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Abstract

The National Football League (NFL) has a set of overtime rules that the organization believes to

be fair for both teams. The rules should be fair after 60 minutes of hard-fought football resulting

in a tie. Sports statisticians and analysts have voiced their concerns about the fairness of the NFL

overtime rules over the years. The goal of this paper is to test the current NFL overtime rules

to see which team, if any, has an advantage. NFL data and Markov chain models are utilized to

test the fairness of overtime rules and how they impact a team’s chances of winning. Our initial

model (proposed by Jones [1]) found the current overtime rules give the receiving team a distinct

advantage. Additional models tested the fairness of alternative overtime rules with the attempt of

negating the advantage of the receiving team.
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1. Process Analysis Statement

I have been watching the NFL ever since I was a little kid and the sport has always interested

me. My mathematical sciences major was something that I thought would be very applicable to the

NFL given the amount of statistics that are used to evaluate sports. I have long thought that the

NFL should have different overtime rules because I thought the current ones weren’t fair. So I saw

the perfect opportunity to use my math background to put my thoughts to the test and to see how

different rules would change the outcome of overtime games. Initially, I didn’t know how I would

create a mathematical model to test the effectiveness of overtime, but Professor Lorch and I did

some research and found an article that utilized Markov chains to test the fairness of NFL overtime

rules. I had used Markov chains in some of my previous courses, so I thought using this model

format would be familiar and effective. Once that was decided, I gathered data from a variety of

NFL databases in order to create my Markov chain probabilities and models. This research was

more difficult than anticipated, due to paywalls for some data, and the surprising lack of an all

encompassing NFL database. I was expecting and hoping to find a database that contained the

stats of every category imaginable for each quarter, game, and season. I quickly found out that it

was not that easy. The research was one of the more challenging parts of this project. I had to

use a large quantity of sources and frequently had to cross reference and combine information and

data. After I successfully gathered my data I was able to interpret the data into probabilities that

could be plugged into the Markov chain models that I created. These models yielded results that

supported my hypothesis about the current overtime rules and tested the merit of new overtime

rules. The creation of these models taught me about the nuances of the NFL overtime rules and

statistics in general. I initially began my thesis with a clear picture of what I thought about the

overtime rules and the statistics I would utilize. I quickly learned that statistics are not as simple

as they seem, and the manipulation and interpretation of data is not an easy process. I learned

the valuable skill of combing through large databases and extracting specific data and variables. I

also learned various statistical processes and models that are useful ways of interpreting this data
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in an effective and easily understandable way. Having to learn these skills and processes has largely

changed the way I view statistics as a whole, and I think I am much more knowledgeable about

statistics and the NFL now than I was before this project.
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2. Introduction

Mathematics is playing an increasingly important role in the sports world, especially in the NFL.

The importance of sports analytics is becoming more prevalent in the NFL, with multiple coaches

factoring the opinions of analysts into game time decisions. There is one part of the NFL that

has a lot of analytical prevalence in particular: overtime. In 2010, the league implemented a new

sudden-death overtime scheme to determine a winner in a playoff game. Then, in 2012 the NFL

applied these new overtime rules to both regular and postseason games. Here’s how it works: At

the end of regulation, the referee will toss a coin to determine which team will possess the ball first

in overtime. Each team must possess, or have the opportunity to possess, the ball. The exception:

if the team that gets the ball first scores a touchdown on the opening possession [2]. Before these

rules were implemented, the winner was determined by the first team to score any points. From

2000-2010 there were 158 overtime games, including playoffs. In 96 of the 158 OTs, or 61%, the

coin flip winner won the game. In 58 of the 158 OTs, or 37%, the coin flip winner won on their first

possession while the loser never touched the ball [3]. These rules are especially impactful during the

playoffs. As of 2019, eight playoff games have gone into overtime since these rules were enacted. Of

these eight, five were decided by a touchdown on the opening drive [4]. Many current and former

NFL players and coaches dislike these rules. They do not like the thought that a hard fought

60-minute game can be decided by a coin flip in overtime, which I think is justified. My goal is to

explore the math behind the factors of the current overtime rules in the NFL and whether they are

effective. I will model the current overtime rules using Markov chain models and also create models

for different possible overtime rules.

3. Markov chains

3.1. Reviewing Markov Chains. A Markov chain is a mathematical system that “hops” or

transitions from one state to another. These states can be manifested in many ways, depending on

context. For example, chemists use Markov chains (i.e., the Ehrenfest chain) to model the amount

of molecules that are constantly changing from state to state. Environmentalists can use Markov
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chains to model the demographics of animal populations. As a simple illustration, a Markov chain

about the weather could have exactly two states: state 1 (rainy) or state 2 (clear). Let’s say that

following a rainy day there is a 70 percent chance that the following day is clear. This means that

there is a 30 percent chance the following day is rainy, because there are only two weather states.

Further, suppose that following a clear day the chance of a rainy day is 20 percent and the chance

of another clear day is 80 percent. This weather model can be visualized using a state diagram, as

shown below, where pij is the probability of transitioning from state i to state j in one iteration of

the system. The diagram is a visual tool to see how the probabilities shift from state to state.

The transition probabilities illustrated in the state diagram can be gathered into a transition

matrix P = (pij). Using what we know about the chances of it being rainy or clear (states 1 and

2, respectively), along with the state diagram, we can create a transition matrix P for our weather



5

example:

P =

p11 p12

p21 p22

 =

0.3 0.7

0.2 0.8

 .

The first row is the probabilities when it is rainy, and the first column shows the probabilities that

tomorrow’s weather will be rainy.

The transition matrix P can be used to predict the weather for days to come. In particular, the

(i, j)-th entry of Pm is the probability being in state j after m transitions, given that we start in

state i. In our weather example, we have

P 2 =

0.23 0.77

0.22 0.78


so if today is a rainy day, then the probability of a rainy day on the day after tomorrow is 0.23, and

the probability of a clear day on the day after tomorrow is 0.77.

Similarly, if we wanted to know what the probabilities would be in five days, we could raise the

matrix to the 5th power.

P 5 =

0.3 0.7

0.2 0.8

5

=

0.222 0.778

0.222 0.778

 .

Taking the transition matrix to a very high power will often have have the probabilities approach

a steady value. In other words, the probabilities will stabilize and, starting from a particular state,

will give us a better idea of the chances of landing in a particular state over the long term. In

our weather example, whether today is rainy or clear, the long-term probability of rainy weather is

about 0.222 and the long-term probability of clear weather is about 0.778.

Using the weather example as a model, we may form a general picture: A Markov chain consists

of states 1, 2, . . . , n together with an n × n transition matrix P = (pij), where pij = Pr(j | i)

is the probability of transitioning to state j given that the system is currently in state i. Matrix

multiplication gives important probability information about the system: If ei is the i-th elementary

vector of length n, then eiP
m (the i-th row of Pm) is the vector whose j-th entry is the probability
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of transitioning to state j from state i after m iterations of the system. Further, if L = limn→∞ P n

exists, then long term behavior of the system can be gleaned from L. In particular, eiL (the i-th

row of L) is the vector whose j-th entry is the probability that the system tends to state j from

initial state i over the long term.

We investigate our claim that the probability of landing in state j after n transitions when starting

in state i is (P n)ij (the ij-th entry of P n). We will put this to the test for the special case when

n = 2 and P is 2x2 (just like our weather example). Starting from state i, we have

Pr(j after 2 transitions)

= Pr(j AND 1 after 1 transition OR j AND 2 after 1 transition)

= Pr(j AND 1 after 1 transition) + Pr(j AND 2 after 1 transition)

= Pr(j | 1 after 1 transition) · Pr(1 after 1 transition)

+ Pr(i | 2 after 1 transition) · Pr(2 after 1 transitions)

= p1j · pi1 + p2j · pi2

= (i-th row of P ) · (j-th column of P ) = ij entry of P 2.

We can repeat this process and use induction to prove that this statement works for any n. This

result is why we create P in the first place! Taking powers of P is important and very useful.

3.2. Absorbing Markov Chains. In this thesis we are interested in a special type of Markov

chain, called an absorbing Markov chain. We describe these chains presently. Suppose a Markov

chain has states 1, 2, . . . , n. We say that a state i is absorbing if pii = 1 and pij = 0 whenever j ̸= i.

States that are not absorbing are said to be transient. A Markov chain is said to be an absorbing

Markov chain if there is at least one absorbing state and if from every transient state it is possible

to travel to some absorbing state after finitely many transitions.
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If in an absorbing Markov chain we write n = r + s and declare states 1, 2, . . . , r to be transient

and r + 1, . . . , r + s to be absorbing, then the transition matrix can be written in block form as

P =

 U R

0 Is


where U is an r × r matrix, R is an r × s matrix, 0 is the s× r matrix consisting of 0’s, and Is is

the s× s identity matrix. It is known that

(1) lim
m→∞

Pm =

 0 (It − U)−1R

0 Is

 ,

and therefore the (i, j)-th entry of the of (It − U)−1R is the probability that starting from initial

transient state i the system eventually enters absorbing state r + j. Further, if Xi is the random

variable that counts the number of transitions needed to move from initial state i to some absorbing

state, then the expected value of Xi is the i-th entry of (It − U)−11. That is,

(2) E(Xi) = [(It − U)−11]i,

where 1 is the t-vector consisting solely of 1’s [5].

We take a moment to verify the results of (1) and (2) in a simple case. Suppose there’s a mouse

in the garage and we set a trap for it every night. Each morning the mouse is either in state 1

(untrapped) or in state 2 (trapped). If the mouse is untrapped, then there is a nonzero probability

it will be trapped overnight. Also, once the mouse is trapped, it never becomes untrapped. This

scenario suggests an absorbing Markov chain with one transient state (untrapped) and one absorbing

state (trapped). The transition matrix is

P =

 u 1− u

0 1
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with 0 ≤ u < 1. Letting r denote 1− u, we have that

lim
m→∞

Pm = lim
m→∞

 um r(1 + u+ · · ·+ um−1)

0 1

 =

 0 r · 1
1−u

0 1

 ,

which matches the result of Equation (1). Note that r/(1 − u) = 1, dovetailing with our intuition

that the mouse will eventually be trapped. Now let X denote the number of nights before the

mouse is trapped. We have

E(X) =
∞∑
k=1

k · Pr(trapped after k nights AND untrapped after k − 1 nights)

=
∞∑
k=1

k · Pr(2 after k nights | 1 after k − 1 transitions) · Pr(1 after k − 1 nights)

=
∞∑
k=1

k(1− u)uk−1

= (1− u)
∞∑
k=1

kuk−1

Let f(u) denote
∞∑
k=1

kuk−1, and note that

∫
f(u)du =

∞∑
k=1

uk, which is a geometric series summing

to
u

1− u
. Thus

f(u) =
d

du

(
u

1− u

)
=

(1− u) · (1)− u(−1)

(1− u)2
= (1− u)2.

So

E(X) = (1− u)f(u) = (1− u)
1

(1− u)2
=

1

1− u
.

This matches the result of Equation (2). If for instance u = 0.9, then we expect 10 nights to pass

before the mouse is trapped.

4. Markov chains and Current NFL Overtime Rules

The NFL has changed it’s overtime rules multiple times over the league’s history. The current

rules are as follows: at the end of regulation, the visiting team will call a coin toss to determine
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who gets the first possession. If the receiving team scores a touchdown on their first possession or

the defense scores a safety or touchdown on the first possession, the game is over. If the receiving

team scores a field goal, the away team has a possession to try to tie or win the game. After the

first possession, if there are no points scored, sudden death is implemented and the first team to

score wins. If at the end of overtime the score is tied, the game is declared a tie unless it is the

playoffs, in which case a second period of overtime would occur.

4.1. Replicating Jones’s study with current data. There are multiple factors to consider when

trying to create an overtime model. To begin, I will use a model created by Chris Jones [1] to model

NFL overtime using data from 2008. I will use data from the 2020 NFL season to update his results

and see how the chances of each team to win overtime have changed over the years. This model

utilizes an absorbing Markov chain created with NFL data from past seasons. We will begin by

defining the states of the model. The team with the first possession will be team A and the kicking

team will be team B. Team A’s initial possession where a touchdown wins the game will be known

as state A*. If team A scores a field goal on its initial possession, then team B will get the ball

and be down by 3 points. This will be known as state B*. If team A doesn’t score on its initial

possession, or if team A scores a field goal on its initial possession and team B also scores a field

goal on the ensuing possession, the game will enter sudden death. Sudden death with A being in

possession of the ball will be known as state A. If team B has possession during sudden death, this

will be state B. There will be two absorbing states, A wins and B wins, which are self explanatory.

It is important to note that in this model there is not a state for a tie. When Jones did his

paper, he utilized 2008 NFL data. This was before the current NFL overtime rules were instated.

The overtime rules in 2008 were sudden death. Because of this, only 1 out of roughly 100 overtime

games that occurred from 2004 to 2010 resulted in a tie. Jones decided that the chances of a tie

were negligible so didn’t incorporate a state for tying in his model. Since we are updating his model,

we will elect to ignore the chance of a tie in this model.
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Table 1 shows the transition probabilities between states in our initial model. The state is

transitioning from the state in the row to the state in the column. As in examples given previously,

these probabilities are written as p12 for example to show the probability of transitioning from the

state in row 1 to the state in column 2. We assume that the two teams are evenly matched, thus

p36 = p45, p35 = p46, and p34 = p43. This is because if the teams are even they will have the same

chance of scoring or turning the ball over.

A few of the transition probabilities are 0 or 1. A zero means that there is no chance of that

transition happening. For example, there is no way for state A to transition to state B*, so there is

a zero. State B* can only happen if team A scores a field goal their first possession. This is clearly

reflected in the table as the only transition probability in the B* column is from the A* row. There

are two entries with a one in A wins and B wins. That is because these are the two absorbing states

in our system. Once a team has won, no other possession or outcome can occur. Below, Table 1’s

state diagram is shown.
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4.2. Determining Transition Probabilities. Now we will fill in the gaps in Table 1 using data

from the 2020 NFL season. We are operating under the assumption that during state A*, the team

with the ball will play as they would during the regular four quarters of play. So they would ideally

score a touchdown, but will settle for a field goal. Below is the data from every drive in the 2020

NFL season [6].
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This is a lot of data to sift through, and it is also lacking turnover for touchdown data, which

is crucial for our transition probabilities p16, p36, p25, and p45. So I did some further research and

supplemented those drive outcomes with data about turnovers for touchdowns. For this model I

am subtracting drives that resulted in the end of the game or end of the half from the total drives

because most games have a final drive that is used to run out the clock, not score. For example, if

a team is losing or winning by a large margin and there are 2 minutes left, they are likely to knee

the ball or run it to run out the clock. They aren’t attempting to score, so these drives will be

taken out. Supplementing the turnover for touchdowns data and total drives resulted in a cleaner

data set, shown below [7].
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You may notice that a few totals changed do to the supplementation of defensive touchdowns,

which were not accounted for in our initial findings. Using our data with some rounding, we can

conclude the probability of a field goal being scored is 856
5383

= 0.16, resulting in B* possession.

The probability of an offensive touchdown is 1412
5383

= 0.26, resulting in A winning. The probability

of a change of possession to B is 1980+283+146+629
5383

= 0.57. Finally, the probability of a defensive

touchdown is 55
5383

= 0.01. So we can fill in some of our transition probabilities from Table 1. We

assign p12 = 0.16, p14 = 0.57, p15 = 0.26, and p16 = 0.01.

The B* row probabilities are a bit more difficult to figure out. In this state, team B will play

more aggressively and never punt since they are down by 3 points. This means every possession will

result in either a loss of possession or a score. So we will split the 1980 punts into either losses of

possession or scoring drives. In the NFL in 2020, 4th downs were converted around 56% of the time

across the league [8]. This fact combined with the number of successful drives late in the game,

we estimate subjectively that of the 34% of drives that resulted in a punt, 55% of possessions will

result in a loss of possession and 45% will result in a score. (This is different from the 60% and 40%

guess that was made in Jones’s article, due to an increase in offensive efficiency and rule changes

in the NFL) In the event of a score, the ratio of touchdowns to field goals will equal the ratio of

our 2020 data, 1412:856 ≈ 62:38. Every outcome other than a score results in B losing the game.

So our probabilities will be as follows. The probability of a touchdown being scored, resulting in B

winning, is 0.26+ (0.34× 0.45× 0.62) = 0.35. The probability of a field goal being scored, resulting

in a transition to state A, is 0.16 + (0.34 × 0.45 × 0.38) = 0.22. The probability of a change of
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possession, resulting in A winning, is 1 − (0.35 + 0.22) = 0.43. So we can assign values to our

transition probabilities of row B* from Table 1. We set p23 = 0.22, p25 = 0.43, and p26 = 0.35.

Now we have filled out the first two rows and columns of our Table 1. Since we have done this

we can now work on the bottom-right four-by-four matrix, which we denote M1. This matrix is

significant in its own right because it is a sudden death scenario, which can be looked at separately.

So the only probabilities left to figure out are when the game is in a sudden death scenario. We can

use our data from earlier to fill in some of the values. The probability of scoring is 0.16+0.26 = 0.42.

The probabilities of a change of possession or defensive touchdown are 0.57 and 0.01 respectively.

We assign p43 = p34 = 0.57, p35 = p46 = 0.42, and p56 = p45 = 0.01. This gives the matrix M1

shown below.

M1 =


0 0.57 0.42 0.01

0.57 0 0.01 0.42

0 0 1 0

0 0 0 1


A typical NFL quarter in the 2020 season averaged 5 possessions. So taking M5

1 gives us the

following:

M5
1 =


0 0.06 0.61 0.33

0.06 0 0.33 0.61

0 0 1 0

0 0 0 1


So this estimates 6% of overtime games will end in a tie and 61% of the time the receiving team

wins. (This is not totally accurate with overtime data. From 2012-2020, 9 out of 20 of the games

that have gone to overtime have ended in a tie [9].)

We now incorporate M1 into our matrix from Table 1, yielding transition matrix M2.
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M2 =



0 0.16 0 0.57 0.26 0.01

0 0 0.22 0 0.43 0.35

0 0 0 0.57 0.42 0.01

0 0 0.57 0 0.01 0.42

0 0 0 0 1 0

0 0 0 0 0 1


Using Equation (1), we compute

lim
n→∞

Mn
2 =



0 0 0 0 0.56 0.44

0 0 0 0 0.57 0.43

0 0 0 0 0.63 0.37

0 0 0 0 0.37 0.63

0 0 0 0 1 0

0 0 0 0 0 1


.

The first row gives the probabilities of reaching each absorbing state with us beginning in state

A*. We can see that with this model the team that receives the ball first wins 56% of the time

while the initial defending team wins only 44% of the time. Jones found that 52% of the time the

team with the initial possession won. The current data has that number at 56%, which is quite a

large change. So we need to find a rule that evens the playing field for team B.

5. Markov chains and Alternate NFL Overtime Rules

In our previous model, it was shown that the team that receives the ball first in overtime (Team

A) has a clear advantage. The following sections will explore overtime rule changes in the hopes of

creating an overtime period that doesn’t give any team a distinct advantage.

5.1. Deciding Point. To even the playing field, what if team A had to make the extra point after

scoring a touchdown on their initial possession? If they make the extra point, they win. But if they
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fail to convert the extra point, team B gets the ball and has a chance to respond. It is important

to note that I am assuming that time is not a factor. For instance, if team A’s initial drive takes

up 8 minutes, this leaves team B two minutes to score a touchdown. I will be assuming that there

is a rule that has no time on the clock so that both drives will have ample time. A normal NFL

extra point is 33 yards, which isn’t a guaranteed make. It’s still expected that the kicker will make

that kick most of the time however. I will experiment on moving this game winning extra point to

various distances and see how it affects the probabilities. Below is the field goal data from the 2020

NFL season [10].

The top shows the range of distances, A stands for attempted and M stands for made. The bottom

numbers are the percentages of field goals/extra points made at each distance. So in 2020, 93% of

extra points were made and 85% of total field goals were made. We will keep the same assumptions

and states as our first Markov chain model, with one added state. We will call this state B** and

it will denote the scenario when team A scores a touchdown but misses the game-winning extra

point. Below is our Table 2 for this model.
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We can carry over our probabilities from our previous model and they will all be the same as our

matrix M2 except for where row “Poss A*” and column “A wins” meet. This is because A scoring

a touchdown is no longer an automatic win. This value will change depending on how far away I

make the extra point.

5.1.1. A 33 yard extra point. I am initially going to assume that the extra point after an initial

possession touchdown will be a standard extra point, a 33 yard field goal. Along with adjusting

entry p16, we need to find the transition probabilities for row and column B**, namely p13, p34, p36,

and p37. Team B will have to score a touchdown in this scenario so they will never punt or settle

for a field goal. From matrix M2, our probability p16 for table 2 should be 0.26. But what about

the times when the extra point to win is missed? According to the field goal data from 2020 [10],

approximately 93% of extra points were made. So to calculate our new p16, we will take 0.26 · 0.93

and get p16=0.24. Taking 0.26 · 0.07 = 0.02 gives us our probability that the extra point is missed

and B gets the ball, entering state “Poss B**”. So p13 = 0.02. In our previous model when we

computed the probabilities in state B*, we assumed that of the drives that would have resulted in a

punt, 45% would result in a score and of those scores we kept the same ratio of touchdowns to field

goals as the 2020 NFL season. We will build off of these same assumption in this model. We found

that the chance of team B scoring a touchdown when down by 3 points was 0.35 and the chance of

them scoring a field goal was 0.22. In state B**, team B is down 6 points so they will not kick a

field goal, otherwise they lose the game. I will subjectively estimate that 50% of possessions that

would have resulted in a field goal will result in a touchdown, while 50% will result in a change

of possession, resulting in team A winning. So the probability of B scoring a touchdown will be

0.35+ (0.5 · 0.22) = 0.46. This is not the chance of B winning however, because in order to do that

they must make the extra point. If they miss, then the teams enter sudden death and enter state

Poss A. To calculate this chance, we will take 0.46 ·0.07 = 0.03, since the chance of missing an extra

point in 2020 was 7%. So p34 = 0.03 and p37 = 0.46− 0.03 = 0.43. The only value left to calculate

is the chance of B turning over the ball, which can be easily found by taking 1 − 0.43 − 0.03. So
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p36 = 0.54. So under these new rules, with the extra point being the standard 33 yards, we get the

following matrix.

F33 =



0 0.16 0.02 0 0.57 0.24 0.01

0 0 0 0.22 0 0.43 0.35

0 0 0 0.03 0 0.54 0.43

0 0 0 0 0.57 0.42 0.01

0 0 0 0.57 0 0.01 0.42

0 0 0 0 0 1 0

0 0 0 0 0 0 1


Using Equation (1), we compute

lim
n→∞

F n
33 =



0 0 0 0 0 0.55 0.45

0 0 0 0 0 0.57 0.43

0 0 0 0 0 0.56 0.44

0 0 0 0 0 0.63 0.37

0 0 0 0 0 0.37 0.63

0 0 0 0 0 1 0

0 0 0 0 0 0 1


.

So with these new rules with the deciding extra point being a 33 yard kick, the chance of team

A winning is 55%. So this is a little more even than the current NFL overtime rules, which give

team A a 56% chance of winning. Let’s try to get this percentage even closer to 50%.

5.1.2. A 45 yard extra point. We can change the extra point for team A after an initial score to be

a 45 yard field goal. The process of computing the transition probabilities will be the exact same

here as with the 33 yard extra point. The only difference is the field goal data is the chance of

hitting a 40-49 yard field goal. So doing the same math as before for the same probabilities, we get
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p13=0.05, p16=0.21, p34=0.09, p36=0.54, and p37=0.37. So we get the following matrix.

F45 =



0 0.16 0.05 0 0.57 0.21 0.01

0 0 0 0.22 0 0.43 0.35

0 0 0 0.09 0 0.54 0.37

0 0 0 0 0.57 0.42 0.01

0 0 0 0.57 0 0.01 0.42

0 0 0 0 0 1 0

0 0 0 0 0 0 1


Using Equation (1), we compute

lim
n→∞

F n
45 =



0 0 0 0 0 0.54 0.46

0 0 0 0 0 0.57 0.43

0 0 0 0 0 0.60 0.40

0 0 0 0 0 0.63 0.37

0 0 0 0 0 0.37 0.63

0 0 0 0 0 1 0

0 0 0 0 0 0 1


.

So these new rules with the initial possession extra point at 45 yards give team A a 54% chance

of winning. This is slightly more even than the 33 yard extra point. Perhaps moving the extra

point even further back will makes the odds even more even.

5.1.3. A 55 yard extra point. Let’s suppose the extra point for team A after an initial score is a 55

yard field goal. The process of computing the transition probabilities will be the exact same here

as with the 33 and 45 yard extra points. The only difference is the field goal data is the chance of

hitting a 50+ yard field goal. So doing the same math as before for the same probabilities, we get
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p13=0.10, p16=0.16, p34=0.17, p36=0.54, and p37=0.29. So we get the following matrix.

F55 =



0 0.16 0.10 0 0.57 0.16 0.01

0 0 0 0.22 0 0.43 0.35

0 0 0 0.17 0 0.54 0.29

0 0 0 0 0.57 0.42 0.01

0 0 0 0.57 0 0.01 0.42

0 0 0 0 0 1 0

0 0 0 0 0 0 1


Using Equation (1), we compute

lim
n→∞

F n
55 =



0 0 0 0 0 0.53 0.47

0 0 0 0 0 0.57 0.43

0 0 0 0 0 0.65 0.35

0 0 0 0 0 0.63 0.37

0 0 0 0 0 0.37 0.63

0 0 0 0 0 1 0

0 0 0 0 0 0 1


.

So these new rules with the initial possession extra point at 45 yards give team A a 53% chance

of winning. This is as close as we’ve gotten to an even 50-50 split yet. A 3% difference is still

significant however. The rules should give both teams equal opportunity. This system certainly

seems to be more equal than the current rules, but it is far from perfect.

5.2. Mandatory Rebuttal. I hypothesize that if team B was always given a drive with the ball,

regardless of the outcome of team A’s first drive, the probabilities will be much closer than the

probabilities from our previous section’s model. For instance, if team A won the coin toss, chose to

receive, and scored a touchdown; team B would get a chance to respond and attempt to score. I’m

going to assume that there are no ties and, more importantly, that time is not a factor. If team
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A drives down the field and uses 8 minutes of clock, leaving 2 minutes for team B to respond, the

clock would be turned off. If time was a factor, B would have a much smaller chance of scoring due

to the lack of time. Also it is important to note: in this scenario the team must attempt an extra

point, no 2-point conversions are allowed. In the event that team A doesn’t score a touchdown in

the opening possession, all other rules will be the same as the current NFL overtime rules. I have

made a few modifications to the matrix used in the previous model, but many of the entries will be

similar. Below is the matrix for this model.

A* remains the same as in previous models, it is the first drive of the overtime period by the

team who receives the ball (team A). State B3, B6, and B7 represent the amount of points team

B is down when they get the ball. Since no 2-point conversions are allowed, the only options are

team B is down 3, 6, or 7 points. So B3 denotes team B’s first possession after team A scores a

field goal on their initial possession. Similarly state B6 and B7 occur when team A scores 6 or 7

points respectively in their first possession. If team A doesn’t score in their first possession, it enters

sudden death, just like our previous models. If B scores a defensive touchdown off of possession A*

then the game is over because this score is team B’s rebuttal.

5.3. Computing Transition Probabilities. We have made a few new assumptions and a new

state for this model. However, a majority of our transition probabilities can be taken from our

previous models because we will be using the same 2020 NFL data. For instance, when the game
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goes to sudden death, the probabilities will be identical to our previous model’s sudden death

probabilities. Below I have filled in the probabilities we can take from our previous models.

So we only have four probabilities to compute: p13, p14, p45, and p47. We know from our matrix

M2 that the probability of team A scoring a touchdown during possession A* is 26%. However,

this now doesn’t result in team A winning. This touchdown can either go to Poss B6 or Poss B7,

depending on if team A makes the extra point. The 2020 kicking data [10] shows that 93% of extra

points are made. So to get p14, we simply take 0.93 · 0.26. So p14 = 0.24. All Markov chain rows

must have a total probability equal to 1. Using this fact, we can compute p13 by taking the sum

of the row thus far and subtracting that from one. This gives us p13 = 1 − 0.98 = 0.02. So we

have filled out the first row of our model. Next, we need to calculate row Poss B7’s two entries. It

only has two entries because team B will either score a touchdown and makes the extra point to

tie the game and enter sudden death, or fail to do so, resulting in A winning. In our model using

Table 1, when we computed the probabilities in state B*, we assumed that of the drives that would

have resulted in a punt, 45% would result in a score and of those scores we kept the same ratio of

touchdowns to field goals as the 2020 NFL season. We will build off of these same assumption in

this model. We found that the chance of team B scoring a touchdown when down by 3 points was

0.35 and the chance of them scoring a field goal was 0.22. In state B7, team B is down 7 points

so they will not kick a field goal, otherwise they lose the game. I will subjectively estimate that
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50% of possessions that would have resulted in a field goal will result in a touchdown, while 50%

will result in a change of possession, resulting in team A winning. So the probability of B scoring

a touchdown will be 0.35 + (0.5 · 0.22) = 0.46. After scoring a touchdown, team B must then make

the extra point to send the game to sudden death. To find this we take the probability of an extra

point being made during the 2020 season multiplied by 0.46. So p45 = 0.46 ∗ 0.93 = 0.43. Because

p47 is the only other probability in this row, we can easily compute it by subtracting p45, which we

just calculated from 1. We can due this due to the unique property of Markov chains having rows

whose probabilities always sum to 1. So p47 = 1 − 0.43 = 0.57. This represents the probability

team B turns the ball over or misses the extra point, resulting in team A winning. We have now

filled out Table 3 and can create the following transition matrix.

R =



0 0.16 0.02 0.24 0 0.57 0 0.01

0 0 0 0 0.22 0 0.43 0.35

0 0 0 0 0.03 0 0.43 0.54

0 0 0 0 0.43 0 0.57 0

0 0 0 0 0 0.57 0.42 0.01

0 0 0 0 0.57 0 0.01 0.42

0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 1


Using Equation (1), we compute
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lim
n→∞

Rn =



0 0 0 0 0 0 0.51 0.49

0 0 0 0 0 0 0.57 0.43

0 0 0 0 0 0 0.45 0.55

0 0 0 0 0 0 0.84 0.16

0 0 0 0 0 0 0.63 0.37

0 0 0 0 0 0 0.37 0.63

0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 1



.

This result shows us that the team who gets the ball first has a 51% chance of winning. This is

super close to an even 50-50 chance for both teams!

6. Time consideration

Up to this point, we have not worried about the time taken for the overtime periods we have

modeled. Time is a factor that must be considered by multiple parties. The NFL players union

will want to make sure the time is reasonable so there are not increases in injury due to fatigue and

television broadcast companies have to consider scheduling of programs. Calculating the expected

number of possessions is one way to consider how much time each overtime model takes. We will now

compute the expected value of possessions before an absorbing state is reached, i.e. the expected

number of possessions before A or B wins. Recall equation (2) from the absorbing markov chains

section,

E(Xi) = [(It − U)−11]i.
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We will use this equation to calculate the expected value of the number of possessions in each

overtime model. The current rules has transition matrix

M2 =



0 0.16 0 0.57 0.26 0.01

0 0 0.22 0 0.43 0.35

0 0 0 0.57 0.42 0.01

0 0 0.57 0 0.01 0.42

0 0 0 0 1 0

0 0 0 0 0 1


.

Matrix U will be the upper-left matrix not containing any absorbing states. For M2, this is the

top-left 4× 4 matrix.

U =


0 0.16 0 0.57

0 0 0.22 0

0 0 0 0.57

0 0 0.57 0


.

It is the identity matrix, which will match the dimensions of U , which is a 4x4 matrix in this case.

So the identity matrix is

It =


1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1


.

So we will now follow formula (2) and take It − U
1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1


−


1 0.16 0 0.57

0 1 0.22 0

0 0 1 0.57

0 0 0.57 1


=


1 −0.16 0 −0.57

0 1 −0.22 0

0 0 1 −0.57

0 0 −0.57 1


.
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Next, we take the inverse of It − U
1 −0.16 0 −0.57

0 1 −0.22 0

0 0 1 −0.57

0 0 −0.57 1



−1

=


1 0.16 0.53 0.87

0 1 0.33 0.19

0 0 1.48 0.84

0 0 0.84 1.48


.

Finally, we multiple this matrix by 1, where 1 is the t-vector consisting solely of 1’s
1 0.16 0.53 0.87

0 1 0.33 0.19

0 0 1.48 0.84

0 0 0.84 1.48


·


1

1

1

1


=


2.57

1.51

2.33

2.33


We then know the expected number of possessions in overtime before a winner is determined, which

can serve as a proxy for the expected length of overtime. For the current NFL overtime rules, the

expected number of possessions is 2.57 if you start in possession A*. The second row represents the

expected number of possessions if we started in possession B*. So we are only interested in the first

entry of each expected value vector because we want to know the expected number of possessions

for the entire overtime period, which will always start in possession A*. We used this same process

to calculate the expected number of possessions for each of our models. We took the transpose

of our column vectors to make the matrix easier to read for the expected values below. For our

deciding point matrix F33, we get

E(Xi) = [2.59 1.51 1.07 2.33 2.33].

The expected number of possessions for F33 (given we start in possession A*) is 2.59. For our

deciding point matrix F45, we get

E(Xi) = [2.63 1.51 1.21 2.33 2.33].
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The expected number of possessions for F45 is 2.63. For our deciding point matrix F55, we get

E(Xi) = [2.71 1.51 1.40 2.33 2.33].

The expected number of possessions for F55 is 2.71. For our mandatory rebuttal matrix R, we get

E(Xi) = [3.07 1.51 1.07 2 2.33 2.33].

The expected number of possessions for R is 3.07. Readers might notice the last two columns of each

expected value matrix are the same. This is because the last two columns model our sudden death

states, which remain the same for each of our different rule scenarios. As seen above, each model’s

expected number of possessions is a little under 3, except for the mandatory rebuttal model, which

has 3.07 expected possessions. This is not a large number of drives considering the average NFL

quarter in 2020 averaged 5 possessions. So the expected time of the mandatory rebuttal overtime

could be roughly estimated to be 3
5
of the time of a typically NFL quarter. So around 9 minutes on

average. These expected values can be very useful considering their relation to time.

7. Possible problems with our models

It is important to understand that our models, like all models, have their flaws. No model can

be perfect, because we cannot predict the future with absolute certainty. I have done everything

I can to ensure that the models are as accurate as I can make them, but there are some aspects

that can be improved to make better models. For instance, when initially computing transition

probabilities, I subtracted the drives resulting in halftime or the end of the game from the total

drives. This is because a majority of those drives result in kneeling the football to run out the clock.

However, some of those drives the offense is trying to score and simply runs out of time. I think

the vast majority of those drives were used to run out the clock and therefore weren’t significant to

our matrices because the team with the ball was not trying to score. This assumption means a few

drives that resulted in running out of time were removed from the data set. With more accurate
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data that differentiated the end of half and end of game drives between running out the clock versus

running out of time, we could have more accurately interpreted the data.

Finding data for each individual drive of the whole 2020 NFL season and factoring in the time

taken for each drive was too big a data set to find, and too big a task to accomplish for this study.

One of the assumptions with the largest impact was assuming the percentage split of turnovers

and scores during the event team B was behind and couldn’t punt. These guesses for each model

were subjective, and changing them would drastically change the outcome for each matrix. Another

possible problem is the kicking data. I used the kicking data from the most recent NFL season.

Kicking varies a lot from year to year though. A more accurate reflection of kicking probabilities

could be arrived at with more data. Kicking has changed so much over the years with more turf

fields, better cleats, and more indoor stadiums. So knowing what year to stop taking data is very

difficult to do. I did the most recent year to ensure the data was as accurate to the current NFL

as possible. There have been many new stadiums built recently, and the results kicking in those

stadiums versus old stadiums could be very different.

My models also didn’t account for weather conditions, upon which kicking is heavily dependent.

Furthermore, all of my matrices were rounded to two decimal places to allow for easier reading. A

perfect model would have no such rounding, but I thought it was necessary. While this rounding

could have slightly changed some results, all computations were double checked using mathematica

or other mathematical software to ensure calculated values were as accurate as possible. Overall,

these models are not perfect because of the assumptions that had to be made to make the data

that was readily available work. We could make a more accurate and reliable model with access to

more data.

8. Conclusion

In this paper we used absorbing Markov chains to model the current NFL overtime rules along

with other overtime options. Our model found that the current NFL overtime rules give the receiving

team a 56% chance of winning the game. Chris Jones’s study [1] using data from 2008 gave the
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receiving team a 52% chance of winning. Clearly the current overtime rules might have been viable

in 2008, but they are not anymore. The league is becoming increasingly offensively oriented each

year, so it is no surprise that a sudden death overtime similar to the current overtime rules is unfairly

skewed. We then created new overtime scenarios with the hope that the chances of winning would

be more even. The deciding point model found that the chances of the receiving team winning

was 55%, 54%, and 53% for a 33, 45, and 55 yard extra point respectively. Our final model was

mandatory rebuttal and it resulted in a 51% chance of the receiving team winning. This is as

close as we can get to an even 50-50 split between the two teams. Each of the newer rules yielded

models that gave the receiving team less of an advantage. There are countless rules that could be

implemented or changed in order to create a more even and popular NFL overtime. I think the two

alternative models studied in this paper are viable options. It is clear that the current rules are no

longer viable and change is needed.
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