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ABSTRACT ARTICLE HISTORY
Taking calculated risks against bowlers plays an imperative role Received 25 January 2021
in chasing down a target in cricket. Thus, it becomes important ~ Revised 21 October 2021
for teams to calculate how many runs they should score off Accepted 22 October 2021
every over they face in an innings. The runs a team should score

off an over is a function of the difficulty of scoring against the

bowler bowling that over, the runs that have already been

scored, the target, and the difficulty of scoring runs against

the rest of the bowlers. However, the runs that can be scored

in an over produces a state space with a branching factor of 37.

Such a large state space makes using an uninformed search

algorithm impractical. This research proposes the use of the A*

algorithm to search the state space to find the number of runs

that should be scored off every over during a run chase.

Introduction
Cricket

Cricket is a sport that is popular in the Indian subcontinent, England,
Australia, New Zealand, South Africa, and the Caribbean. It is a bat-and-ball
game that has around 2.5 billion fans across the globe, making it the second
most popular sport in the world (Altham and Swanton 1938) Figure 1.

A game of cricket is played between two teams, each of which consists of
eleven players. Each team takes turns to bat and bowl, the order of which is
decided by the team winning the toss.

A match in cricket consists of two innings in the shorter formats and four
innings in Test cricket. An innings comprises of one team batting and the
other team bowling. The teams swap their roles for the following innings. An
innings consists of a specified number of balls in the shorter formats and an
unlimited number of balls in Test cricket. A ball is the act of a bowler bowling
the ball at a batsman.
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Figure 1. The four types of bowlers indicated by each quadrant based on strike rate and economy
rate.

An over is supposed to be bowled by one bowler only and no two
successive overs can be bowled by the same bowler. A maximum of 10
overs is allowed for a bowler in ODIs whereas, in T20s, a bowler is allowed
a maximum of 4 overs.

The game is played in a roughly circular ground with a 22-yard rectangular
strip called the pitch in the middle (The pitch Law 2017).Two wickets, formed
by three stumps and two bails, are placed at either end of the pitch.

During an innings, a batsman stands at either end of the pitch. The bowler
bowls from one end to the batsman at the other end. The players from the
bowling team, save for the bowler, occupy different positions in the playing
field to field the ball struck by the batsman.

Batsmen try to score runs by hitting the ball out of the boundary line or by
running from one end of the pitch to the other. Every time the batsmen cross
over to the other end, the batting team is given one run. If the ball passes the
boundary line without touching the ground, the batting team is awarded six
runs while if the ball makes contact with the ground before going over the
boundary, four runs are given to the batting side.
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An innings ends when ten batsmen are dismissed. When both the innings
end, the team that has scored the highest number of runs wins.

A* Algorithm

The A * algorithm is an informed search algorithm that was first published by
Hart, Nilsson, and Raphael (1968). Created to plan the path of the Shakey
robot, this algorithm helps find the smallest cost path from the start node to
a goal node in a graph (Doran and Michie 1966).

The algorithm starts from the start node and decides which node to select
next based on the cost between the current node and the next node and an
estimation of the cost to reach a goal node from the next node. Always the node
with the least total cost is selected. This can be defined by the following equation:

f(n) = g(n) + h(n)

Equation 1 Total cost in A* algorithm

Where g(n) is the cost of the path between the current node and the next
node and h(n) is a heuristic value that gives an estimate of the cost of the path
between the next node and a goal node.

The algorithm adds all the child nodes of the start nodes to a list and selects
the node with the least total cost. Once the next node is selected, its child nodes
are added to the list and the selected node is removed from the list. The
algorithm, then, once again, selects the node with the least total cost and adds
its child nodes to the list (Sabri, Radzi, and Samah 2018).

The algorithm continues to do this until the node removed from the list is
a goal node.

Problem Domain

In cricket, batsmen are expected to score as many runs as possible without
getting dismissed. This results in a dilemma for batsmen. Trying to score runs
comes at the risk of getting dismissed while without enough runs, the team
might lose. So, batsmen look to score runs in such a way that minimizes the
risk of losing wicket.

When a team chases a target, i.e., when they bat second, the job of the
batsmen becomes easier as they know how much risk they need to take to
reach a target, allowing them to plan their innings better.

However, it is a common belief that batting second is tougher than batting
first. Dawson et al. found in their study that teams winning the toss and batting
first have a significantly higher chance of winning than teams that bat second
after winning the toss (Dawson et al. 2009). This can be attributed to the
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absence of a proper batting strategy when chasing a target. Thus, it becomes
important to devise an effective batting strategy to help teams successfully
chase targets.

Bowlers have a varying set of skills and abilities. Consequently, scoring runs
against certain bowlers is easier than against others. So, batsmen try to score as
many runs as possible against the easier bowlers while they try to minimize
risks against the tougher bowlers. Hence, as to how many runs should be
scored in each over against different bowlers becomes a very pertinent pro-
blem in cricket.

Therefore, to successfully chase down a target in cricket, it is paramount for
batsmen to decide how many runs should be scored against different bowlers
in different stages of an innings.

A state space can be created using the possible number of runs that can be
scored off every over. The number of levels in the state space will depend on
the number of overs that would be bowled in an innings. To find a goal state,
the runs corresponding to the chosen state in every level can be summed until
the sum is greater than or equal to the target score.

If the extras bowled in cricket are ignored, a team can score anything
between zero and thirty-six runs in an over. Thus, the state space will have
a branching factor of 37. This makes it unpragmatic to use uninformed search
algorithms to find the optimal path. This research proposes the use of the A*
algorithm to find the optimal path to the goal state in the state space.

Research Motivation

Teams often fail batting second in cricket because of the absence of an
effective strategy. Previous research works have mostly only focused on
optimizing the runs scored in the first innings. Moreover, there is
a continuous belief among cricket teams that batting first and setting
a high score is best way to win a limited-overs match. However, with cricket
pitches remaining good for batting throughout a game in recent times,
batting first should not offer any advantages. Besides, the psychological
disadvantage in batting second has not yet been formally studied.
Therefore, the reluctance to chase in cricket can be mostly attributed to the
absence of a good batting strategy. This research work takes this as the
motivation to introduce a novel method to plan a chase in cricket.

The literature on devising batting strategies to chase a target is scarce. This
paper introduces a novel way to formulate a batting strategy while chasing
a target using the A* algorithm.

This paper first discusses the problem domain and the importance of
devising a chasing strategy, followed by the related work. Then, the research
methodology, and the testing strategies are discussed. Finally, this paper
discusses the results, interprets the results, and provides a conclusion.
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Related Work

Even though analytics in cricket is almost as old as the sport itself, historically,
it has been restricted to just crude data analysis using averages and strike rates.
Research on advanced data analytics and data-driven strategies is in its nascent
stage at the time of writing. One of the major reasons for this is the unavail-
ability of ball-by-ball data in cricket.

Consequently, the literature on formulating batting strategies while chasing
a target is minimal. Thus, the proposed research work of devising a batting
strategy using the A* algorithm is a novel method that introduces a data-
driven approach to constructing the second innings.

A survey that was done of the existing literature as a part of this study found
that the existing research work can be categorized into following taxonomies:

(1) Predicting the outcome of a match or innings
(2) Simulating cricket matches

(3) Score revisal

(4) Finding an optimal batting strategy

Predicting the Outcome of a Match or Innings

D. Bose et al. used Cumulative Sum control charts to predict the outcome of
a limited-overs game in the second innings (Bose and Chakraborty 2019).
D. Thenmozhi et al. made use of Gaussian Naive Bayes, Support Vector
Machine, K-Nearest Neighbor, and Random Forest algorithms to predict the
result of a T20 match in the Indian Premiere League (Thenmozhi et al. 2019).
The conditional probability of a win at any stage of a One-Day International
game was estimated using a Monte Carlo simulation technique by H. Norton
et al (Norton, Gray, and Faff 2015). S. Raizada et al. used Binary Logistic
Regression to find the outcome of a World Cup One-Day match based on the
first innings data (Raizada et al. 2019).

Simulating Cricket Matches

This taxonomy is closely related to the taxonomy of predicting the outcome of
a match or innings. Both taxonomies include studies that attempt to predict an
outcome in cricket. However, this taxonomy (simulating cricket matches)
differs from the first taxonomy by attempting to predict outcomes at a more
granular level.

For instance, T. Swartz et al. simulated a cricket game by predicting
the outcomes of every ball bowled in a match (Swartz, Gill, and
Muthukumarana 2009).
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By analyzing the data of international and domestic T20 matches, T. Lopes
et al. produced a ball-by-ball simulation of T20 batting (Lopes et al. 2021).

Score Revisal

Score revisal is an important area of research in cricket since weather inter-
ruptions often demand the revisal of scores to complete a game. The
Duckworth-Lewis-Stern method is by far the most popular method, and is
widely used in international as well as domestic games to revise a score in
cricket (Stern 2016).

A research work carried out by M. Samad et al. (Samad and Sen 2021)
proposed a score revisal strategy to nullify the batting-first advantage Dawson
et al. (Dawson et al. 2009) proved that teams have in cricket. The authors
argued in their paper that teams that bat first often enjoy superior batting
conditions and do not have to contend with the pressure of chasing a score.
Thus, they propose a way to revise the target a chasing team has to get to,
thereby ensuring parity.

Finding an Optimal Batting Strategy

This taxonomy is closely related to this study as studies in this taxonomy
propose different methodologies to devise various batting strategies.

D. Modekurti et al. developed a deterministic model to help a team batting
first in a T20 game set an optimal target for the oppositions (Modekurti 2020).
The model considers the runs scored and wickets lost at different stages of an
innings, and the nature of the pitch in finding the optimal target.

A method to optimize batting partnerships was formulated by studying the
probability of a batting partnership being broken in the first innings of
a limited-overs match by P. Brown (Brown 2017).

Studies by I. Preston et al. and P. Norton et al. used dynamic programming
techniques to find optimum batting strategies in limited-overs matches
(Preston and Thomas 2000)(Norton and Phatarfod 2008).

I. Preston et al. takes into consideration the runs that have been scored, the
target to achieve, and the number of wickets lost to find the optimal rate of
scoring. However, the quality of the bowling and the number of overs each
bowler has have not been considered.

P. Norton et al. proposed a method to decide whether a ball should be
attacked, defended to pushed for a single based on the quality of the ball, the
wickets and overs remaining. However, the problem with this method is that it
discounts the quality of the batsmen and bowlers. For example, a good ball to
one batsman can be a bad ball to another batsman. Besides, if the bowlers who
are to bowl the next overs are of a very high quality, then it makes less sense to
even defend a good ball in the current over.
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Thus, from the literature survey, it can be seen that no study takes into
account the quality of bowlers at disposal when devising a batting strategy and
this study identifies it as a research gap. By incorporating the quality of bowlers
in formulating the batting strategy, this research work can said be the first of its

kind.

Methodology

This study took into account the number of runs scored, the number of runs
that remains to be scored, and the quality of the bowlers. The number of
wickets lost was not considered because the significance of it in a run chase is
minimal in comparison to when batting first.

In order to use the A * star algorithm, two functions need to be defined -
a cost function and a heuristic function (Hart, Nilsson, and Raphael 1968).

The cost of scoring a certain number of runs in an over was defined by the
risk and difficulty associated with scoring runs against a bowler. In cricket,
there are two types of bowlers who pose a challenge to the batsmen, viz.
wicket-taking bowlers and economical bowlers.

Wicket-taking bowlers, as the name implies are bowlers who are adept at
dismissing batsmen. The economical bowlers are bowlers who are adept at not
giving away runs to the bowlers. The number of balls taken on average to
dismiss a batsman (the strike rate) gives an idea of how good a wicket-taker
a bowler is. On the other hand, the number of runs given away every over on
average (economy rate) gives an indication of how economical a bowler is.

Thus, a batsman should, ideally, not take too many risks against wicket-
taking bowlers by minimizing the number of runs they attempt to score. At the
same time, batsmen can’t score too many runs against economical bowlers
even if they attempt to.

However, these metrics are confounded by the fact that some wicket-taking
bowlers could have a high economy rate and some economical bowlers could
have a higher strike rate. A wicket-taking bowler having a high economy rate
means that while there is a risk of losing wickets, runs can be scored off that
bowler. Similarly, an economical bowler having a high strike rate could mean
that batsmen may not have attempted to score many runs against the bowler.

Therefore, a metric that combines both the risk and difficulty associated
with scoring runs against a bowler had to be used to formulate the cost
function. Consequently, the bowling average was chosen as the metric. The
bowling average gives the runs given away by the bowler for every wicket they
took. A higher average implies that the bowler either has a higher strike rate or
a higher economy rate, or both and thus, is someone against whom runs can be
scored easily. A lower average implies that the bowler either has a lower strike
rate or a lower economy rate, or both and thus, is a difficult bowler to score
runs against.
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To calculate the cost associated with scoring a certain number of runs in an
over against a certain bowler, the number of runs was divided by the average of
the bowler. A bowler with a high average will, hence, produce a lower cost and
vice versa.

runs to be SCOT’Ed il’l an over
g(n) =

bowling average

Equation 2 The cost function

The heuristic cost was calculated by subtracting the runs to be scored in an
over from the target and then dividing it by the sum of the average of the
bowlers who will be bowling the remaining overs.

target — runs to be scored in an over

h(n) =

sum of the average of the bowlers who will be
bowling the remaining overs

Equation 3 The heuristic cost function

If a node with fewer runs is selected, then the cost will be less. However,
since a node with fewer runs is selected, the number of remaining runs to
be scored will be high, making the heuristic cost high. If a node with
a lesser heuristic cost is selected, that node will naturally have a higher
cost.

This can be visualized via a plot. Let us assume that in a four-over game,
20 runs are needed to be scored to win the game. All the bowlers average

20. So, the cost of scoring x number of runs in the first over can be
defined as:

Equation 4 The cost of scoring x runs against a bowler averaging 20
The heuristic cost can be defined as

_20—x

60

h(x)

Equation 5 The heuristic cost after scoring x runs

Figure 2 shows the plot drawn for these two functions.

The plot drawn in Figure 2 shows the cost function (indicated by red) and the
heuristic cost function (indicated by blue). It can be observed that the cost
increases with the number of runs to be scored in an over. This is because the
more the runs batsmen attempt to score, the greater the risk of losing their wicket.

The heuristic cost can be seen decreasing with the number of runs to be
scored in an over. The heuristic cost gives the cost of scoring runs in the future.
If more runs are scored of the current over, then the number of runs to be



APPLIED ARTIFICIAL INTELLIGENCE . 2095

07

The cost

06

0.5

03 o

8 9 10 1
Runs that can be scored in an over

Figure 2. The red line indicates the cost and the blue line indicates the heuristic cost.

scored in the following overs will be less. If less runs are to be scored in the
following overs, then the heuristic cost will be low. Thus, we can observe the
heuristic cost curve descending.

The intersection point of these two lines is the ideal number of runs that
should be scored in the first over.

When all the bowlers average the same, the same number of runs should be
scored off every over since the difficulty level against every bowler is the same.

Since the target is 20,

~“_5
4

Equation 6 The expected number of runs to be scored in an over
The corresponding x-axis value of the intersection point is 5 and that is
same as the number of runs that was obtained through the above calculation.
However, since the cost and the heuristic cost are added in the A* algorithm
to obtain the total cost, as shown in the plot below, a linearly increasing total-
cost line was obtained.
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Figure 3. The red line indicates the cost, the blue line indicates the heuristic cost, and the green
line indicates the total cost.

In the A* algorithm, the total cost is the sum of the cost and the heuristic
cost. Thus, when linear cost and heuristic functions are used, a linearly
ascending total cost curve was obtained as shown in Figure 3.

This resulted in the outputs obtained being optimal yet defying logic. For
instance, when the algorithm was run for the above example, the output
obtained was 6 runs off the first over, and 7 runs each off the second and
third over, the cost of which was:

Equation 7 The obtained total cost
This is the same as the cost of scoring 5 runs oft every bowler.

5+5+5+5_1
20 20 20 20

Equation 8 The expected total cost
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However, it can be observed that the output of the algorithm completes
the chase within three overs and the number of runs to be scored against
each bowler is not the same despite all the bowlers having the same
average.

This proved that a linear cost function will not be suitable to accomplish the
goal of the study. Since the total cost should be high for both the extreme
outcomes of an over - i.e., for no runs being scored and the maximum runs
being scored - the total cost should take the shape of a parabola.

To obtain a parabolic curve, the function should be converted to
a polynomial function. This produced the following cost function:

x2

bowling average

glx) =

Equation 9 Polynomial cost function
The heuristic function:

(target — x)
sum of the bowling average of the remaining bowlers

h(x) =

Equation 10 Polynomial heuristic cost function

Calculating the total cost using the above functions produced the following
plot.

From Figure 4, it can be observed that the x-axis value of the lowest point of
the total cost curve is the same as the x-axis value of the intersection point of
the cost and heuristic functions. When the algorithm was run with the updated
cost and heuristic functions, the expected outcome of five runs off every over
was obtained.

The cost value of the previous output of the algorithm computed using the
updated cost function is as follows:

6> 7* 7

=67

20 20 20
Equation 11 The total cost calculated using the polynomial cost function for
the output of the linear cost function

The cost value of the current output of five runs off every over computed
using the updated cost function is as follows:

5,5 5 5

20 720720 20

Equation 12 The cost of the expected output calculated using the polynomial
cost function

Thus, it can be seen that the polynomial cost and heuristic functions
produced a more logical output.
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Figure 4. The red line indicates the cost, the blue line indicates the heuristic cost, and the green
line indicates the total cost.

The A* algorithm was written using Python and the polynomial cost and
heuristic functions (Equation 9 and 10) were implemented. The target score
and the bowling order and the bowling average of the bowlers were input into
the program to obtain the number of runs that should be scored off every over.

Testing

To test this strategy, data from the first round of the Abu Dhabi T10 tourna-
ment that was played in January 2021 was used. The first round consisted of 12
matches. Each game consisted of two innings of 10 overs each.

First, the cost of every over was calculated based on the actual number of
runs scored using the cost function. Then, the A* algorithm was run and the
runs that should have been scored off every over was obtained. Finally, the
relevant cost of scoring the calculated runs off every over was computed and
compared against the actual cost.
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Table 1. A comparison between the incurred cost and the calculated cost.

Bowler Average Actual Runs Actual Cost Computed Runs Computed Cost
Mahesh Theekshana 21.68 13 7.795203 1 5.581180812
Wayne Parnell 26.09 18 12.41855 13 6.477577616
Wahab Riaz 21.93 23 2412221 1 5.51755586
Rayad Emrit 23.15 19 15.59395 12 6.220302376
Fabian Allen 32.39 6 1.111454 17 8.922506947
Mahesh Theekshana 21.68 19 16.65129 1 5.581180812
Fabian Allen 32.39 5 0.771843 17 8.922506947
Wahab Riaz 21.93 14 8.937528 1 5.51755586
Rayad Emrit 23.15 3 0.388769 12 6.220302376
Wayne Parnell 26.09 1 4.637792 13 6.477577616

Since T10 is a fairly new format, the T20 average of bowlers was taken into
consideration to provide a better sample space. The average of debutant
players was set to the average bowling average of the bowlers who played in
the tournament.

Results

Table 1 shows the results obtained for the first game of the tournament.

The total actual cost for the 12 matches was found to be 781.88. The total
computed cost was 660.1. Thus, the proposed batting strategy reduced the cost
by 15.57%. A reduced cost means the risk was greatly reduced. Consequently, the
batting strategy devised using the A* algorithm could reduce the risk by 15.57%.

Discussion

The A* algorithm is an optimal and complete algorithm, so it is guaranteed to
find the least-cost path to the target (Russel and Norvig 2010). However, it
should be remembered that both the algorithm and the test carried out used
the same definition of the cost. Thus, it does not come as a surprise that the
algorithm, by virtue of its optimality and completeness, reduced the cost
incurred by a team during a run chase.

Nonetheless, the effectiveness of this algorithm during an actual game is
contingent on the validity of the cost function. Verifying the validity of the cost
function is difficult owing to the absence of a widely accepted mathematical
model to predict the result of a cricket game. Obtaining experimental evidence
to verify the validity of the cost function will require a cricket team to use the
cost function to make decisions over an appreciable number of games and
thus, cannot be considered pragmatic either.

Furthermore, the cost function used in this study does not take into account
the performance of a certain batsman against a bowler. Thus, defining the cost
function based only on the overall average of a bowler may be considered
inadequate. Consequently, the average of a bowler against the batsmen who
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would be facing that bowler would provide a more accurate cost function.
However, finding such data is made difficult by the absence of free availability
of such statistics in cricket.

Conclusion

The study examined the possibility of the use of the A* algorithm to calculate
the number of runs that should be scored off every over in a limited-over
innings during a run chase. The cost function was defined as the square of the
number of runs to be scored divided by the average of the bowler, and the
heuristic function was defined as the square of the difference between the target
and the number of runs to be scored, divided by the sum of the average of the
remaining bowlers. The study also demonstrated why a polynomial function is
more suitable than a linear function to address the problem at hand. In order to
test the algorithm, the scorecard from a T10 match was used and the algorithm
was proven to reduce the cost incurred by the chasing team by 6.62%.
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