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Abstract:

In rain-affected T20 cricket matches, estimating target scores fairly and accurately is
a difficult challenge. The Duckworth-Lewis (DL) method addresses this by estimating a
batting team’s remaining resources using 2 variables: overs left and wickets lost. However,
the DL method suffers from key limitations like a non-monotonic resource table and a lack of
adaptability to modern gameplay. In this project, we propose The Trident, a Bayesian model
that generates an improved, data-driven resource table that better replicates the changing
strategies during T20 matches. Leveraging a dataset of roughly 10,000 professional T20
innings from Cricsheet, we constructed a smoothed, monotonic estimate of scoring potential
using Stan-based Bayesian inference. Our model captures more realistic game dynamics by
explicitly modeling 3 separate innings phases (powerplay, middle overs, and death overs)
and accounts for a monotone structure in its resource table. Using RMSE ratios between
The Trident and the DL method, empirical results show that The Trident outperforms the
DL, especially during the powerplay and middle overs. These improvements highlight the
promise of Bayesian modeling for addressing shortcomings in the DL method.

Introduction / Problem Statement:

T20 Cricket is the shortest international format of the game and has seen an explosion in
popularity over the last 2 decades because of its fast pace and strategic complexity. Compared
to other formats, which can last between 8 hours and sometimes even 5 days, the T20 game
is well suited for the modern day viewer. Unlike Test or One Day matches, T20 games are
limited to a single inning per team, with each inning restricted to 20 overs (i.e. 120 legal
deliveries, or “pitches” in baseball terms). The match begins with a coin toss, where the
winning team elects to either bat or bowl first. Team A bats first, aiming to score as many
runs as possible before either losing all 10 wickets or completing 20 overs. Team B then
attempts to chase down this target, and the match concludes when the target is surpassed,
the full quota of 20 overs is bowled, or all 10 wickets are lost.
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What makes T20 cricket particularly dynamic is the high scoring rate and rapid momen-
tum shifts. Due to the limited duration, especially in the early overs, batters tend to play
aggressively, aiming for boundaries rather than survival. However, this risk-heavy approach
comes at the expense of potential wicket loss: teams that lose early wickets often shift to
a more conservative style of play to preserve their remaining batters. The balance between
aggression and caution is a function of the number of overs left, runs on the board, and
wickets in hand.

Unlike other outdoor sports like baseball, soccer, and American football, cricket requires
dry weather. Moderate to heavy rains can cause trouble to fast bowlers who run in hard
to deliver the ball, needing lots of grip and traction. Additionally, batters use wooden bats
which can easily depreciate in quality when exposed to water. For this reason, games are
often temporarily stopped or called off when there is rain. In most cricket games, there is
a set period of time allocated for the game, and thus if there is a rain delay of 1 hour, we
can expect that 1 hour of game time will be cut off. In other words, the batting team will
have less than 20 overs to bat. Take, for example, a team who had initially planned to bat
as if they had a full 20 overs to chase down a target of 150 runs, but a mid innings rain
delay shortens their innings to just 10 overs. To generate a fairly revised target score, the
Duckworth-Lewis method is used.

The DL method, developed in 1997 and adopted by the international cricket board in
1999 (later improved into the DLS method) is a system to fairly revise target scores when
interruptions in play happen, and it stems from the basic idea that a batting team has 2
main resources at their disposal when they want to score runs:

1. The number of overs remaining
2. The number of wickets remaining

The Duckworth-Lewis method for T20 games has an official resource table, which states
the percentage of total resources a team has available for every possible combination of overs
remaining and wickets lost. Below is the standard resource table used for T20 games as per
the DL method.
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By putting on our Bayesian hats, we aim to create a model that performs better than the
official DL resource table.

DL Method Explained:

The DL method assumes an exponential decay relationship with 2 sets of parameters. The
model is as follows:

R(u, w) = aw

(
1 − e−bwu

)
, w ∈ {0, 1, 2, . . . , 9}, u ∈ {0, 1, 2, . . . , 20}

R(u, w) represents the average runs scored by a team from the point in the inning where
u overs remain and w wickets have been lost, until the end of the inning.
The parameters are aw and bw, and they depend on the value of w. Unfortunately, the exact

values of these parameters for the DL method are not publicly available. In the context of
the problem, the aw parameter states the average runs scored by a team in the remaining
overs with w wickets lost, while the bw parameter is the decay rate, explaining how fast
resources decay at the fall of every additional wicket lost and over played.

To obtain the final resource table, Duckworth-Lewis used the following equation:
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P (u, w) = R(u, w)/R(20, 0)

This would make sure that P (20, 0) = 100%, while P (0, 9) = 0%
Here are some pros and cons of the DL method which drive our motivation to introduce a

better model using Bayesian methods:
Pros:

• Simplicity: The DL method is straightforward to apply in match settings because
only the resource table and a calculator is required. Fans are able to easily compute
the targets using the 2 resources: overs and wickets.

• Accuracy: The DL method gives a reasonable and sensible target in most situations

Cons:

• Non-Monotonic Resource Table: For certain overs remaining and wickets lost, the
resource percentage is constant (ex. 9 wickets lost). This contradicts our intuitive
understanding of cricket that each loss of an over or wicket should reduce scoring
capabilities.

• Lack of Adaptivity: The DL table is static and does not evolve with changes in T20
strategies over time. It weights matches played 20 years ago the same as games today,
even though mean scores have increased.

• Biased Assumptions: It assumes that teams always aim to maximize runs, which
is true for the first inning (the inning the resource is modeled on), but less so for
the second inning where chasing teams prioritize winning over maximizing total score.
This introduces potential bias in seconding-innings adjustments.

How does the resource table work?

The central purpose of the resource table in the DL method (and in our Bayesian model)
is to quantify how much scoring potential remains for a batting team at any given point in
the inning, based on the number of overs remaining and wickets lost. This value is expressed
as a percentage of total resources available at the start of the inning.

If a team has R% resources remaining with u overs remaining and w wickets lost, and we
assume that the full 100% of resources (20 overs remaining and 0 wickets lost) would allow
them to score Z runs, then the expected final score is:

Predicted Final Score = Current Score
(1 − R

100)
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Data Collection:

The data for this project was collected from cricsheet.org, an open-access platform that
provides detailed ball-by-ball records of professional cricket matches. We downloaded files
for over 18,500 matches played over the past 20 years, including both international fixtures
and major domestic T20 leagues such as the Indian Premier League (IPL), Big Bash League
(BBL), and Caribbean Premier League (CPL).

Each JSON file contains lots of structured information, including team rosters, innings
summaries, and individual ball events (e.g., runs scored, wickets taken, extras, and player
dismissals). We extracted and cleaned the relevant game-level and delivery-level features.
This involved resolving player identifiers, inferring innings structure, handling missing or
corrupt entries, and standardizing cumulative run and wicket tallies across deliveries.

To manage the data at scale, we stored it in a MySQL relational database hosted on AWS.
Tables were designed to hold match metadata, player mappings, team configurations, and
full ball-by-ball logs, enabling flexible querying for further analysis. We used SQLAlchemy
for structured interaction with the database.

For the purposes of modeling, we focused specifically on T20 matches and extracted all
innings into a 3-dimensional tensor of shape (22312, 120, 3), where:

• The first dimension corresponds to each individual inning.
• The second dimension spans the 120 legal deliveries (balls) of a full 20-over inning.
• The third dimension holds 3 cumulative metrics: total runs scored, total wickets lost,

and whether it is either the first or second inning of the game.
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The tensor can be roughly visualized using this graphic:
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And the relational database structure is as follows:

Note that the data collected in the database includes all types of game formats (T20, ODI,
Test, etc.), and attempts to retain as much information as possible from the raw JSON files.
Even though the rest of our analysis focuses solely on the T20 games, we believe it will
be useful to store as much information as possible, so that if we would like to do further
analysis in the future or perhaps a comparative analysis between formats, we will have that
data readily available. Lastly, we split the data using a 80/20 split in which the training
data has 8,359 innings and the testing data has 2,090 innings.

Methods:

Nonparametric Approach:

Because the DL resource table is not monotone, we decided to first implement a nonpara-
metric approach, similar to what was discussed in the paper by Bhattacharya et al. 2011.
First, we filter units in the tensor which only correspond to first innings. Duckworth and
Lewis argued that only first innings data is relevant to producing resource percentages, since
teams batting first aim to maximize runs, while teams batting second employ a different
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strategy that aims to simply beat the other teams score, and this doesn’t necessarily opti-
mize run scoring. Next, out of those first innings, we further filter for only complete innings.
We define a complete inning as an inning which lasted all 120 balls. In other words, we
don’t want to include shortened or abandoned innings that end up being affected by delays
like rain. Our resulting training tensor post-filtering and post train/test split now contains
N = 8, 359 innings, which was less than half of our initial amount of data of N = 22, 312
innings.

Once we have our cleaned tensor data, we use the following strategy for our nonparametric
approach (note that Bhattacharya et al. 2018 use the same nonparametric approach, however
they create the resource table for 50 over games, while we do the same for T20 games):

• Define R(u, w(u)) as the runs scored from the stage in the innings at which u overs are
available and w(u) wickets are lost, until the end of the innings

• Calculate R(u, w(u)) for all values of u that occurred in the first innings.
• For each combination of u and w, average R(u, w(u)), and then average that value by

R(50, 0)

The resulting nonparametric resource table is not monotonic and contains many missing
values, since there are certain extreme (u, w) combinations which do not occur in our samples
of innings.
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Why Bayesian?

We decide to use a Bayesian approach to model the resource percentage table due to the
missing values in the nonparametric table as well as the lack of monotonicity. The Bayesian
approach will allow us to impute the missing values in the resource table given monotonicity
constraints. For the rest of our analysis, we build off of Bhattacharya et al. 2018 by using
a similar baseline framework for our model constraints, however we make a few key changes
to improve the accuracy of our model. The approach by Bhattacharya et. al. 2018 uses
the RJAGS library in R to create their resource table, while we use the newer RSTAN
library in R to generate our resource table. Secondly, we account for the 3 different
phases in T20 games, which the other approach does not consider.

The Powerplay in T20 Cricket:

In limited overs cricket, the powerplay is a phase at the start of each innings. In 50 overs
cricket, the powerplay goes from overs 1 to 10, while in T20 cricket, the powerplay lasts
from overs 1 through 6. During the powerplay, the fielding side is only allowed to have a
maximum of 2 outfielders. After the powerplay is over, the fielding side is allowed to keep
up to 5 outfielders.
The reduced number of outfielders during the powerplay often makes it easier for the batters

to score runs, as long as they either find a gap between fielders or hit it over the infielders.
We can see the effect this has on average runs scored per over during the course of the game:
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When analyzing thousands of T20 innings, there is a clear shift in scoring rates during
different phases of each inning. This is how we have divided The Trident:

1. Overs 1-6 (Powerplay phase):

• The average run rate increases rapidly from 5.8 in the 1st over to 7.6 in the 6th over.
This is a result of the fielding restrictions in place during the powerplay that allow
batters to take greater risks and accelerate early scoring.

2. Overs 7-15 (Middle Phase):

• After the power play ends, average run rate dips noticeably–especially in over 7–before
gradually increasing again. This drop is consistent with more defensive field settings
and in many cases, the introduction of spin bowlers. Teams tend to try to consolidate
in this phase by minimizing the number of wickets lost while still maintaining a steady
run rate. There are often fewer boundaries scored during the middle phase, as batters
will look to rotate strike through singles and doubles.

3. Overs 16-20 (Death Overs):

• From around the 16th over onward, there is a sharp increase in run rate, with a peak
of 10.5 run rate in the final over. This rise in run rate is due to the aggressive approach
adapted by batters in late-innings. With minimal overs left, a riskier batting style is
common because the marginal value of wickets decreases, which allows teams to more
aggressively target a higher run rate.

Implications for Modeling:

Resource models should account for these 3 different phases of the game in order to best
predict target scores. The standard DL method nor Bhattacharya et. al. 2018 explicitly
models the power play or other tactical phases. As a result, its resource percentages assume
the same underlying decay model across all overs, which doesn’t reflect real-world scoring
and strategy that is dynamic across overs.

Therefore, our Bayesian model, using RSTAN, incorporates a more dynamic and realistic
structure by allowing different parameters for each phase. This allows the resource percent-
ages to better model the nonlinear and phase-sensitive scoring patterns seen in actual T20
matches.

To best model the changing strategies during the inning, we utilized phase-specific scaling
parameters. These scaling parameters adjust the decay rate, enabling the model to more
realistically reflect the aggressive early innings behavior, consolidation in the middle overs,
and acceleration in the death overs. By explicitly modeling each phase with its own func-
tional shape, we improve the model’s flexibility and predictive accuracy while still preserving
monotonicity. By treating these 3 phases of the game as individual elements, we were able
to tweak the model to better represent the realities of T20 cricket strategies.
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How RSTAN works:

We used RSTAN, a Bayesian statistical modeling and computation platform, to obtain
the full posterior distributions for model parameters using HMC. Stan is faster in posterior
sampling than Gibbs sampling which makes it an ideal choice for this
We modeled the expected remaining resources (i.e., the proportion of total scoring potential

left) as a function of 2 key variables: overs remaining u and wickets lost w. We aim to
estimate a smooth, monotonic surface and impute missing or sparsely observed values in our
nonparametric estimates.

In RStan, the model is specified with 3 key blocks:

1. Data Block

• Specifies inputs like observed outcomes y, overs u, wickets w, and the precision modifier
nuw.

2. Parameters Block

• Declares parameters aw, bw in transformed monotonic form:

– a0 ∼ Uniform(0, 3000), and differences △aj ≥ 0 ensure that aw is non-increasing
in w

– b0 ∼ Uniform(0, 100) and differences △bj ≥ 0 enforces bw is non-decreasing,
ensuring concavity in overs.

3. Model Block

• For each data point i, the likelihood is:

yi ∼ N

awi
(1 − exp(−bwi

ui)) ,

√
σ2

nuwi


This approach ensures that:

• µ(u, w) increases with u for fixed w
• µ(u, w) decreases with w for fixed u

This accounts for varying precision depending on data availability across (u, w) states. As
you can see from the following table, there are large discrepancies between nuw values, as
some states are much rarer than others. For example, there will be very few occurrences
where a team has lost 7 wickets with 15 overs remaining (nuw = 4), yet still manage to bat
out the full 20 overs.
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Number of innings observed for each state (nuw):

We adjusted states’ resource values from the original nonparametric resource table using
a Bayesian approach. Values with a high nuw were less prone to shifting, while values with
low or zero nuw had higher variances.

Analysis and Results of The Trident:

How are we quantifying success?

To evaluate the predictive performance of our Bayesian model, we simulate rain-interruption
scenarios by truncating the first innings of each match at various overs-remaining marks,
denoted u, and given the number of wickets lost w. From this truncation point, we predict
the final score using our estimated Bayesian resource table based on the exponential decay
model. Specifically, for each match truncated at u overs remaining with w wickets lost,
we compare the predicted final score RP

u,w,i to the actual final score RA
u,w,i. We quantify

predictive accuracy using a residual sum of squares (RSS) metric defined as:

RSSu =
9∑

w=0

nu,w∑
i=1

(
RA

u,w,i − RP
u,w,i

)2
,

where nu,w is the number of matches observed with w wickets lost and u overs remaining.
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In our analysis, we focus on a variety of cutoffs, such as u ∈ {1, 2, . . . , 20} overs remaining.
For each value of w ∈ {0, 1, . . . , 9}, we generate scatterplots of actual final scores versus
scores at truncation. We overlay predictions from both the Bayesian and DL methods.
These plots consistently show that the Bayesian model provides more accurate and stable
predictions across a wide range of match situations.
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Analysis of graphs above:

The set of graphs above show us the predicted final score in an innings based on the score
10 overs into the game, for all possibilities of wickets lost, ranging from w = 0 to w = 9.
The black points on the graphs represent true values for innings. We see that for almost
all graphs, the Bayes line is a better fit for final scores than the DL line is, and we also see
that the Bayes line becomes more distinct from the DL line as the wickets increase, showing
that the Bayes model associates a higher percentage of resources remaining despite the loss
of wickets.

Below is our final resource table for The Trident, and graphics below show how it performs
better than the standard DL method.
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Note that The Trident maintains monotonicity and doesn’t violate any of our constraints.
All lines converge to zero when there are zero overs remaining.

Interestingly, The Trident identifies a higher run rate for more wickets lost which supports
our intuition that the marginal impact of lost wickets is lower later in the inning.

Furthermore, to summarize model performance across all overs-left scenarios, we compute
the ratio of root mean squared error (RMSE) for the Bayesian method to the DL method.
As shown in our figures, this ratio is below 1 for 16 out of 20 overs, indicating superior pre-
dictive accuracy of the Bayesian approach. Posterior density plots of the RMSE ratios also
support the conclusion that the Bayesian model offers a statistically significant improvement
in forecast accuracy for match score progression. For states with less overs remaining, The
Trident performs slightly worse than the DL method. Perhaps the most obvious improve-
ment in accuracy is made in the powerplay phase, showing that splitting the model into 3
phases (powerplay, middle overs, and death) and looking at those phases as essentially 3
individual games has allowed for the model to account for specific trends during the innings
and yield higher accuracy. We believe that the absence of the inclusion of the 3 phases was
a shortcoming of the Bhattacharya et. al. 2018 model.
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Conclusion / Future Work:

While The Trident generally outperformed the DL method, there is a lot more that can
be done to fairly quantify resource percentages and par scores in rain delayed matches. For
example, we do not consider team specific or player specific data. Keeping track of individual
and team statistics could help us devise a more complex and robust model that can identify
more specific patterns and perhaps step away from the “resource table” approach, as it will
include more than just the aw and bw parameters.

The Trident performs well for the powerplay and middle overs, but performs slightly worse
in the death overs, which leads us to consider tweaking the model in the future to account
for the complex late game dynamics.
One interesting use case for this Bayesian model is to predict final scores in the first innings

based on how an inning has gone so far. Essentially, the graphs shown above were predicting
final inning score based on game status in over number 10. This score prediction ability
could be used in team analysis for how they want to structure their innings in terms of
aggressiveness. Additionally, building a high accuracy model would open up the possibility
to compare the model’s prediction to mainstream sportsbook lines, and it would raise the
possibility of being more accurate than those lines, which would be a significant achievement.

18



References:

[1] I. Bhattacharya, R. Ghosal, and S. Ghosh, “A Statistical Exploration of Duckworth-Lewis
Method Using Bayesian Inference,” arXiv preprint, arXiv:1810.00908, Oct. 2018. [Online].
Available: http://arxiv.org/abs/1810.00908v1
[2] T. B. Swartz, “A Statistical Perspective on the Duckworth-Lewis Method for Twenty20
Cricket,” Simon Fraser University. [Online]. Available: https://www.sfu.ca/~tswartz/
papers/twenty20.pdf
[3] S. Patel, “Understanding the Duckworth-Lewis-Stern Method,” Bruin Sports An-
alytics, Jun. 2021. [Online]. Available: https://www.bruinsportsanalytics.com/post/
duckworthlewissternmethod
[4] M. Amjad, V. Misra, D. Shah, and D. Shen, “mRSC: Multi-dimensional Robust Synthetic
Control,” arXiv preprint, arXiv:1905.06400, May 2019. [Online]. Available: https://arxiv.
org/pdf/1905.06400
[5] “Duckworth–Lewis–Stern method,” Wikipedia, May 23, 2025. [Online]. Available: https:
//en.wikipedia.org/wiki/Duckworth%E2%80%93Lewis%E2%80%93Stern_method
[6] “Matches,” Cricsheet, [Online]. Available: https://cricsheet.org/matches/. [Accessed:
May 24, 2025].
[7] R. Bhattacharya, P. S. Gill, and T. B. Swartz, “Duckworth–Lewis and Twenty-Twenty
Cricket,” Journal of the Operational Research Society, vol. 62, pp. 1951–1957, 2011.

19

http://arxiv.org/abs/1810.00908v1
https://www.sfu.ca/~tswartz/papers/twenty20.pdf
https://www.sfu.ca/~tswartz/papers/twenty20.pdf
https://www.bruinsportsanalytics.com/post/duckworthlewissternmethod
https://www.bruinsportsanalytics.com/post/duckworthlewissternmethod
https://arxiv.org/pdf/1905.06400
https://arxiv.org/pdf/1905.06400
https://en.wikipedia.org/wiki/Duckworth%E2%80%93Lewis%E2%80%93Stern_method
https://en.wikipedia.org/wiki/Duckworth%E2%80%93Lewis%E2%80%93Stern_method
https://cricsheet.org/matches/

	Abstract:
	Introduction / Problem Statement:
	DL Method Explained:
	How does the resource table work?

	Data Collection:
	Methods:
	Nonparametric Approach:
	Why Bayesian?
	The Powerplay in T20 Cricket:
	Implications for Modeling:
	How RSTAN works:

	Analysis and Results of The Trident:
	How are we quantifying success?
	Analysis of graphs above:

	Conclusion / Future Work:
	References:

