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Abstract 

This analysis of the patient volume of the Ball State University Health Center has 

been broken into three components. The first, "Introduction to Time Series Analysis," 

explains the general concepts of time series analysis, models used in this type of study, 

and the mathematical basis of these models. "Methodology of Health Center Data 

Analysis," the second portion of this study, details the methods used to identify a model 

an appropriate model to forecast future patient volume at the health center. The third 

section, "Conclusions and Forecasts," states general conclusions that can be made from 

the data and also utilizes the model developed to forecast future patient volume. These 

three sections provide a detailed analysis of the health center patient volume, and the 

model developed can aid in scheduling staff at the health center to better meet the needs 

for an expected patient volume. 
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Introduction to Time Series Analysis 

Throughout the world data can be viewed that follows a random, yet systematic 

order. It is highly beneficial for one to be able to describe this data, as it can be used to 

forecast what may happen in the future, These types of observations can be described as 

time series, and methods have been developed that enable these series to be modeled and 

utilized to accurately forecast. 

A time series is a sequence in which each observation can be described by those 

observations that precede it plus a random deviation. These observations repeat 

themselves through time, hence the name time series (Goureroux and Monfert 1997). 

Examples of time series may be quarterly earnings of a public company, monthly sales at 

a department store, or daily temperatures for a particular city. A time series can be 

analyzed and utilized as a forecasting tool. This analysis is helpful to identify trends and 

seasonal components in the observations, and the model derived may be used to predict 

observations that will occur in the future. 

A time series may have a trend component that can be observed. It does not 

repeat itself, or its repetition is not found in the data that is available for analysis. A 

series that does not have a mean of zero, or will not have a mean of zero after subtracting 

the original mean from the observations, has a trend component. These series either grow 

or decay over time, either linearly or nonlinearly (Statsoft, Inc. 2002). An example of a 

series with an increasing trend component is the human population of Earth. An example 

of a series with decreasing trend is the usage of railroads in America. If a trend 

component is apparent, it is necessary to determine that factor. The trend component is 

vital for accurate forecasting. 



A seasonal component may also be observed within a time series. Seasonality 

occurs when the observations repeat themselves over time at regular intervals (Statsoft 

Inc. 2002). It is important to determine this systematic occurrence to aid in the 

development of the model used for forecasting. Examples of time series that exhibit a 

seasonal component are toy store sales or hotel rental in Florida. 

The third component needed in modeling time series data is the error component. 

After determining the trend and seasonal pieces, the error should be random and 

insignificant. The complete time series model, therefore, is of the form 

Xj=Tj+Sj+Ej 

where Xj is the ith observation, T j is the trend, Sj is the seasonality, and Ej is the error. 

The first step in time series analysis is to identify a model that is appropriate for a 

certain series of observations. Two processes are useful in this identification. A plot of 

the data can be used to determine if trend is apparent. All of the observations from 

XI, ... ,Xn should be assigned numbers from I to n, where n is the total number of 

observations available. This number indicates that observation's "time" within the series. 

Time will then be the x-axis, and the observance at that time will be the y-axis. A second 

type of plot may also be utilized to identify seasonal tendencies. The observations should 

be plotted as mention previously, with each repetition of the cycle on a separate graph. 

Each graph may then be placed on top of each other, and seasonal components may be 

observed. 

A second tool utilized in the discovery of an appropriate model is an 

autocorrelation function. This function will allow for the observance of how each 

observation is related to those that proceed it. For example, it may show that an 



observation is highly correlated to the one that directly proceeds it, as well as to the 

observation that occurred at that same time one cycle before. After viewing both the time 

series plots and the autocorrelation function, an appropriate model can be determined. 

A model that is commonly used in describing time series data is the ARIMA 

model. The ARIMA model, which stands for Auto-Regressive Integrated Moving 

Average, encompasses three types of modeling techniques, autoregression, differencing, 

and moving averages, into one model (Brockwell and Davis 1996). This allows the 

model to describe complex movements within the data and offers a very powerful tool for 

forecasting. 

The first component of the ARIMA model is the autoregressive one. The 

autoregressive piece allows for serial dependency to be explained. The process allows 

each observation to be expressed as a combination of the observations that proceed it and 

a random error. In order to accurately determine this autoregressive element, the data 

must be stationary, it must not move towards infinity, but converge to some finite point. 

To accomplish this, differencing is used to ensure the data has a constant mean and 

variance. The last piece to be used in an ARIMA model is the moving average. In a 

moving average each observation can be described as a combination of the error of the 

previous observations as well as the error of that observation (Statsoft, Inc. 2002). 

The parameters of the ARIMA(p, d, q) can be identified by viewing the time 

series plots and autocorrelation function mentioned previously. The first parameter to be 

determined is d, the differencing component. D should equal the number of times the 

series needs to be differenced in order to achieve a constant mean and variance. P is the 

number of autoregressive parameters needed. This number is typically less than 2. Most 



commonly, the autocorrelation function decays exponentially, and one autoregressive 

parameter should be utilized. Q is the number of moving average parameters that should 

be used. Tfthe autocorrelation function shows that the observation is highly correlated to 

the previous one, but uncorrected to others, this parameter should be I. The ARTMA 

model can be extended to include a seasonal parameter. A cycle should be identified as 

the number at which the series appears to repeat itself. ARIMA models may also include 

a constant. This constant depends on the other parameters (Statsoft, Inc. 2002). Once the 

number of parameters is determined, a model can be computed. Maximum likelihood 

functions may be used to calculate estimates for the parameters, but more likely a 

software program will be used to find these parameters based on least squares 

methodology, as the number of observations is typically too large to perform calculations 

by hand. Once these parameters are found and a model is determined, it may be used to 

predict future observations. 

There are several ways to test the ARIMA model once it is calculated. The model 

can be used to forecast observations already known, and this forecast can be compared to 

the known observations. The residuals (error components) should be plotted and an 

autocorrelation function should be computed. The residuals should not be systematic and 

they should not be dependent on one another. The residuals should also follow a normal 

distribution. If the residuals indicate this to be true, the model accurately fits the 

observations and will provide a tool that may be used for forecasting (Statsoft, Inc. 2002). 

The process of time series analysis has proven to be a valuable tool to 

professionals such as economists and actuaries. By evaluating past observations and 

modeling them, predictions can be made about the future. With these predictions 



adjustments to current practices can be made, and professionals can be prepared for 

future shocks. This will enable efticiency in the economy, allowing for events that were 

formally viewed as random to be mathematically accounted for and foreseen. 



Methodology of Health Center Data Analysis 

The process of matching a model to the patient volume at the health center began 

with the entry and initial analysis of data obtained directly from the health center. Data 

from 01/01/1998-12/31/2001 was obtained, along with school calendars for the 

appropriate years. The data was set so that the years were indexed by day in the 

semester. All breaks and summer session data were removed. Because fall break did not 

fall during the same week in each year, the data was adjusted so that fall break always 

occurred during the eighth week of the fall semester. Monday and Tuesday of fall break 

(when students are typically off campus) were replaced with the Monday and Tuesday 

before Thanksgiving break to create a full week of "normal" patient volume. Although 

the health center is open most Saturdays, these days were removed because of the hours 

of operation difference and very low patient numbers. The final data is comprised of 80 

days for both fall and spring semester, creating a 160-day cycle, in which the spring 

semester precedes the fall semester. Four cycles were available and utilized in the 

analysis. 

A time series plot (Chart 11) of this data was created to enable the viewing of 

trend and seasonal effects that may have been present. A trend factor was not apparent, 

as the data is centered about 140 patients/day for the entire data set. A seasonal effect did 

appear to be noteworthy. To better view this effect, each year was plotted individually, 

and then those four time series plots were plotted on the same axis (Chart 2). An upward 

trend during days 80-107 (first 27 days of fall semester) is evident after viewing this 

chart. The mean ofthe data before adjustment was 135.31 patients/day. The mean for 

I Please note scale on each chart, as they are not consistent throughout this report 



the data without including the beginning of fall semester was 130.68 patients/day. The 

mean for the 27 days at the beginning of fall semester alone was 158.09 patients/day. 

The data was then adjusted by subtracting the appropriate mean from each original data 

point. A time series plot of this once-adjusted data shows a much more constant mean 

and variance (Chart 3). The data was further adjusted for day of the week, as the mean 

for Mondays was 20.23 patients/day and the mean for the remaining days of the week 

was -5.08 patients/day (means calculated after first adjustment). The data was then 

adjusted a second time, with the means corresponding to the data points day of the week 

subtracted out. A time series plot of this adjusted data (Chart 4) shows a much more 

level set of data with a mean and variance that is fairly consistent throughout the four 

years. This data was then analyzed to find an appropriate model. 

The autocorrelation function for the adjusted data (Chart 5) shows that the 

correlation between a data point and those that precede it dies off exponentially, and 

spikes at lags of multiples of five are apparent. Because of the consistency in the mean 

and variance viewed in Chart 4 and the behavior of the autocorrelation function in Chart 

5, an ARIMA model with one autoregressive parameter of order 1 and one seasonal 

autoregressive parameter of order 5 was deemed appropriate for this data (i.e. Today 

looks like some number times yesterday plus some number times 5 days (one week in 

this data) ago plus error). Mathematically this can be represented as 

Xj = aXj.\ + (3Xj.s + Ej 

where a and (3 are estimated utilizing Minitab software and Ej is error. 

The residuals from this model were calculated, plotted, and an autocorrelation 

function was found. If the model is appropriate, these residuals should display no 



pattern. The plot (Chart 6) shows the residuals are centered about zero, and there is no 

apparent pattern. The autocorrelation function (Chart 7) shows no exponential decay or 

other obvious pattern. A final X2 test of the residuals was preformed. The statistic is 

calculated as follows: 

N*~ rk2 

where N is the total number of data points, rk is the autocorrelation coefficient of residual 

k, and the sum is from k= 1 to K, where K is the number of autocorrelations of the 

residuals considered. The test is compared to a X2 with K-r degrees of freedom, where r 

is the total number of estimated parameters (Miller and Wichern 1977). In the model 

developed, N=640, K=70, and r=5. The value of the X2 test for the data is 87.06. This 

value is at the 96.47 percentile of the X2(65) distribution, yielding a p-value of3.53%. 

This p-value will be deemed supportive enough of the model to proceed with it. 

The tinal model is as follows: 

Xi = 125.6 + 27.4loF + 25.3loM + .3670Xi_1 + .2795Xi_5+ Ei 

Where 125.6 is the mean; oFis either I for days 80-107 or each year (first part of fall 

semester), or 0 otherwise; liM is either 1 for Mondays, or 0 otherwise, and E is the error. 



Charts 1 through 7 are not available. 



Conclusions and Forecasts 

The model developed through and ARIMA process may be used to forecast the 

expected number of patients that will visit the health center in the future. This provides a 

tool that may be used by administrators of the health center to staff according to the 

patients expected. 

Two general observations should be noted. Patient volume during the first 27 

days of fall semester is 27 patients higher on average then any other time during fall or 

spring semester. This may be a result of maintenance appointments, as newly enrolled 

students are required to have a physical on file at the health center and some students, 

such as nursing students, must have TB testing completed before beginning their clinical 

instruction each year. The second observation is that patient volume is higher by 30 

patients on average each Monday. This may be a result of illness developing over the 

weekend, as the health center is open only limited hours some Saturdays and is always 

closed on Sundays. These observations suggest adjusting staffing to serve the higher 

expected volume for both the beginning offal! semester and every Monday. 

Besides these general observations, the model developed has been tested and can 

accurately predict the expected number of patients if given the patient volume for at least 

the five days previous to those that are to be forecasted. The number of patients that 

visited the health center in the most recent five days prior to this report are as follows: 

Calendar Day Day of the Total Number 
Week of Patients 

April 19, 2002 Friday 118 
April 22, 2002 Monday 152 
April 23, 2002 Tuesday 132 
April 24, 2002 Wednesday 133 
April 25, 2002 Thursday 106 



These data points will be utilized to predict the expected number of patients for the 

upcoming days. 

To predict the number of patients expected on Friday, April 26, 2002, you must 

have the model, as well as Thursday, April 25, 2002 and Friday, April 19,2002. The 

model, as reported in "Methodology of Health Center Data Analysis" is as follows: 

Xi = 125.6 + 27.418F + 25.318M + .3670Xi_1 + .2795Xi_5 + Ei 

We will label Friday, April 26, 2002 to be XI. Because XI is not a day during the first 27 

days of fall semester, OF = O. Because XI is not a Monday, OM = O. Xi-I will be the 

number of patients that visited the health center on Thursday, April 25 minus the constant 

125.6, or -19.6 patients. X,-s will be the number of patients that visited the health center 

on Friday, April 19 minus the constant 125.6, or -7.6 patients. The error component, Ei is 

random, and is not used in forecasting. So, 

XI = 125.6 + 27.41 * 0 + 25.31 * 0 + .3670 * (-19.6) + .2795 * (-7.6) = 116.28 

This result says that on Friday, April 26, 2002, the health center should expect 116 

patients. 

The number of patients expected on Monday, April 29, 2002 will be a 

combination of the known value on Monday, April 22 and the predicted value, XI, for 

Friday, April 26. We will label this day to be X2. Because X2 is not during the first 27 of 

fall semester, OF = O. Because X2 is a Monday, OM = I. X i. 1 will be the predicted value, 

Xio minus the constant 125.6, or -9.3. Xi.S will be the known value for Monday, April 22 

minus the constant 125.6, or 26.4. So, 

X2 = 125.6 + 27.41 * 0 + 25.31 * 1 + .3670 * (-9.3) + .2795 * (26.4) = 154.88 



This result says that on Monday, April 29, 2002 the health center should expect 155 

patients. The same process was used to derive the following predictions. 

Calendar Day Day of the 
Week OFt OM 2 Xi-t Xi_5 

3 Prediction 

April 26, 2002 Friday 0 0 106 118 116.28 
April 29, 2002 Monday 0 1 116 152 154.88 
April 30. 2002 Tuesday 0 0 155 132 113.07 
May 1, 2002 Wednesday 0 0 113 133 128.13 
May 2,2002 Thursday 0 0 128 106 130.15 
May 3,2002 Friday 0 0 130 116 126.54 

August 19, 2002 Monday 1 1 127 155 169.79 
August 20, 2002 Tuesday 1 0 170 113 140.29 
August 21,2002 Wednesday 1 0 140 128 146.91 
August 22, 2002 Thursday 1 0 147 130 143.92 
August 23, 2002 Friday 0 144 127 146.03 
August 26, 2002 Monday 1 146 170 15847 
August 27, 2002 Tuesday 0 158 140 136.84 
August 28, 2002 Wednesday 0 137 147 142.93 
August 29, 2002 Thursday 1 0 143 144 141.53 
August 30, 2002 Friday 1 0 142 146 14145 

September 2, 2002 Monday 1 1 141 158 163.31 
September 3, 2002 Tuesday 1 0 163 137 136.03 
September 4, 2002 Wednesday 1 0 136 143 144.34 
September 5, 2002 Thursday 1 0 144 142 141.68 
September 6, 2002 Friday 1 0 142 141 142.68 
September 9, 2002 Monday 1 1 143 163 161.51 

September 10, 2002 Tuesday 1 0 162 136 136.92 
September 11, 2002 Wednesday 0 137 144 143.62 
September 12, 2002 Thursday 0 144 142 141.90 
September 13, 2002 Friday 0 142 143 142.25 
September 16, 2002 Monday 1 142 162 162.17 
September 17, 2002 Tuesday 0 162 137 136.43 
September 18, 2002 Wednesday 1 0 136 144 144.00 
September 19, 2002 Thursday 1 0 144 142 141.70 
September 20, 2002 Friday 1 0 142 142 14245 
September 30, 2002 Monday 1 1 142 162 161.92 

October 1, 2002 Tuesday 1 0 162 136 136.66 
October 2, 2002 Wednesday 0 0 137 144 116.40 
October 3, 2002 Thursday 0 0 116 142 124.48 
October 4, 2002 Friday 0 0 124 142 121.30 

1 Note that bF is I for the first 27 days of fall semester. 
2 Note that the first Xi_1 is an actual value, whereas the remainder are predicted values. 
3 Note that the first five values of Xi-, are actual values, whereas the remainder are predicted. 



The EJ mentioned previously in this report are distributed normally with mean 0 

and variance cr2, where cr2 is a combination of the inherent variance of the population and 

the variance of the estimated autoregressive parameters. cr2*, the estimator of cr2, will be 

equal to the inherent variance of the population, which is the sum of squares divided by 

the number of data points minus the number of estimated parameters (179239/(640-5) = 

282.3 in this analysis), plus the cr2 of the parameters (calculated in Minitab). The Minitab 

output indicates that the values for the standard deviations of the estimates of a and ~ are 

.0371 and .0384 respectively. Since these are negligible compared to cr* = 16.8 it can 

reasonably be assumed that the actual daily volume can be expected to vary from the 

predictions mentioned previously by 2cr* = 33.6 or less. 
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