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Death-over bowling (overs 17-20) in T20 cricket commands premium auction prices and shapes franchise
squad construction. Using 50,032 deliveries from 19 IPL seasons (2008—-2026), we ask whether “death bowling”
is a distinct, persistent, and forecastable skill—or largely a product of overall bowling quality, match context,
and noisy reputation.

Four layers of analysis yield a nuanced answer. First, death-over economy is persistent: season-level split-
half reliability is r = 0.37 (p = 0.001), comparable to other bowling phases, and increases to r = 0.58 for
bowlers with 500+ career death balls. Death bowling is not pure noise—but the signal requires several seasons
to emerge. Second, a progressive variance decomposition reveals that match state (over number, wickets fallen,
innings context) explains 64% of the predictable variation in ball-level outcomes, while bowler identity—the
death-specific component after controlling for context—explains 18%. Critically, a bowler’s non-death economy
explains only 1% of his death performance: death bowling is genuinely distinct from general bowling quality.
Third, there is no “clutch” effect: high-leverage and normal-leverage death economy are uncorrelated (r = 0.03,
p = 0.70). Performance under pressure is indistinguishable from performance without it. Fourth, the mechanics
of death skill are not about yorker frequency but yorker precision: the yorker (economy 5.4) and the missed
yorker that becomes a full toss (economy 12.4) differ by 7 runs per over, and the strongest predictor of poor
death bowling is error rate, not delivery selection.

Death bowling skill exists, is persistent, and is mechanically identifiable—but the market likely overestimates
how many bowlers possess it. Era-adjusted empirical Bayes shrinkage reduces the apparent elite to four
bowlers with reliably superior death-specific performance across 400+ deliveries (Narine, Malinga, Bumrah,
Morris), plus one active bowler (Pathirana) on track to join them.

Additional Key Words and Phrases: cricket, death bowling, persistence, hierarchical decomposition, T20, IPL,
skill measurement

1 Introduction

In T20 cricket, the final four overs of an innings—overs 17 through 20, known as the “death overs”—
are the most consequential phase of the match. Batting teams accelerate, field restrictions are
minimal, and the average economy rate climbs from 8.5 runs per over in the middle overs to 9.8 at
the death. In the IPL, franchises routinely pay premium prices for bowlers with a reputation for
performing in this phase: Jasprit Bumrah, Lasith Malinga, and Jofra Archer command contracts
worth millions of dollars, justified in part by their perceived death-over mastery.

But how much of this reputation is real? T20 cricket generates roughly 24 death-over deliveries
per match. A bowler who bowls two overs at the death in every match of a full IPL season—an
unusually high workload—accumulates approximately 180 death balls. At that sample size, the
expected standard deviation of economy rate is large enough that a bowler with true talent of 9.0
could easily record anything from 7.5 to 10.5 in a single season. Reputation is built on small samples
and memorable performances; regression to the mean is invisible [4, 6].

This paper provides the first systematic decomposition of death-over bowling performance in
the IPL. We make five contributions:

(1) We test the persistence of death-over performance using split-half reliability, season-to-
season correlation, and sample-size-dependent reliability curves. Death-over economy is
persistent: at season-level splits, r = 0.37 (p = 0.001), comparable to middle overs (r = 0.33)
and powerplay (r = 0.30). Reliability increases with sample size, reaching r = 0.58 for
bowlers with 500+ career death balls.
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(2) We perform a progressive variance decomposition, modelling ball-level runs conceded
as a function of season, venue, match state, batter quality, bowler overall quality, and bowler
identity. Match state dominates (64% of explainable variance), while the death-specific
bowler component accounts for 18%. Bowler overall quality (non-death economy) explains
only 1%—death bowling is a genuinely distinct skill, not a proxy for being a good bowler.

(3) We test for a “clutch” effect: do some bowlers perform specifically better in high-leverage
death situations? They do not. High-leverage and normal-leverage death economy are
uncorrelated (r = 0.03, p = 0.70). There is no evidence of a pressure-specific component of
death bowling.

(4) We identify the mechanical basis of death-over skill. The yorker (economy 5.4) is the most
effective death-over delivery by a wide margin, but bowlers who attempt more yorkers are
not systematically better—because the missed yorker that becomes a full toss (economy
12.4) erases the benefit. The strongest predictor of poor death bowling is error rate (full
tosses, wides, no-balls), not delivery selection. Death skill is not about choosing to bowl
yorkers; it is about executing them without missing.

(5) We produce shrinkage-adjusted rankings using empirical Bayes methods, demonstrating
that the apparent elite of death bowling shrinks dramatically when small-sample heroes are
pulled toward the mean. After era adjustment, four bowlers in IPL history have shrinkage-
adjusted death economy more than one run per over below the league mean at 400+ deliveries
(Narine, Malinga, Bumrah, Morris), with a fifth (Pathirana) on track to join them.

The result is a complete anatomy of death bowling as a skill: it exists, it persists, it is mechanically
grounded—but it is rarer than the market thinks, and what makes it work is not what most observers
assume.

2 Data
2.1 Ball-Level Extract

We extract every delivery bowled in overs 17-20 of IPL matches from the ESPN Cricinfo ball-by-ball
database, covering all 19 IPL seasons from 2007/08 through 2025/26. The dataset comprises 50,032
deliveries across 1,158 completed matches, bowled by 438 unique bowlers to 613 unique batsmen.

For each delivery, we record: bowler and batsman identity; over and ball number; runs conceded
(total, batsman, extras); dismissal type; cumulative match state (runs scored, wickets fallen, overs
bowled); innings number; venue; and season. For deliveries with coded ball-tracking data (97.8%
coverage), we additionally record pitch length (yorker, full, good length, back of length, short, full
toss) and pitch line.

2.2 Phase Comparison Data

To compare death-over reliability with other phases, we extract bowler-season summaries across
all overs, partitioned into powerplay (overs 1-6), middle (7-16), and death (17-20). This yields 5,206
bowler-season-phase observations.

2.3 Quality Baselines

For each bowler appearing in the death-over extract, we compute pre-season expanding-window
career statistics: overall economy, non-death economy, death economy, and balls bowled in each
phase. These serve as quality controls in the decomposition analysis. For batsmen, we compute
analogous pre-season strike rate and batting average. Pre-season baselines are available for 81% of
death balls (the remainder are debut-season deliveries).
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Table 1. Death-over summary statistics (IPL 2008-2026).

Metric Value
Total deliveries 50,032
Matches 1,158
Seasons 19
Unique bowlers 438
Unique batsmen 613
Mean economy (runs/over) 9.78
Boundary rate 20.6%
Dot ball rate 26.7%
Wicket rate (per ball) 8.7%
Wide rate 4.4%
Yorker rate (of classified) 7.6%

2.4 Summary Statistics

Table 1 presents aggregate death-over statistics. The average death economy of 9.78 runs per over
is substantially higher than the overall IPL economy of approximately 8.2, reflecting the batting
acceleration in the final phase. One in five deliveries is hit for a boundary; roughly one in four
produces a dot ball; and 7.6% of length-classified deliveries are yorkers.

3 Persistence and Reliability

The first question is whether death-over performance is stable enough to be considered a skill
rather than noise.

3.1 Split-Half Reliability

For each bowler with at least 20 death-over appearances, we split their matches into odd-numbered
and even-numbered (by career sequence), compute death economy in each half, and correlate. The
split-half correlation for death economy is r = 0.13 (p = 0.21, N = 99)—barely above zero.

However, this understates reliability because it uses match-level economy, which is extremely
noisy for the 6-12 balls a bowler typically delivers per match. When we aggregate to season-level
splits (odd vs. even seasons), reliability improves substantially: r = 0.37 (p = 0.001, N = 76).

3.2 Phase Comparison

To calibrate whether death performance is uniquely unreliable, we run the same season-level
split-half test for all three phases:

Table 2. Split-half reliability by phase (season-level odd/even, min 200 career balls).

Phase r p N

Death (17-20)  0.369  0.001 76
Middle (7-16)  0.325 <0.001 171
Powerplay (1-6) 0.298  0.002 104

Death-over performance is not less reliable than other phases. If anything, it is slightly more
persistent than powerplay bowling—a result that contradicts the conventional wisdom that death
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Reliability of Bowling Economy by Phase and Sample Size
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Fig. 1. Split-half reliability of bowling economy by phase and sample size. Death-over reliability (red) starts
lower but converges with non-death (blue) at 500+ balls. The death bowling “noise” narrative is a sample-size
artifact.

overs are inherently noisier. Season-to-season correlations tell the same story: death r = 0.29,
middle r = 0.32, powerplay r = 0.26.

FINDING 1. Death-over bowling economy is persistent and not less reliable than bowling in other phases.
Death reliability (r = 0.37) is modestly higher than powerplay (r = 0.30) in our sample, contradicting
the conventional wisdom that death-over performance is uniquely noisy.

3.3 Reliability by Sample Size

Figure 1 shows how split-half reliability scales with sample size. At small samples (< 200 balls),
death reliability is low (r ~ 0.1-0.2), consistent with the noisy reputation narrative. But as sample
size increases, reliability climbs steadily, reaching r = 0.58 at 500+ balls—comparable to non-death
bowling at the same threshold. The curves converge: given enough data, death bowling is as
forecastable as any other phase.

This has direct implications for franchise decision-making. A bowler with 150 death-over balls—
roughly two IPL seasons—has unreliable death statistics (r = 0.17). A bowler with 500+ balls (4-5
seasons) has meaningfully reliable numbers (r ~ 0.58). The market prices death bowling off one or
two seasons of data; the data becomes trustworthy only after four.

FINDING 2. Death-over reliability reaches r = 0.58 at 500+ career balls, comparable to non-death
bowling at the same sample size. Below 200 balls, death statistics are unreliable. The “death specialist”
label requires at least four IPL seasons to be credible.
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Table 3. Progressive variance decomposition of death-over runs conceded. OLS with categorical controls.

Component Cumulative R* Marginal % of total
Season 0.0027 0.0027 6.3%
+ Venue 0.0058 0.0031 7.4%
+ Match state 0.0329 0.0272 64.1%
+ Batter quality 0.0344 0.0015 3.4%
+ Bowler overall quality 0.0349 0.0005 1.1%
+ Bowler identity (FE) 0.0424 0.0075 17.7%
Unexplained 0.9576

4 Decomposition

Persistence establishes that death skill exists. Decomposition asks: what is it made of?

4.1 Progressive R? Analysis

We model ball-level runs conceded as a function of progressively richer controls, measuring how
much variance each layer explains. The sample is 30,652 deliveries bowled by 107 qualified bowlers
(=120 death balls) with complete pre-season baselines.

The total R? is 0.042—low in absolute terms, but expected for individual deliveries where ball-
by-ball variance is dominated by the stochastic nature of cricket (a single ball can produce 0 or
6 runs regardless of who bowls it). For comparison, pitch-level models in baseball and shot-level
models in basketball produce similarly low R? values when predicting individual outcomes; the
signal emerges in aggregation over hundreds of events, not in any single one. The composition of
the explainable variance—i.e., how the 4.2% of predictable variation is allocated across factors—is
the finding:!

e Match state (over number, wickets fallen, innings context) accounts for 64% of explainable
variance. This is the biggest lever: a bowler defending 15 off the last over with 2 wickets in
hand faces a fundamentally different task than one bowling over 17 with 8 wickets in hand.
Most of what determines a death ball’s outcome is the situation, not the bowler.

e Bowler identity (death-specific fixed effects, after controlling for all other factors) explains
18%. This is the death-specific skill component: the residual between-bowler variation that
is not captured by match state, venue, season, batter quality, or overall bowling quality.

e Bowler overall quality (pre-season non-death economy) explains only 1%. This requires
careful interpretation. In a simple bivariate regression without controls, non-death economy
explains 24% of between-bowler death economy variance (Section 3)—general quality does
matter descriptively. But once match state is modelled, the incremental contribution of
non-death economy drops to 1%. The reason: match state already captures much of what
general quality proxies (better bowlers are selected into harder situations). The residual
death-specific component—what bowler identity adds beyond all controls—is 18%, far larger
than the 1% from general quality. Death bowling is not simply “being a good bowler applied
late”

IThe “% of total” column in Table 3 expresses each component’s marginal R? as a fraction of the full model’s R? (0.0424),
not of total variance. For example, “64% match state” means match state accounts for 64% of the 4.2% that is predictable, or
2.7% of total variance.
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Table 4. Illustrative bowler fixed effects (economy relative to average, controlling for context). Minimum
120 death balls. Small-sample entries should be interpreted with caution; Table 6 provides the authoritative
large-sample ranking.

Bowler Death FE Balls Note

M Pathirana —-2.29 304 Malinga-action pacer

JJ Bumrah —2.24 1,109 Elite pace, elite yorker
Kuldeep Yadav —-2.23 186 Wrist spinner

CH Morris —1.65 471 Seam/variation

Mohammed Siraj -1.52 588 Pace, new-ball specialist

SP Narine -1.51 574 Mystery spin, 34% dots
Arshdeep Singh -1.50 485 Left-arm yorker specialist
SL Malinga -1.29 740 The original death specialist
Rashid Khan -1.26 317 Leg-spin, wrist variations
Avesh Khan -1.21 508 Pace, yorker execution
Worst death-specific performers:

CJ Jordan +2.19 174 Reputed “death specialist”
MP Stoinis +2.30 127 Part-time medium pace

MM Patel +2.39 166 Pace, high error rate

DT Christian +2.66 123 All-rounder

AB Dinda +2.06 360 Pace, consistent underperformance

FINDING 3. A bowler’s non-death economy explains only 1% of the predictable variation in his death-
over performance. Death bowling is a genuinely distinct skill, not a proxy for overall bowling quality.
Non-death economy alone explains 24% of between-bowler death economy variance (Section 3); once
match state is controlled, the incremental contribution drops to 1%.

4.2 Bowler Fixed Effects

The bowler fixed effects from the full model represent each bowler’s death-specific skill after
conditioning on match state, venue, season, batter quality, and overall quality. Expressed in economy-
rate units (runs per over):

The fixed effects range from —2.29 (Pathirana, 2.29 runs per over better than average after
controlling for context) to +3.68 (worst performers). The distribution is approximately normal
with a standard deviation of 1.3 runs per over, indicating meaningful between-bowler variation in
death-specific skill.

Three results merit comment. First, Kuldeep Yadav (—2.23) and Rashid Khan (—1.26) are spinners—
challenging the conventional assumption that death bowling is a pace-bowling skill. However,
Kuldeep’s sample is only 186 balls; he does not appear in the shrinkage-resistant elite (Table 6),
and his fixed effect should be treated as suggestive rather than definitive. Rashid Khan (317 balls)
is more robust. Second, several entries in Table 4 have fewer than 300 balls and would shrink
substantially toward the mean; Table 6 provides the authoritative ranking for bowlers with large
samples. Third, Chris Jordan (+2.19) illustrates how role assignment can diverge from context-
adjusted performance. Selected repeatedly as a death bowler across multiple IPL franchises, his
death-specific performance is 2.19 runs per over worse than average. His reputation rests on being
trusted with the ball at the death—a self-reinforcing selection effect—rather than on the outcomes
he produces.
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5 Leverage and Clutch

A natural follow-up: even if some bowlers are better at death overall, are any of them specifically
better under pressure? The “big-game bowler” narrative—that certain bowlers rise to the occasion
when the match is on the line—is central to how franchises value death bowling.

5.1 Leverage Definition

We classify each death ball as high-leverage (second innings with required rate 7-12, or final over of
first innings with <3 wickets lost), extreme (required rate >12), low (required rate <7), or medium
(all other first-innings death balls). This yields 24,328 high-leverage or extreme balls and 25,704
medium or low.

5.2 The Clutch Test

For bowlers with at least 30 high-leverage death balls, we compute economy in high-leverage and
normal-leverage situations separately, then correlate:

r(high-leverage economy, normal-leverage economy) = 0.03 (p =0.70, N = 168)

The correlation is effectively zero. A bowler’s performance under pressure is statistically indepen-
dent of his performance without it. The mean “clutch delta” (high-leverage minus normal-leverage
economy) is —0.07 (t = —0.38, p = 0.70)—not significantly different from zero. With N = 168, this
test has 80% power to detect a correlation of r > 0.21 at & = 0.05. The null is therefore informative:
if a meaningful clutch component existed, this sample would likely have detected it.

FINDING 4. There is no detectable “clutch” component to death bowling. High-leverage and normal-
leverage death economy are uncorrelated (r = 0.03, p = 0.70). Performance under pressure is indistin-
guishable from performance in routine situations. The “big-game bowler” narrative is not supported by
IPL data.

This does not mean individual bowlers never produce great performances under pressure. They
do. But the frequency of such performances is consistent with their overall death-over skill level—
they are not differentially better when the stakes are high. The “rises to the occasion” narrative is
survivorship bias applied to a noisy phase—analogous to the “clutch hitter” debate in baseball [1].
Note that the related “hot hand” literature [4] concerns sequential streakiness, not pressure-specific
performance; recent work [5] has shown a small hot hand may exist in basketball, but the question
here is different: we test whether bowlers perform differentially better under pressure, not whether
good balls cluster in time.

6 Mechanics

If death-specific skill exists (Layer 2) but is not pressure-specific (Layer 3), what generates it? We
examine the mechanical correlates of death bowling performance.

6.1 The Yorker Premium

The yorker is the most effective death-over delivery by a wide margin:

A yorker concedes 5.40 runs per over with a 5.7% boundary rate. A full toss—the typical “miss”
when a yorker goes wrong—concedes 12.39 with a 28.6% boundary rate. The gap is 7 runs per over:
the difference between an excellent delivery and an execution error. No other sport has a single
skill with such a large outcome variance at the moment of greatest leverage.
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Table 5. Death-over economy by ball length (IPL 2008-2026, 48,940 length-classified balls).

Length Balls Economy Boundary % Dot %
Yorker 3,710 5.40 57% 36.2%
Good length 11,097 9.20 18.2%  28.4%
Back of length 11,886 9.57 20.4%  29.0%
Full 9,280 11.55 261% 21.2%
Short 8,773 9.27 20.1% 29.9%
Full toss 4,108 12.39 28.6% 15.7%

6.2 The Yorker Paradox

If yorkers are so effective, one might expect bowlers who bowl more of them to be better at death.
Surprisingly, the bivariate correlation between yorker rate and death economy is weakly positive:
r =+40.20 (p = 0.04). More yorkers are associated with marginally worse, not better, economy.

The resolution is the error channel. Bowlers who attempt more yorkers also produce more full
tosses and wides—the high-cost misses that accompany aggressive length targeting. In a multivariate
regression:

Economy = fy — 3.04 - YorkerRate + 7.16 - FullTossRate + ¢ (1)

Yorker rate has a negative coefficient (more yorkers = better economy) when full toss rate is
controlled. The full toss coefficient (+7.16, p < 0.01) is the dominant predictor. The multivariate
model explains R? = 0.17 of between-bowler death economy variance using only mechanical
factors.

FINDING 5. Death bowling skill is not about choosing to bowl yorkers—it is about executing them
without missing. The yorker (economy 5.4) and the full toss (economy 12.4) differ by 7 runs per over.
Bowlers who attempt more yorkers are not better unless they also suppress their error rate. Error rate,
not delivery selection, is the mechanical basis of death-over skill.

6.3 What Elite Death Bowlers Do Differently

The mechanical profile of elite death bowlers (bottom tercile by economy, >200 balls) differs from
poor death bowlers (top tercile) primarily in error suppression, not in yorker frequency. Both
groups bowl similar proportions of yorkers (~7-9%). The difference is in full tosses and full-length
deliveries: elite bowlers convert intended yorkers into actual yorkers more often, while poor bowlers
convert intended yorkers into full tosses.

This is consistent with the qualitative cricket analysis of death bowling: the skill is precision
under fatigue and pressure, not a particular delivery type. Bumrah does not bowl more yorkers than
a replacement bowler—he bowls fewer full tosses per attempted yorker. The execution rate, not the
attempt rate, is the skill.

6.4 Economy vs. Wickets

The preceding analysis uses economy (runs per over) as the primary outcome. A natural question
is whether wicket-taking ability is a separate dimension of death-over skill. Across bowlers with
>200 death balls, the correlation between death economy and death wicket rate is r = —0.19
(p = 0.10)—weakly negative, meaning better economy bowlers take slightly more wickets, but the
relationship is modest.
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Some elite death bowlers are primarily run-preventers: Bumrah (economy 8.21, wicket rate 6.8%)
and Narine (7.97, 7.9%) prevent boundaries and generate dots. Others are wicket-takers: Nehra
(8.75, 10.6%), Imran Tahir (8.45, 10.4%), and Starc (8.90, 9.7%) take wickets at a higher rate but
concede slightly more. Economy and wicket-taking are partially but not fully overlapping skills
at the death. A companion paper [8] shows that the ace bowler takes approximately 50% more
wickets per 19th over than the replacement (p = 0.001), confirming that the wicket channel is a
substantively important component of death-bowling value beyond economy alone.

7 Shrinkage and Market Implications

Raw leaderboards of death-over economy are dominated by small-sample artefacts. A bowler with
130 excellent death balls can appear elite simply by luck. Empirical Bayes shrinkage [3] pulls
each bowler’s estimated economy toward the grand mean in proportion to the uncertainty of his
estimate (inverse of sample size). This is the same principle underlying PECOTA [7] and other
sports forecasting systems: small samples are unreliable, and the best estimate of a player’s true
talent is a weighted average of his observed performance and the population mean.

With a shrinkage parameter of k = 37.4 (estimated from the ratio of within-bowler to between-
bowler variance in match-level economy), the apparent elite narrows dramatically. Doug Bollinger
(216 balls, raw economy 7.44) shrinks to 7.77—still excellent, but from a small sample that could
easily regress. Malinga (965 balls, 7.78) barely moves to 7.85. Bumrah (1,257 balls, 8.21) barely moves
to 8.26.

However, raw economy does not account for era effects. Death-over scoring has risen over time
(from ~9.0 in 2009 to ~10.5 in 2024), meaning bowlers from earlier seasons benefit from a lower-
scoring environment. We therefore compute era-adjusted shrinkage estimates by first subtracting
each season’s league-wide death economy from each ball’s runs conceded, then applying the same
empirical Bayes procedure to the adjusted figures.

Era adjustment changes the elite list meaningfully. Dale Steyn, whose raw shrunk economy
(8.57) placed him in the top five, adjusts to 8.83 once the lower-scoring environment of his era
(2008-2019) is accounted for—still above average, but no longer in the top tier. Malinga shifts from
7.85 to 8.15, reflecting his pre-2020 career, but remains elite. Bumrah improves slightly (8.26 to 8.18)
because he bowls in the harder, higher-scoring modern era.

The era-adjusted shrinkage-resistant elite—bowlers with >400 career death balls whose era-
adjusted shrunk economy remains more than one run per over below the grand mean (9.69)—
numbers four:

Table 6. Era-adjusted shrinkage-resistant elite (>400 career death balls, era-adjusted shrunk economy < 8.69).

Bowler Balls Raw econ Raw shrunk Era-adjshrunk
SP Narine 773 7.97 8.05 8.12
SL Malinga 965 7.78 7.85 8.15
JJBumrah 1,257 8.21 8.26 8.18
CH Morris 609 8.49 8.56 8.64

A fifth bowler merits mention. Matheesha Pathirana (352 balls, era-adjusted shrunk economy
8.11) has the best era-adjusted estimate in the dataset but falls just short of the 400-ball sample-size
threshold. Pathirana is still active and began his IPL career in 2023; another season will resolve
whether he belongs on this list. His bowling action, modelled on Malinga’s, and his early-career
numbers suggest the succession may be real.
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Five bowlers in 18 years of IPL cricket have reliably elite death bowling after era-adjusted
shrinkage—four who have crossed the sample-size threshold and one who is on track to join them.
The market prices as if there are dozens.

FINDING 6. Era-adjusted empirical Bayes shrinkage reduces the apparent death-bowling elite from
dozens of bowlers to four with >400 deliveries and era-adjusted shrunk economy more than one run
per over below the grand mean: Narine, Malinga, Bumrah, and Morris. A fifth, Pathirana, has the best
era-adjusted estimate but has not yet reached the sample-size threshold. These are the five bowlers of
the title. The market substantially overestimates the supply of genuine death specialists.

8 Discussion
8.1 Summary

Death bowling skill is real, persistent, mechanically grounded, and distinct from overall bowling
quality—but it is rarer than the market assumes, and its basis is different from what most observers
believe. One intriguing result is that death-over performance is modestly more persistent than
powerplay bowling in our sample. A possible explanation is that the death-over task is more
constrained—defend runs, bowl yorkers, limit boundaries—than the varied tactical demands of
powerplay bowling, where conditions, match-ups, and field settings introduce additional noise.
This conjecture remains speculative and would benefit from further investigation across leagues.
The skill is not yorker frequency but yorker precision: the ability to execute high-reward deliveries
without producing high-cost errors. There is no “clutch” component; bowlers do not perform
differentially better under pressure. And the number of bowlers who possess genuine, persistent,
era-adjusted, shrinkage-resistant death-over skill in the IPL is four, with a fifth on the way.

8.2 Implications for Franchise Strategy

Three implications follow for franchise squad construction:

First, do not price death bowling off small samples. Below 200 death balls (roughly two IPL
seasons), death economy statistics are unreliable. A bowler who looked elite in one season is as
likely to regress as to repeat. The shrinkage-adjusted estimate is a better predictor than the raw
number.

Second, death bowling is not general bowling quality. A bowler’s non-death economy is a
poor predictor of his death performance. Franchise analytics teams that project death economy
from overall career numbers are likely to overpay for bowlers who are good in general but not
specifically at the death—and to underpay for bowlers whose death skill is masked by mediocre
powerplay or middle-over numbers.

Third, execution scouts should track error rate, not delivery type. The difference between
Bumrah and a replacement-level death bowler is not that Bumrah bowls more yorkers—it is that
he bowls fewer full tosses per attempted yorker. Scouting systems that code delivery type but not
execution accuracy miss the critical signal.

8.3 Case Study: Role Assignment vs. Performance

The contrast between Chris Jordan and Sunil Narine illustrates how reputation and context-adjusted
performance can diverge.

Jordan has been selected repeatedly as a death bowler across multiple IPL franchises. His death-
specific fixed effect is +2.19 runs per over—worse than average after controlling for match state,
venue, and batter quality. Jordan’s case is not unusual: several bowlers with “death specialist”
reputations show positive fixed effects, suggesting that role assignment is partly self-reinforcing.
Captains give the ball to bowlers labeled as death specialists; the label persists because of the
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assignment, not the outcome. Jordan may well have other qualities—experience, composure, T201
credentials—that justify his selection on dimensions our model does not capture. But on death-over
run prevention specifically, the data does not support the reputation.

Contrast this with Narine (-1.51), who is not typically described as a death bowler at all. A
mystery spinner, Narine generates a 34% dot ball rate at the death—the highest among qualified
bowlers—with virtually zero yorkers (0.4%). His death skill is entirely dot-ball generation through
variation and deception, not pace or yorker execution. The data identifies him as a substantially
better death bowler than most pace “specialists,” despite never being labeled as one.

8.4 Limitations

Several limitations should be noted. First, the ball-tracking data (pitch length classification) is
human-coded by Cricinfo scorers, not derived from Hawk-Eye or equivalent tracking systems.
Measurement error in length classification—particularly the distinction between a yorker and a full
delivery—may attenuate the mechanical findings. The 2.2% of deliveries without length classification
are excluded from the mechanics analysis (Section 6) but included in all other analyses. Second, we
do not observe bowler intent. A full toss may be an intended yorker that went wrong, an intended
bouncer that slipped, or a deliberate slower ball. Our mechanical analysis treats all full tosses as
errors, which is approximately but not exactly correct. Third, the leverage classification in Section 5
uses a heuristic based on required rate and match state rather than a formal win-probability model.
While the null result (r = 0.03) is robust to reasonable variations of the threshold, a model-based
leverage metric derived from ball-by-ball win probabilities would strengthen the clutch analysis.
Fourth, the IPL is one league; death bowling dynamics may differ in conditions and competitions
where batting is less dominant.
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