more forecasts, 

the improvement generally lasts longer, through about the junior year.  This varies with 

element; high temperatures and wind speed show steadier improvement with no 

significant changes in improvement, low temperatures show steady improvement except 

for students submitting most of their forecasts, and precipitation shows significant 

changes in improvement due to the rapid drop in forecast progress after the second year. 



E c k s t e i n  | 207 
 

 The linear regression model contributes to only 20% of the variability in total mean 

scores.  The rest of the variability is due to other factors, including the non-linear nature 

of the influence from class level and experience. 

 These findings support previous research concluding that student forecasters undergo a 

“training period” during which they are more quickly learning the basics of forecasting and the 

particular forecast contest procedures, along with increasing meteorological knowledge, 

followed by slower to no improvement.  It also aligns with previous analyses finding that 

precipitation is a more difficult element for more experienced and educated forecasters to find an 

advantage, due to its erratic nature and the struggle of computer forecast models with 

precipitation processes.  These analyses also add information to those studies in that it examines 

the first eleven years of data for the WxChallenge, the most comprehensive forecast contest in 

place for student forecasters due to its North American reach and large number of participants, 

utilizing data for students from a wide range of universities and academic departments.  It also 

uncovers noteworthy data of significant value that can impact how the WxChallenge is used in 

meteorology classes and forecasting laboratories. 

 While there will clearly be outliers, this research showed that experience is perhaps the 

most influential factor on the improvement of students’ forecast skill in the contest, at least for 2-

3 years.  As discovered, most students who participate in the WxChallenge only do so for a 

single year, and many of those only for one semester. 

 The benefits of additional experience forecasting in the contest should be communicated 

to students early in their collegiate careers, even if they are not required to forecast for a class.  

There have been much fewer participants in the freshman and sophomore classes than juniors 

and seniors; if younger, more experienced students are encouraged to participate, as well as to 
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not despair when they are not competitive with more experienced and educated forecasters, the 

benefits of having the additional experience can help them greatly when they are upperclassmen 

and allow for training of classes of more skillful forecasters. 

 Many undergraduates, however, do not yet know if meteorology is right for them (and 

many may change majors in college), or are intent to go into research instead of forecasting.  In 

fact, not performing well in the contest relative to others, particularly for freshmen, may turn 

them away early, so encouraging earlier participation could have this opposite effect as well.  

Requiring participation as part of undergraduate classes may not have the desired effect either, 

and in fact the study showed that students forecast significantly better if they are interested in it 

on their own and are not necessarily required to for a class.  Those issues can potentially be 

overcome, however, by explaining the benefits of the extra experience and the support of this 

research proving that forecasters do in fact improve substantially through at least their first 2-3 

years and at least their junior year. 

 If students are discouraged by their struggles with a single forecast element, such as wind 

speed – which has the worst initial skill score – evidence now exists to show that scores for wind 

speed increase most rapidly of all elements.  In fact, scores for all elements also improve 

significantly with time, albeit some less than others.  Undergraduates continue to wrestle with 

temperature forecasting throughout their collegiate career, but even those continue to improve 

significantly through experience and education. 

 It has also been shown that students do even better with consistent forecasting.  

Participating for a semester isn’t nearly as beneficial for students who only submit a forecast 

once or twice a week (or even less), because improvement is also significant over the 

accumulation of individual forecasts.  As discovered, forecasters usually plateau, on average, 
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with scores near the national consensus after approximately 100-140 individual forecasts – or a 

year to year and a half of submitting forecasts every day.  After this time, many forecasters 

would be capable of competing with the best category 3 forecasters and potentially with graduate 

students and faculty for overall prizes in the contest.  Thus, a freshman who forecasts every day 

would have a much greater chance at competing for these prizes throughout their sophomore 

year than if they don’t get the early experience or forecast every day. 

 Many universities already hold local forecasting contests, but for those who do not yet, a 

local contest – with forecast locations more familiar to local students and a smaller group of 

competitors with which to compete for prizes or bragging rights – could also be perfect settings 

for underclassman students who are not yet comfortable competing with students nationally, or 

uncertain about their career direction.  They would provide definite beneficial experience for 

more inexperienced forecasters to quickly learn the forecast process. 

 This research also had several limitations, however; some can be addressed by further 

work beyond the scope of this study.  Analyzing the effect of students’ experience or class level 

on forecast scores inherently involves a change in the other when the same students are 

examined, and even when means of different students are examined, different levels of 

experience necessarily involve different class levels (students don’t remain freshmen for multiple 

years, for example).  Thus, it was difficult to separate the effects of experience and class level on 

forecast skill as they are largely not independent from each other, so they almost have to be 

considered jointly.  Future work could divide forecasters by both class level and experience; for 

example, there would be groups for freshmen with no prior experience in the contest, freshmen 

with one semester prior experience, and so on, up to second-year seniors with nine prior 

semesters of experience.  This was done to an extent in this study when measuring class level 
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and experience while keeping the other variable constant, but not to the degree for which it 

could. 

 The independent variable of percentage of days forecast used in the regression model 

may well be both an influencer of forecast scores at the same time as be influenced by scores.  

Students who aren’t performing well in the contest are much more likely to despair and miss 

forecasts than those with lower scores.  Thus this variable as an independent input variable to the 

regression model is likely dubious. 

 The procedure to identify individual student participants of the contest could use 

improvement.  Students were identified using identical forecast names and schools, rationalizing 

that those with those same credentials, who matched a reasonable pattern of forecast categories, 

was the same person.  Even more importantly, this undoubtedly treated some students who 

changed forecast names or schools throughout their undergraduate career as different students 

with less experience rather than one student with more experience.  Because of the unavailability 

of identifying information for forecasters, this procedure was required for this study; however, 

research using more definite identification to assign classes and link different forecast names to 

the same student would yield more accurate results. 

 A multiple linear regression analysis and model was insufficient for this study, given 

other results that indicated that scores vary non-linearly for factors such as class and experience.  

A multiple polynomial or logarithmic model may serve the data better and be a better fit with 

much more variability in forecast scores explained.  Examining the range in forecast scores 

around the regression predictions could be beneficial as well; it is hypothesized that there is a 

rather wide range in scores outside the predictions. 

 This study did not explore how students perform in relation to model forecasts.  Given 
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models’ difficulty with dynamics such as precipitation processes and boundary layer winds, it 

could be helpful in future work to examine how students perform in relation to model forecasts, 

particularly with regards to precipitation.  This research examined how undergraduate students’ 

skill changed in relation to the national consensus forecasts, but did not examine how the 

national consensus forecast changed with respect to model forecasts or actual observations (the 

latter which can have wide variations by forecast location, which is why normalizing scores 

around the national consensus was used). 
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V. Summary and Conclusions 

 Forecast scores for the first eleven years of the WxChallenge were analyzed in this study 

to determine primarily how experience in the contest and academic class level shaped students’ 

forecast skill level.  It was anticipated that the results would reveal patterns of improvement as 

students gained weather forecasting experience and meteorological knowledge through college 

coursework, exposing a need for early introduction of contest participation to produce more 

skillful graduating forecasters and validating the WxChallenge’s claim as a useful tool in the 

meteorology classroom. 

 Forecasts were gathered from the WxChallenge website, rescored and normalized on a 

daily basis, and statistically compared using many varying groups of students, organized by class 

level or experience, to determine changes and differences in scores.  ANOVA tests were used to 

compare the means of multiple groups to determine whether skill varied between them.  Welch’s 

two-sample t tests were conducted to evaluate the means of two groups, and matched paired t 

tests to compare the skill scores of the same students across two different periods of time to 

evaluate the difference in skill with different experience or class levels.  A linear multiple 

regression model was created to try to quantify how each factor contributed to total skill 

assuming a linear relationship. 

 It was revealed that increases in both experience and class level do in fact improve 

forecast skill significantly.  Students improved their skill for up to 130 individual forecasts, 

although little to no improvement was seen thereafter.  Juniors and seniors had significantly 

better forecast skill than underclassmen, and improvement is greatest earlier in a student’s 

undergraduate career.  Of all the forecast elements, students see the most improvement in wind 

speed forecasting through time, and although they forecast precipitation much better relative to 
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the national consensus early in their careers, they struggle greatly to improve precipitation 

forecasting nearly as much as they improve forecasting for temperatures and wind speed.  

Students who participate in the contest through their own volition and greater interest in 

forecasting score significantly better than students who are take part involuntarily through a 

college course, even though they submit fewer forecasts.  Finally, a linear regression model 

revealed that little of the variability in forecast skill scores was able to be explained by the 

factors of experience, class level, course participation, and participation rate, although significant 

relationships were shown between each factor and skill.  However, several of these factors were 

shown to have a nonlinear relationship with skill scores, and thus a nonlinear regression model 

would likely be more applicable. 

 Future research could explore these impacts on forecast skill further to add more 

knowledge to the basis of this study in addition to addressing some of its limitations to improve 

its accuracy.  Evaluating the influences on skill by university could be particularly interesting.  

Are class level and meteorological knowledge more influential at universities with more 

forecasting (operational) classes or those with more theory-intense programs?  Does participation 

in coursework make more or less of a difference at these universities?  Is there a statistical reason 

why certain universities have the best scores (more participants, more dedication to forecasting 

and thus higher participation rates, etc.)?  Do universities further east gain an advantage over 

those further west because there is more time for students to spend on a forecast after most 

classes end for the day and before the forecast deadline?  How does proximity of a university’s 

location to the forecast location affect forecast scores? 

 Regardless of what further investigation could reveal, the results of this analysis 

substantiate the WxChallenge’s claim as an effective tool in training successful operational 
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forecasters.  While increased meteorological knowledge also contributes to skill development, 

experience improves skill further even with upperclassmen.  Early exposure to forecasting 

experience, particularly in a competitive environment for increased incentive for progress, 

should be strongly encouraged for students interested in forecasting.  Potential early despair 

should be quelled with the likelihood of rapid improvement.  This prolonged experience, 

combined with increasing knowledge of the workings of the atmosphere, will help foster strong 

and competitive forecasters. 
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Appendix 
 

Table A1 

The 122 forecast sites for the first eleven years of the WxChallenge (2005 – 2016) (University of 

Oklahoma, 2016). 

 
 

ID Location ID Location ID Location 

2005-2006 (beta test) 2006-2007 2007-2008 

KILM Wilmington, NC KMCO Orlando, FL KHSE Cape Hatteras, NC 

KLBB Lubbock, TX KFAT Fresno, CA KGTF Great Falls, MT 

KDEN Denver, CO KCAR Caribou, ME KPWM Portland, ME 

KSFO San Francisco, CA KJAN Jackson, MS KPIA Peoria, IL 

KOKC Oklahoma City, OK KGJT Grand Junction, CO KEAT Wenatchee, WA 

KBOS Boston, MA KSAT San Antonio, TX KMSY New Orleans, LA 

PANC Anchorage, AK KINL International Falls, MN KCEC Crescent City, CA 

KDLH Duluth, MN KTUS Tucson, AZ KBUF Buffalo, NY 

KDCA Washington, DC KACY Atlantic City, NJ KMEM Memphis, TN 

KBHM Birmingham, AL KRAP Rapid City, SD KMSP Minneapolis, MN 

KLAS Las Vegas, NV KTOP Topeka, KS KDDC Dodge City, KS 

KHSI Hastings, NE         

2008-2009 2009-2010 2010-2011 

KJAX Jacksonville, FL KCHS Charleston, SC KBRO Brownsville, TX 

KCPR Casper, WY KDEN Denver, CO KGGW Glasgow, MT 

KGRB Green Bay, WI KSCK Stockton, CA KABE Allentown, PA 

KUIL Quillayute, WA KCLE Cleveland, OH KHSV Huntsville, AL 

KMCI Kansas City, MO KSTL St. Louis, MO KMKG Muskegon, MI 

KPHX Phoenix, AZ KATL Atlanta, GA KSEA Seattle, WA 

KJFK New York, NY KSEA Seattle, WA KRIC Richmond, VA 

KBHM Birmingham, AL KLIT Little Rock, AR KSUX Sioux City, IA 

KCVG Cincinnati, OH KBTV Burlington, VT KEKO Elko, NV 

KGSO Greensboro, NC KFAR Fargo, ND  KBOS Boston, MA 

KDFW Dallas, TX KAMA Amarillo, TX KOKC Oklahoma City, OK 

2011-2012 2012-2013 2013-2014 

KMIA Miami, FL KPNS Pensacola, FL KHOU Houston, TX 

KRIW Riverton, WY KBIL Billings, MT KCYS Cheyenne, WY 

KDAY Dayton, OH KSDF Louisville, KY KOUN Norman, OK 

PAJN Juneau, AK KAST Astoria, OR KCON Concord, NH 

KERI Erie, PA KSYR Syracuse, NY KGRR Grand Rapids, MI 

KMSY New Orleans, LA KAUS Austin, TX KATL Atlanta, GA 

KPVD Providence, RI KBUR Burbank, CA PAFA Fairbanks, AK 

KABQ Albuquerque, NM KEWR Newark, NJ KBWI Baltimore, MD 

PHTO Hilo, HI KDLH Duluth, MN KRDD Redding, CA 

KLNK Lincoln, NE KDSM Des Moines, IA KGFK Grand Forks, ND 

KSPS Wichita Falls, TX  KICT Wichita, KS  KSGF Springfield, MO  
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Table A1 (continued) 

 

ID Location ID Location 

2014-2015 2015-2016 

KILM Wilmington, NC KSDB Sandberg, CA 

KBTM Butte, MT KISP Long Island, NY 

KCAR Caribou, ME KDRO Durango, CO 

KABI Abilene, TX KTPA Tampa Bay, FL 

KANJ Sault Ste. Marie, MI KGRB Green Bay, WI 

KPHX Phoenix, AZ KMSY New Orleans, LA 

KSPI Springfield, IL KABR Aberdeen, SD 

KLGB Long Beach, CA KELP El Paso, TX 

KMGM Montgomery, AL KBKW Beckley, WV 

KLAR Laramie, WY KFWA Fort Wayne, IN 

KLIT Little Rock, AR KHSV Huntsville, AL 
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Table A2 

The 129 participating universities and teams during the first eleven years of the WxChallenge 

(2005 – 2016) (University of Oklahoma, 2016).  Some universities/teams have had participants 

every year of the contest, while some may have only had participants one or two years.  The total 

number of unique forecaster IDs used for each university or team is in parentheses after its 

name; for most teams this is roughly equal to the total number of participants. 
 

ID Participating University   ID Participating University 

AFA US Air Force Academy (357)   LOU University of Louisville (6) 

ALB SUNY Albany (204)   LSU Louisiana State University (10) 

AMH Amherst College (2)   LYN Lyndon State College (221) 

APP Appalachian State University (7)   MCC McHenry County College (1) 

AWS US Air Force Detachment 3, 18th Weather Squadron (12)   MCG McGill University in Montreal (82) 

BAL Ball State University (213)   MIA University of Miami (188) 

BGS Bowling Green State University (4)   MIL Millersville University (351) 

BKP SUNY Brockport (194)   MIT Massachusetts Institute of Technology (96) 

BUF Buffalo State College (6)   MIZ University of Missouri (15) 

BWU Bridgewater State University (45)   MLA Military Alumni (1) 

CAR Carthage College (6)   MON Montana State University (60) 

CGY University of Calgary (56)   MSC Metropolitan State University of Denver (167) 

CMU Central Michigan University (239)   MSS Mississippi State University (228) 

COD College of DuPage (129)   MSU Michigan State University (24) 

COL Columbia University (2)   NAU Northern Arizona University (20) 

COR Cornell University (41)   NCA University of North Carolina – Asheville (191) 

CRE Creighton University (46)   NCG University of North Carolina – Greensboro (1) 

CSU Colorado State University (36)   NCO University of Northern Colorado (278) 

CUB University of Colorado (5)   NCR National Center for Atmospheric Research (39) 

CUP California University of Pennsylvania (83)   NCS North Carolina State University (348) 

DEL University of Delaware (2)   NCT North Carolina A&T State University (6) 

DPG Dugway Proving Ground (1)   NIU Northern Illinois University (142) 

ECU East Carolina University (59)   NLC Northland College (39) 

ERD Embry-Riddle Aeronautical University - Daytona Beach (103)   NPS Naval Postgraduate School (84) 

ERP Embry-Riddle Aeronautical University – Prescott (97)   NV2 Naval Oceanographic Office Fleet Survey Team (2) 

FIT Florida Institute of Technology (100)   NVR University of Nevada – Reno (15) 

FIU Florida International University (86)   NVY US Naval Academy (13) 

FSU Florida State University (458)   NYO SUNY Oneonta (94) 

GIT Georgia Tech (103)   OHU Ohio University (165) 

GMU George Mason University (8)   OSU Ohio State University (134) 

HAR Harvard College (1)   OWS US Air Force 21st Operational Weather Squadron (8) 

HAW University of Hawaii (120)   PLY Plymouth State University (258) 

HOU University of Houston (6)   PSU Penn State University (464) 

HWS Hobart and William Smith Colleges (78)   PUR Purdue University (191) 

IND Indiana University (51)   RUT Rutgers University (230) 

ISU Iowa State University (210)   SBU SUNY Stony Brook (130) 

JSU Jackson State University (46)   SCS St. Cloud State University (49) 

KAN University of Kansas (123)   SDM South Dakota School of Mines and Tech (76) 

KNU Kean University (41)   SJS San Jose State University (140) 

KSU Kent State (49)   SKA University of Saskatchewan (13) 

LBL Lawrence Berkeley National Lab (1)   SLU St. Louis University (190) 

LCC Lansing Community College (73)   SNY SUNY Oswego (121) 
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Table A2 (continued) 

 

ID Participating University   ID Participating University 

SSC Salem State College (8)   UNL University of Nebraska – Lincoln (92) 

SSU Sonoma State University (26)   UOK University of Oklahoma (787) 

TAM Texas A&M University (849)   URI University of Rhode Island (6) 

TCC Tulsa Community College (1)   UTH University of Utah (57) 

TOL University of Toledo (19)   UTS Utah State University (14) 

TOR University of Toronto (26)   UUA Unaffiliated University Alumni (1) 

TTU Texas Tech University (68)   UVA University of Virginia (41) 

UAB University of Alberta (18)   UWA University of Washington (101) 

UAF University of Alaska – Fairbanks (4)   UWI University of Wisconsin – Madison (553) 

UAH University of Alabama – Huntsville (75)   UWM University of Wisconsin – Milwaukee (73) 

UAS University of Alaska – Southeast (1)   UWW University of Wisconsin – Whitewater (7) 

UAZ University of Arizona (7)   VAL Valparaiso University (421) 

UCB University of California – Berkeley (6)   VAN Vanderbilt University (21) 

UCV USN Carl Vincent (US Navy ship) (10)   VAT Virginia Tech (70) 

UGA University of Georgia (177)   WCS Western Connecticut State University (115) 

UIC University of Illinois at Urbana Champaign (385)   WFE US Air Force 96th Weather Flight at Eglin AFB (21) 

UKY University of Kentucky (1)   WHS Westside High School, Houston TX (26) 

ULM University of Louisiana – Monroe (179)   WIU Western Illinois University (92) 

UMD University of Maryland (67)   WKU Western Kentucky University (95) 

UMI University of Michigan (51)   WNI WeatherNews, Inc. (27) 

UML University of Massachusetts – Lowell (104)   WYO University of Wyoming (13) 

UNC University of North Carolina – Charlotte (262)  YRK York University in Toronto (143) 

UND University of North Dakota (219)    
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Table A3 

Dates for each city in the 11-year history of the WxChallenge through Spring 2016.  The dates 

are in the format yyyymmdd, where yyyy is the year, mm is the two-digit month, and dd is the 

two-digit day of the month.  This format matches that of the file names in the raw dataset.  Most 

cities had eight days of forecasting, but tournament cities (the last city of each season, plus 

Boston, MA at the end of Fall 2005) had 12 or 16 and dates for days 9-16 are listed on the 

second line for these cities. 
 

 City ID 
# 

Days 
Day 1/9 Day 2/10 Day 3/11 Day 4/12 Day 5/13 Day 6/14 Day 7/15 Day 8/16 

Se
as

o
n

 0
: 

2
0

0
5-

0
6 

Wilmington, NC KILM 8 20050913 20050914 20050915 20050916 20050920 20050921 20050922 20050923 

Lubbock, TX KLBB 8 20050927 20050928 20050929 20050930 20051004 20051005 20051006 20051007 

Denver, CO KDEN 8 20051011 20051012 20051013 20051014 20051018 20051019 20051020 20051021 

San Francisco, CA KSFO 8 20051025 20051026 20051027 20051028 20051101 20051102 20051103 20051104 

Oklahoma City, OK KOKC 8 20051108 20051109 20051110 20051111 20051115 20051116 20051117 20051118 

Boston, MA KBOS 12 20051129 20051130 20051202 20051203 20051206 20051207 20051209 20051210 

    20051213 20051214 20051216 20051217      

Anchorage, AK PANC 8 20060214 20060215 20060216 20060217 20060221 20060222 20060223 20060224 

Duluth, MN KDLH 8 20060228 20060301 20060302 20060303 20060307 20060308 20060309 20060310 

Washington, DC KDCA 8 20060314 20060315 20060316 20060317 20060321 20060322 20060323 20060324 

Birmingham, AL KBHM 8 20060328 20060329 20060330 20060331 20060404 20060405 20060406 20060407 

Las Vegas, NV KLAS 8 20060411 20060412 20060413 20060414 20060418 20060419 20060420 20060421 

Hastings, NE KHSI 12 20060425 20060426 20060428 20060429 20060502 20060503 20060505 20060506 

      20060509 20060510 20060512 20060513         

Se
as

o
n

 1
: 

2
0

0
6-

0
7 

Orlando, FL KMCO 8 20060926 20060927 20060928 20060929 20061003 20061004 20061005 20061006 

Fresno, CA KFAT 8 20061010 20061011 20061012 20061013 20061017 20061018 20061019 20061020 

Caribou, ME KCAR 8 20061024 20061025 20061026 20061027 20061031 20061101 20061102 20061103 

Jackson, MS KJAN 8 20061107 20061108 20061109 20061110 20061114 20061115 20061116 20061117 

Grand Junction, CO KGJT 8 20061128 20061129 20061130 20061201 20061205 20061206 20061207 20061208 

San Antonio, TX KSAT 8 20070130 20070131 20070201 20070202 20070206 20070207 20070208 20070209 

International Falls, MN KINL 8 20070213 20070214 20070215 20070216 20070220 20070221 20070222 20070223 

Tucson, AZ KTUS 8 20070227 20070228 20070301 20070302 20070306 20070307 20070308 20070309 

Atlantic City, NJ KACY 8 20070313 20070314 20070315 20070316 20070320 20070321 20070322 20070323 

Rapid City, SD KRAP 8 20070327 20070328 20070329 20070330 20070403 20070404 20070405 20070406 

Topeka, KS KTOP 12 20070410 20070411 20070413 20070414 20070417 20070418 20070420 20070421 

      20070424 20070425 20070427 20070428         

Se
as

o
n

 2
: 

2
0

0
7-

0
8 

Cape Hatteras, NC KHSE 8 20070925 20070926 20070927 20070928 20071002 20071003 20071004 20071005 

Great Falls, MT KGTF 8 20071009 20071010 20071011 20071012 20071016 20071017 20071018 20071019 

Portland, ME KPWM 8 20071023 20071024 20071025 20071026 20071030 20071031 20071101 20071102 

Peoria, IL KPIA 8 20071106 20071107 20071108 20071109 20071113 20071114 20071115 20071116 

Wenatchee, WA KEAT 8 20071127 20071128 20071129 20071130 20071204 20071205 20071206 20071207 

New Orleans, LA KMSY 8 20080129 20080130 20080131 20080201 20080205 20080206 20080207 20080208 

Crescent City, CA KCEC 8 20080212 20080213 20080214 20080215 20080219 20080220 20080221 20080222 
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Table A3 (continued) 

 

 City ID 
# 

Days 
Day 1/9 Day 2/10 Day 3/11 Day 4/12 Day 5/13 Day 6/14 Day 7/15 Day 8/16 

Se
as

o
n

 2
: 

2
0

0
7-

0
8 Buffalo, NY KBUF 8 20080226 20080227 20080228 20080229 20080304 20080305 20080306 20080307 

Memphis, TN KMEM 8 20080311 20080312 20080313 20080314 20080318 20080319 20080320 20080321 

Minneapolis, MN KMSP 8 20080325 20080326 20080327 20080328 20080401 20080402 20080403 20080404 

Dodge City, KS KDDC 12 20080408 20080409 20080411 20080412 20080415 20080416 20080418 20080419 

      20080422 20080423 20080425 20080426         

Se
as

o
n

 3
: 

2
0

0
8-

0
9 

Jacksonville, FL KJAX 8 20080930 20081001 20081002 20081003 20081007 20081008 20081009 20081010 

Casper, WY KCPR 8 20081014 20081015 20081016 20081017 20081021 20081022 20081023 20081024 

Green Bay, WI KGRB 8 20081028 20081029 20081030 20081031 20081104 20081105 20081106 20081107 

Quillayute, WA KUIL 8 20081111 20081112 20081113 20081114 20081118 20081119 20081120 20081121 

Kansas City, MO KMCI 8 20081202 20081203 20081204 20081205 20081209 20081210 20081211 20081212 

Phoenix, AZ KPHX 8 20090127 20090128 20090129 20090130 20090203 20090204 20090205 20090206 

New York, NY KJFK 8 20090210 20090211 20090212 20090213 20090217 20090218 20090219 20090220 

Birmingham, AL KBHM 8 20090224 20090225 20090226 20090227 20090303 20090304 20090305 20090306 

Cincinnati, OH KCVG 8 20090310 20090311 20090312 20090313 20090317 20090318 20090319 20090320 

Greensboro, NC KGSO 8 20090324 20090325 20090326 20090327 20090331 20090401 20090402 20090403 

Dallas, TX KDFW 12 20090407 20090408 20090410 20090411 20090414 20090415 20090417 20090418 

      20090421 20090422 20090424 20090425         

Se
as

o
n

 4
: 

2
0

0
9-

1
0 

Charleston, SC KCHS 8 20090929 20090930 20091001 20091002 20091006 20091007 20091008 20091009 

Denver, CO KDEN 8 20091013 20091014 20091015 20091016 20091020 20091021 20091022 20091023 

Stockton, CA KSCK 8 20091027 20091028 20091029 20091030 20091103 20091104 20091105 20091106 

Cleveland, OH KCLE 8 20091110 20091111 20091112 20091113 20091117 20091118 20091119 20091120 

St. Louis, MO KSTL 8 20091201 20091202 20091203 20091204 20091208 20091209 20091210 20091211 

Atlanta, GA KATL 8 20100126 20100127 20100128 20100129 20100202 20100203 20100204 20100205 

Seattle, WA KSEA 8 20100209 20100210 20100211 20100212 20100216 20100217 20100218 20100219 

Little Rock, AR KLIT 8 20100223 20100224 20100225 20100226 20100302 20100303 20100304 20100305 

Burlington, VT KBTV 8 20100309 20100310 20100311 20100312 20100316 20100317 20100318 20100319 

Fargo, ND  KFAR 8 20100323 20100324 20100325 20100326 20100330 20100331 20100401 20100402 

Amarillo, TX KAMA 12 20100406 20100407 20100409 20100410 20100413 20100414 20100416 20100417 

      20100420 20100421 20100423 20100424         

Se
as

o
n

 5
: 

2
0

1
0-

1
1 

Brownsville, TX KBRO 8 20100928 20100929 20100930 20101001 20101005 20101006 20101007 20101008 

Glasgow, MT KGGW 8 20101012 20101013 20101014 20101015 20101019 20101020 20101021 20101022 

Allentown, PA KABE 8 20101026 20101027 20101028 20101029 20101102 20101103 20101104 20101105 

Huntsville, AL KHSV 8 20101109 20101110 20101111 20101112 20101116 20101117 20101118 20101119 

Muskegon, MI KMKG 8 20101130 20101201 20101202 20101203 20101207 20101208 20101209 20101210 

Seattle, WA KSEA 8 20110201 20110202 20110203 20110204 20110208 20110209 20110210 20110211 

Richmond, VA KRIC 8 20110215 20110216 20110217 20110218 20110222 20110223 20110224 20110225 

Sioux City, IA KSUX 8 20110301 20110302 20110303 20110304 20110308 20110309 20110310 20110311 

Elko, NV KEKO 8 20110315 20110316 20110317 20110318 20110322 20110323 20110324 20110325 
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Table A3 (continued) 

 

 City ID 
# 

Days 
Day 1/9 Day 2/10 Day 3/11 Day 4/12 Day 5/13 Day 6/14 Day 7/15 Day 8/16 

Se
as

o
n

 5
: 

2
0

1
0

-1
1 Boston, MA KBOS 8 20110329 20110330 20110331 20110401 20110405 20110406 20110407 20110408 

Oklahoma City, OK KOKC 12 20110412 20110413 20110415 20110416 20110419 20110420 20110422 20110423 

      20110426 20110427 20110429 20110430         

Se
as

o
n

 6
: 

2
0

1
1-

1
2 

Miami, FL KMIA 8 20110927 20110928 20110929 20110930 20111004 20111005 20111006 20111007 

Riverton, WY KRIW 8 20111011 20111012 20111013 20111014 20111018 20111019 20111020 20111021 

Dayton, OH KDAY 8 20111025 20111026 20111027 20111028 20111101 20111102 20111103 20111104 

Juneau, AK PAJN 8 20111108 20111109 20111110 20111111 20111115 20111116 20111117 20111118 

Erie, PA KERI 8 20111129 20111130 20111201 20111202 20111206 20111207 20111208 20111209 

New Orleans, LA KMSY 8 20120131 20120201 20120202 20120203 20120207 20120208 20120209 20120210 

Providence, RI KPVD 8 20120214 20120215 20120216 20120217 20120221 20120222 20120223 20120224 

Albuquerque, NM KABQ 8 20120228 20120229 20120301 20120302 20120306 20120307 20120308 20120309 

Hilo, HI PHTO 8 20120313 20120314 20120315 20120316 20120320 20120321 20120322 20120323 

Lincoln, NE KLNK 8 20120327 20120328 20120329 20120330 20120403 20120404 20120405 20120406 

Wichita Falls, TX  KSPS 12 20120410 20120411 20120413 20120414 20120417 20120418 20120420 20120421 

      20120424 20120425 20120427 20120428         

Se
as

o
n

 7
: 

2
0

1
2-

1
3 

Pensacola, FL KPNS 8 20120925 20120926 20120927 20120928 20121002 20121003 20121004 20121005 

Billings, MT KBIL 8 20121009 20121010 20121011 20121012 20121016 20121017 20121018 20121019 

Louisville, KY KSDF 8 20121023 20121024 20121025 20121026 20121030 20121031 20121101 20121102 

Astoria, OR KAST 8 20121106 20121107 20121108 20121109 20121113 20121114 20121115 20121116 

Syracuse, NY KSYR 8 20121127 20121128 20121129 20121130 20121204 20121205 20121206 20121207 

Austin, TX KAUS 8 20130129 20130130 20130131 20130201 20130205 20130206 20130207 20130208 

Burbank, CA KBUR 8 20130212 20130213 20130214 20130215 20130219 20130220 20130221 20130222 

Newark, NJ KEWR 8 20130226 20130227 20130228 20130301 20130305 20130306 20130307 20130308 

Duluth, MN KDLH 8 20130312 20130313 20130314 20130315 20130319 20130320 20130321 20130322 

Des Moines, IA KDSM 8 20130326 20130327 20130328 20130329 20130402 20130403 20130404 20130405 

Wichita, KS  KICT 16 20130409 20130410 20130412 20130413 20130416 20130417 20130419 20130420 

      20130423 20130424 20130426 20130427 20130430 20130501 20130503 20130504 

Se
as

o
n

 8
: 

2
0

1
3-

1
4 

Houston, TX KHOU 8 20131001 20131002 20131003 20131004 20131008 20131009 20131010 20131011 

Cheyenne, WY KCYS 8 20131015 20131016 20131017 20131018 20131022 20131023 20131024 20131025 

Norman, OK KOUN 8 20131029 20131030 20131031 20131101 20131105 20131106 20131107 20131108 

Concord, NH KCON 8 20131112 20131113 20131114 20131115 20131119 20131120 20131121 20131122 

Grand Rapids, MI KGRR 8 20131203 20131204 20131205 20131206 20131210 20131211 20131212 20131213 

Atlanta, GA KATL 8 20140128 20140129 20140130 20140131 20140204 20140205 20140206 20140207 

Fairbanks, AK PAFA 8 20140211 20140212 20140213 20140214 20140218 20140219 20140220 20140221 

Baltimore, MD KBWI 8 20140225 20140226 20140227 20140228 20140304 20140305 20140306 20140307 

Redding, CA KRDD 8 20140311 20140312 20140313 20140314 20140318 20140319 20140320 20140321 

Grand Forks, ND KGFK 8 20140325 20140326 20140327 20140328 20140401 20140402 20140403 20140404 
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Table A3 (continued) 

 

 City ID 
# 

Days 
Day 1/9 Day 2/10 Day 3/11 Day 4/12 Day 5/13 Day 6/14 Day 7/15 Day 8/16 

Season 8: 
2013-14 

Springfield, MO  KSGF 16 20140408 20140409 20140411 20140412 20140415 20140416 20140418 20140419 

      20140422 20140423 20140425 20140426 20140429 20140430 20140502 20140503 

Se
as

o
n

 9
: 

2
0

1
4-

1
5 

Wilmington, NC KILM 8 20140930 20141001 20141002 20141003 20141007 20141008 20141009 20141010 

Butte, MT KBTM 8 20141014 20141015 20141016 20141017 20141021 20141022 20141023 20141024 

Caribou, ME KCAR 8 20141028 20141029 20141030 20141031 20141104 20141105 20141106 20141107 

Abilene, TX KABI 8 20141111 20141112 20141113 20141114 20141118 20141119 20141120 20141121 

Sault Ste. Marie, 
MI 

KANJ 8 20141202 20141203 20141204 20141205 20141209 20141210 20141211 20141212 

Phoenix, AZ KPHX 8 20150127 20150128 20150129 20150130 20150203 20150204 20150205 20150206 

Springfield, IL KSPI 8 20150210 20150211 20150212 20150213 20150217 20150218 20150219 20150220 

Long Beach, CA KLGB 8 20150224 20150225 20150226 20150227 20150303 20150304 20150305 20150306 

Montgomery, AL KMGM 8 20150310 20150311 20150312 20150313 20150317 20150318 20150319 20150320 

Laramie, WY KLAR 8 20150324 20150325 20150326 20150327 20150331 20150401 20150402 20150403 

Little Rock, AR KLIT 16 20150407 20150408 20150410 20150411 20150414 20150415 20150417 20150418 

      20150421 20150422 20150424 20150425 20150428 20150429 20150501 20150502 

Se
as

o
n

 1
0:

 2
0

15
-1

6 

Sandberg, CA KSDB 8 20150929 20150930 20151001 20151002 20151006 20151007 20151008 20151009 

Long Island, NY KISP 8 20151013 20151014 20151015 20151016 20151020 20151021 20151022 20151023 

Durango, CO KDRO 8 20151027 20151028 20151029 20151030 20151103 20151104 20151105 20151106 

Tampa Bay, FL KTPA 8 20151110 20151111 20151112 20151113 20151117 20151118 20151119 20151120 

Green Bay, WI KGRB 8 20151201 20151202 20151203 20151204 20151208 20151209 20151210 20151211 

New Orleans, LA KMSY 8 20160126 20160127 20160128 20160129 20160202 20160203 20160204 20160205 

Aberdeen, SD KABR 8 20160209 20160210 20160211 20160212 20160216 20160217 20160218 20160219 

El Paso, TX KELP 8 20160223 20160224 20160225 20160226 20160301 20160302 20160303 20160304 

Beckley, WV KBKW 8 20160308 20160309 20160310 20160311 20160315 20160316 20160317 20160318 

Fort Wayne, IN KFWA 8 20160322 20160323 20160324 20160325 20160329 20160330 20160331 20160401 

Huntsville, AL KHSV 16 20160405 20160406 20160408 20160409 20160412 20160413 20160415 20160416 

      20160419 20160420 20160422 20160423 20160426 20160427 20160429 20160430 
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Table A4 

Number of forecasters exhibiting each undergraduate category forecast pattern, in addition to 

most likely descriptions of how the pattern would occur.  The fourth column indicates, for some 

patterns that are not easily described, whether the pattern possibly or likely represents two 

different forecasters who may have used the same forecaster ID from the same school in different 

years.  Those patterns that likely represented two different forecasters as the most likely 

explanation were separated into these two different patterns as shown in the final column and 

used in analysis (24 forecasters).  Those that may have represented two different forecasters, but 

for which that may not have been as likely or for which it was difficult to determine how to split 

the pattern, were not used in analysis (21 forecasters).  Both of these were a very small 

percentage of the total number of forecasters. 
 

Pattern 
Number of 
Forecasters 

Most likely description of occurrence 
Different 

forecasters? 
Split 

Patterns 

3 6027 Forecasted only one year, either junior or senior year     

4 3197 
Forecasted only one year, either freshman or sophomore 
year 

    

33 946 Forecasted junior and senior years only     

43 242 Forecasted sophomore and junior years only     

433 224 Forecasted sophomore, junior and senior years     

44 152 Forecasted freshman and sophomore years only     

4-3 120 
Forecasted either freshman or sophomore year and 
either junior or senior year, with one year break 
between 

    

333 88 Forecasted as a junior, senior, and 2nd year senior     

4433 82 
Forecasted "typical" four years: freshman, sophomore, 
junior, senior 

    

443 45 Forecasted freshman, sophomore, and junior years     

4--3 37 Forecasted freshman and senior years only     

3-3 30 Forecasted junior and 2nd year senior years only     

4333 22 
Forecasted sophomore, junior, senior and 2nd senior 
years 

    

44-3 18 Forecasted freshman, sophomore, and senior years     

4-33 14 Forecasted freshman, junior, and senior years     

44333 8 
Forecasted freshman, sophomore, junior, senior, and 
2nd senior years 

    

3333 6 Not Used: Four years of junior/senior status? Possibly   

3--3 6 
Not Used: Two years of junior/senior status with two 
years break between? 

Possibly   

34 5 Unknown (category retrogrades from 3 to 4) Likely 3, 4 

4443 5 
Forecasted freshman, sophomore, junior and senior 
years with sophomore status at the beginning of the 
third year 

    

4-4 5 
Forecasted freshman and junior years with sophomore 
status at the beginning of the third year 
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Table A4 (continued) 

 

43-3 5 Forecasted sophomore, junior and 2nd senior years     

3----3 3 
Unknown (four year gap between two junior/senior 
years) 

Likely 3, 3 

44-33 3 
Forecasted freshman, sophomore, senior, and 2nd senior 
years 

    

444 2 
Forecasted freshman, sophomore, and junior years with 
sophomore status at the beginning of the third year 

    

3-33 2 
Not Used: Unknown (three years of junior/senior status 
with a year gap between the first two) 

Possibly   

43333 2 
Not Used: Unknown (one year of freshman/sophomore 
status followed by four years of junior/senior status) 

Possibly   

4---3 2 Forecasted freshman and 2nd senior years     

334 1 Unknown (category retrogrades from 3 to 4) Likely 33, 4 

343 1 Unknown (category retrogrades from 3 to 4) Likely 3, 43 

344 1 Unknown (category retrogrades from 3 to 4) Likely 3, 44 

4444 1 Not Used: Four years of freshman/sophomore status? Possibly   

33033 1 
Unknown (One year of alumni status both preceded and 
followed by two years of junior/senior status) 

Likely 33, 33 

44433 1 
Forecasted freshman, sophomore, junior, senior, and 
2nd senior years with sophomore status at the beginning 
of the third year 

    

330033 1 
Unknown (Two years of alumni status both preceded 
and followed by two years of junior/senior status) 

Likely 33, 33 

3---3 1 
Unknown (three year gap between two junior/senior 
years) 

Likely 3, 3 

33--3 1 
Unknown (two year gap with two junior/senior years 
before and one following) 

Likely 33, 3 

33-33 1 
Unknown (one year of non-participation both preceded 
and followed by two years of junior/senior status) 

Likely 33, 33 

3--333 1 
Unknown (two year gap between one junior/senior year 
preceding and three junior/senior years following) 

Likely 3, 333 

34-4 1 Unknown (category retrogrades from 3 to 4) Likely 3, 4-4 

4--33 1 Forecasted freshman, senior and 2nd senior years     

433--3 1 
Unknown (freshman/sophomore year followed by two 
years of junior/senior status, a two year gap, and one 
additional junior/senior year) 

Likely 433, 3 

4-333 1 Forecasted freshman, junior, senior and 2nd senior years     

433---4 1 
Unknown (freshman/sophomore year followed by two 
years of junior/senior status, a three year gap, and one 
additional freshman/sophomore year) 

Likely 433, 4 

4--4 1 
Not Used: Unknown (two freshman/sophomore years 
with a two year gap between) 

Possibly   

4---4 1 
Not Used: Unknown (two freshman/sophomore years 
with a three year gap between) 

Possibly   
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Table A4 (continued) 

 

4--43 1 
Not Used: Unknown (two freshman/sophomore years 
with a two year gap between, followed by one 
junior/senior year) 

Possibly   

4-433 1 
Forecasted freshman, junior, senior and 2nd senior years 
with sophomore status at the beginning of the third year 

    

443344-
3 

1 
Very likely two different forecasters with a generic 
forecaster ID, separated into 4433 and 44-3 

Likely 
4433, 44-

3 

44-43 1 
Not Used: Unknown (two freshman/sophomore years, 
followed by a one year gap, another 
freshman/sophomore year, and one junior/senior year) 

Possibly   

4----44-3 1 
Very likely two different forecasters, separated into 4 
and 44-3 

Likely 4, 44-3 

 


