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Abstract

How does replacing human evaluators with Al affect workers’ risk-taking? I develop a
model in which human leniency reduces the expected cost of risky strategies by allowing
some mistakes to go unpenalized. Removing this leniency through Al evaluation lowers
risk-taking. To test the model, I exploit the staggered adoption of Electronic Line Calling
(ELC), an Al-based camera system that replaces human line judges in professional
tennis. The sample includes 12,891 matches, 233 players, and 94 tournaments from 2021
to 2025. I compare the same player across tournaments with and without ELC. I find
that ELC reduces the ace rate and the double-fault rate, and raises the first-serve-in
rate. Players also change where they aim their serves, which shows that the effects
reflect a change in behavior rather than a mechanical consequence of more accurate
calls.
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1 Introduction

Al is increasingly used to evaluate job candidates, workers, and students. Replacing human
judgment with an algorithm may also change how the people being evaluated behave.
More accurate evaluation catches more mistakes, but it may discourage people from taking
productive risks. Yet causal evidence on how people adjust their risk-taking when AI is

introduced remains limited.

In this paper, I develop a model of risk-taking under different evaluation regimes: Al or
human. A worker chooses how much risk to take, trading off the probability of success against
the probability of a mistake. Human evaluators sometimes overlook mistakes, lowering the

expected cost of risk-taking. Al evaluation removes this leniency, so workers take less risk.

Testing this model is challenging when an Al evaluator is introduced for all individuals at
once, leaving no comparison group, or when Al only assists a human evaluator who retains
the final decision. Professional tennis avoids both problems. Electronic Line Calling (ELC),
an Al-based camera system that replaces human line judges, was adopted at different times
across tournaments. [ exploit this staggered adoption to compare players’ serving across
tournaments with and without ELC, while the task, the stakes, and the player pool remain

unchanged.!

In this setting, the risky strategy is an aggressive serve, and human line judges are asymmet-
rically lenient on close calls (Almog et al. 2025): they are more likely to call in a ball that is

truly out than to call out a ball that is truly in. A serve wrongly called in stays in play, so

IThe comparison regime includes different review procedures: many non-ELC tournaments used Hawk-Eye
to review calls challenged by players, while clay tournaments relied on human ball-mark review. Because
challenges already corrected part of human leniency, my estimates likely understate, in absolute value, the
full effect of moving from human to Al evaluation.



the server keeps a chance of winning the point. If Al removes that margin of human error,

players might take less risk.

I test the model using a panel of 12,891 matches on the Association of Tennis Professionals
(ATP) tour, covering 233 players and 94 tournaments from 2021 to 2025. I estimate the main
specification by ordinary least squares (OLS), including player, year, and tournament fixed

effects.

ELC adoption reduces the ace rate by 0.35 percentage points (about 5% of the control
mean) and the double-fault rate by 0.16 percentage points (about 5%). The first-serve-in
rate increases by 0.44 percentage points (about 1%). If players did not change their serving
strategies, removing human leniency would mechanically lower the first-serve-in rate and
increase the double-fault rate, since some out serves previously called in would now be
recorded as faults. The estimated effects go in the opposite direction, suggesting a behavioral
adjustment by players. As a placebo test, I find no effect on the break-point save rate, an

outcome that also depends on rally dynamics and pressure, and not only on serve strategies.

In addition, using a subsample of matches with detailed information on serve placement,
I find that players react to ELC by adjusting the direction of their serves. This reaction,
together with the results on serve outcomes that move in the opposite direction of what
a mechanical adjustment would predict, points to an actual change in behavior when Al

evaluates performance.

The model predicts that scaling both the rewards and the losses by the same positive factor
should not affect behavior. What matters instead is pressure: the relative cost of making a

fault. Consistent with the model, the effects are similar across tournament prestige, from



ATP 250 events to Grand Slams, while the decline in double faults is larger in the later

rounds, when pressure is higher.

The results do not replicate in the sample of professional female players from the Women'’s
Tennis Association (WTA). I discuss four possible explanations. First, WTA serves are slower
than in the ATP sample, which lowers the marginal return to serving aggressively. Second,
slower serves leave judges fewer close calls to decide in the server’s favor. Third, male players’
serve choices may be harder for opponents to predict than female players’ (Gauriot, Page,
and Wooders 2023), which gives men more scope to adjust their serving when incentives
change. Fourth, gender differences in risk-taking may play a role (Croson and Gneezy 2009;

Charness and Gneezy 2012).

This paper contributes to three strands of the literature. First, while extensive literature
examines algorithms that replace or assist human decision-making, these studies have mostly
focused on the human evaluator (Kleinberg et al. 2018; Agarwal et al. 2023; Cho 2024;
Angelova, Dobbie, and Yang 2025). A smaller set of papers examines those being evaluated
and finds that they change their behavior when an algorithm judges them: workers produce
longer output, but of lower quality conditional on its length, under an Al evaluator (Almog,
Lippman, and Martin 2026), and they present themselves as more analytical and less intuitive
(Goergen, de Bellis, and Klesse 2025). This evidence comes from experiments, while my field
setting involves professionals facing real stakes and avoids the biases that can arise in the lab
(Palacios-Huerta 2025). Jabarian and Henkel (2025) also study those being evaluated in a
field experiment, but in their setting Al only advise, and a human retains the final decision.

Under ELC, the AI makes the final call rather than a human, so I provide field evidence on



how those being evaluated react.

Second, the principal-agent literature on subjective performance evaluation shows that an
evaluator’s discretion shapes an agent’s effort and risk-taking (Baker, Gibbons, and Murphy
1994; Prendergast and Topel 1996; Prendergast 2002; MacLeod 2003). Discretion allows for
systematic leniency, which changes the agent’s optimal behavior. However, empirical evidence
on this mechanism remains limited, because leniency is rarely observed directly or cleanly
removed. The closest field evidence comes from hiring, where limiting human discretion
increases the quality of new hires (Hoffman, Kahn, and Li 2018). In their setting, however,
evaluated candidates are unaware of the change in evaluation, making it difficult to study
their behavioral response. In contrast, the adoption of ELC in professional tennis is a salient
change for the evaluated players, allowing me to identify the moment leniency is removed

and estimate both the sign and magnitude of the behavioral response.

Third, economists have long used sports data to study strategic behavior under high stakes.
These studies examine whether professionals play equilibrium strategies (Walker and Wooders
2001; Palacios-Huerta 2003; Gauriot, Page, and Wooders 2023; Anderson et al. 2025), their risk-
taking behavior (Genakos and Pagliero 2012; Ely, Gauriot, and Page 2017), how performance
responds to pressure, momentum, and the order of play (Cohen-Zada et al. 2017; Krumer
and Lechner 2017; Cohen-Zada, Krumer, and Shapir 2018; Gauriot and Page 2019; Paserman
2023), and how temperature and home advantage affect performance (Burke et al. 2023;
Gucciardi and Ruberti 2025). In all these settings, however, the evaluator stays the same
while the underlying incentives shift. In my setting, incentives remain constant and only

the evaluator changes; therefore, the reaction I study is not contaminated by a change in



incentives. To the best of my knowledge, no work in this literature has used the staggered

rollout of ELC to identify players’ behavioral responses.

The closest paper is Almog et al. (2025), which studies the introduction of Hawk-Eye review
in tennis but focuses on the umpire, while I study the player. It also studies the earlier
transition from human line judges to Al-assisted review through Hawk-Eye challenges. In

contrast, I study the later transition, from Al-assisted review to fully automated calls.

The paper proceeds as follows. Section 2 describes the institutional setting. Section 3 develops
the theoretical framework. Section 4 describes the data and Section 5 the empirical strategy.

Section 6 presents the results. Section 7 discusses the findings and concludes.

2 Institutional Setting

Tennis is an individual sport in which two players hit a ball over a net, each trying to land it
inside the opponent’s half of a marked rectangular court. A player wins a point when the
opponent fails to return the ball into the opponent’s court. Every point starts with a serve,

and the server gets two attempts to land the ball in a service box.

Tournaments are played on hard, clay, and grass courts, which differ in the speed and height
of the ball’s bounce. Clay generally slows the ball and produces a higher bounce, giving the
receiver more time to return the serve, while hard and grass courts produce a faster bounce,
which favors the server. These differences affect the advantage players gain from an aggressive

serve and can therefore influence their serving choices.?

2See the International Tennis Federation (ITF) tennis glossary and the ITF court pace classification for
the official definitions and surface pace ratings.


https://www.itftennis.com/en/about-us/organisation/tennis-glossary/
https://www.itftennis.com/en/about-us/tennis-tech/classified-surfaces/

Line-call accuracy matters throughout a point, but is most consequential on serves, where
the server unilaterally chooses the target. A second serve called out is a double fault and
costs the server the point. Historically, nine human line judges positioned around the court

made the calls, and the chair umpire adjudicated disputes.

In 2006, the ATP introduced Hawk-Eye, a ball-tracking system originally developed for
cricket. Hawk-Eye initially served as an appeal mechanism rather than an automatic line
caller: players were granted two to three challenges per set to dispute a line call, and if
Hawk-Eye confirmed the call was incorrect, the challenge was not deducted. In a sample
of over 2,000 challenges from 35 tournaments, Abramitzky et al. (2012) find that 38% of
challenges overturned the original call and that 92% of the challenged calls involved balls
within 100 mm of the line. In this phase, human line judges kept primary responsibility
for line calls, while Hawk-Eye provided technological oversight. This oversight mechanism
introduced an unintended behavioral response: under the challenge system, line judges were

more likely to call close balls in even when they were out (Almog et al. 2025).

In 2021, tournaments began replacing the Hawk-Eye challenge system with Electronic Line
Calling (ELC), under which Hawk-Eye’s ball-tracking technology automatically makes and
announces every line call in real time. This change removes human line judges from the
court. It completes the transition from human to Al evaluation, the second step after the
introduction of challenges in 2006, with ELC serving as the only evaluator of whether a ball

lands in or out.

Rather than providing a video replay for a human to review, ELC uses feeds from 12 to 18

cameras that track the ball at high frame rates, together with neural networks trained to



distinguish it from the background, player shadows, and motion blur in each frame. The
system triangulates these feeds into a three-dimensional flight path. It then models the
ball’s deformation on impact to reconstruct the footprint it leaves on the court and make an

unappealable in-or-out decision.

ELC adoption was staggered across tournaments and over time, as Figure 1 shows. Two of the
four Grand Slam tournaments, the Australian Open and the US Open, adopted ELC in 2021,
followed by hard-court and grass-court tournaments that adopted the technology gradually
over subsequent years (Figure A.1 shows the rollout by surface). The main tournament on
grass, Wimbledon, adopted ELC only in 2025, and the other Grand Slam tournament, Roland
Garros, never adopted it (Figure A.2 shows the rollout by prestige). The main motivation
for introducing ELC was to reduce on-court staff during the COVID-19 pandemic and limit
contagion (The New York Times, 2024).
Never adopted (24%)

Adopted 2025 (36%)

Adopted 2024 (11%)

Adopted 2023 (2%)

Adopted 2022 (4%)

2021 2022 2023 2024 2025
Year
ELC Status NoELC [} ELC

Figure 1: Staggered Adoption of Electronic Line Calling. Rows group ATP tournaments by the year they
first adopted ELC; shaded cells mark the years in which a group used ELC. Percentages show each group’s
share of all ATP tournaments in the sample. The sample covers official ATP tour events from 2021 to 2025.
ELC adoption is manually verified against tournament announcements, broadcasts, and news reports.


https://www.nytimes.com/athletic/5830648/2024/10/09/wimbledon-line-judges-electronic-line-calling/

3 Theoretical Framework

To motivate the empirical design, I develop a model of risk taking under different evaluation
regimes. The framework describes how human leniency changes the incentive to pursue risky
strategies. I apply this setup to the tennis setting to derive testable empirical predictions

regarding player behavior.

3.1 Setup

A worker chooses the riskiness of a strategy, a, to maximize expected payoff. Risk-taking
has two opposing effects. It makes the strategy less likely to meet the required standard,
so the probability that the strategy is valid, py(a), decreases in a. A strategy that fails the
standard is invalid, which I call a mistake. Risk-taking also increases the probability of success

conditional on the strategy being accepted by the evaluator, with ¢(a) increasing in a.

If the evaluator detects a mistake, the strategy is rejected, and the workers receives no reward;
if the evaluator overlooks a mistake, strategy is accepted, and the workers has a chance of
success. | assume that the probability of success, q(a), is the same whether the strategy is

accepted because it is valid or because a mistake was overlooked.

[ assume throughout that py(a) ¢(a) and ¢(a) are strictly concave in a, and that the optimum
is interior under both evaluation regimes. Concavity of ¢(a) means that additional risk
adds less to the probability of success, and concavity of py(a) ¢(a) ensures a unique interior

optimum.

With payoftf W for success and L for failure, where W > L, the expected payoff under



evaluation regime 0; is

Uj(a) = 7% (a) [q(a)W + (1 - q(a))L} + (1 - Wej(a))L

=L+ (W —L)7%(a) q(a).

Here, 7% (a) is the probability that the evaluator accepts the strategy under regime j, that
is, the probability that it is not rejected as a mistake. The constant L and the positive
factor (W — L) do not affect the choice, so the worker maximizes the probability of success,
% (a) g(a).

The two evaluation regimes differ only in how mistakes are detected. Al evaluates without
error, so it accepts a strategy exactly when it is valid (7%47(a) = py(a)), while humans
sometimes overlook a mistake. Let § = Pr(accepted | invalid) > 0 be this conditional
favorable-error rate. Under human evaluation, the strategy is accepted if it is valid or if a

mistake is overlooked, so the probability that it is accepted is

7 (a) = pv(a) + (1 — pv(a)).

Differentiating, 7%%'(a) = (1 — 3) pi,(a): human leniency flattens the slope of the probability

that the strategy is accepted, in addition to shifting its level.

10



3.2 Main Result: Removing Human Leniency Reduces Risk-Taking

The first-order condition balances the marginal cost and benefit of risk:

7' (a) q(a) + 7% (a)q'(a) =0.

< 0: cost of risk > 0: benefit of risk

Proposition 1 (Less risk under Al). Let a’; and aj; denote optimal risk-taking under Al
and human evaluation. Whenever 8 > 0, ay > a’;: the worker chooses a riskier strategy

under human evaluation.

Proof. Let a’; satisfy the first-order condition under Al so pi,(a%;) q(a%y;) = —pv(a’;) ¢'(a%;).
Evaluating the human derivative at that same point and substituting the Al first-order

condition,
oUy
da

= (7 = 1){(1 - )y (a) alas)

o
(l—[lAI

+

plai) +8(1 - priain) e }
— (W= L)Bd(ay) > 0.

At the AI optimum the human payoff is still rising in a, so by concavity the human optimum

lies to the right: az; > a;. O

By occasionally overlooking mistakes, human evaluators reduce the expected cost of risky
strategies, making the worker more willing to take risks. Al evaluation removes this subsidy,

so the worker chooses a safer strategy.?

3Humans can also make the opposite mistake, rejecting a valid strategy. Let a = Pr(rejected | valid) be
this conditional unfavorable-error rate. Allowing for errors in both states (valid or invalid) and assuming
a+pB <1, 7% (a)q(a) = (1—a—pB)pv(a) q(a)+ B q(a), where py (a) q(a) is the Al objective. The AI objective
has zero derivative at a’;, so scaling it by (1 —a — ) > 0 leaves that derivative at zero; only the added term
contributes a nonzero slope there, 5¢'(a’;) > 0, and a}; > a¥; still holds.
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I assume that [ is constant, so a mistake has the same probability of being overlooked
regardless of risk-taking. If mistakes associated with riskier strategies are harder to detect,
favorable errors may become more likely as a increases. This would give the worker an
additional incentive to take risks under human evaluation. The model treats Al evaluation as
exact, but the comparison is unchanged if Al retains a smaller constant favorable-error rate,

with unfavorable errors absent in both regimes.

3.3 Extension: Failure Costs and Stakes

In the baseline model, a detected mistake and an unsuccessful strategy yield the same payoff.
However, the worker may attach an additional cost to a detected mistake because it prevents
any chance of success, and this cost may be greater under pressure. I therefore extend the
model by allowing a detected mistake to be more costly than failure after the strategy has

been accepted.

I distinguish between the payoff from an unsuccessful strategy that was accepted, L4, and
the payoff from a detected mistake, Lp < L4, while keeping W > L4 for success. Expected

utility under evaluation regime j is

Uj(a) = 7% (a) [g(a) W + (1 = g(a)) La| + (1 — 7" (a) ) L.

The first term captures the payoff when the strategy is accepted, after which the worker can

either succeed or fail, while the second captures the payoff from a detected mistake.

To simplify the expression, I normalize the payoff from an unsuccessful strategy to zero and

12



the payoff from success to one, which leaves the optimal choice unchanged. I define k as the
additional cost of a detected mistake, relative to the payoff difference between success and an

unsuccessful strategy:

M>Q‘
W —Lag —

KR

The normalized payoff from a detected mistake is —k, so expected utility becomes

The worker trades off the probability of success against the additional cost of a detected
mistake. When x = 0, a detected mistake costs no more than an unsuccessful strategy, and
the expression reduces to the baseline model. I represent greater pressure by increasing x and

assume the objectives remain strictly concave with interior optima.

Human leniency still encourages risk-taking. For any x > 0, the derivative of the human
objective at the Al optimum is Sq¢’(a%;) > 0, so risk-taking remains higher under human

evaluation.*

Pressure also makes leniency more valuable at a given level of risk-taking. The difference

between the human and Al objectives is

Un(a) = Uar(a) = B(1 = pv(a)) (q(a) + k).

With probability 3(1 — py(a)), a mistake is overlooked under human evaluation, allowing the

*At a%;, the first-order condition is pf, (a% ) (q(a%;) + &) = —pv(a%;)¢ (a’ ;). Substituting this into the
derivative of the human objective leaves 3¢'(a%;) > 0.
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worker to retain a chance of success and avoid the additional cost k. As this cost increases,
the worker has more to lose from removing leniency at the same level of risk-taking. However,
a larger difference between the optimal choices requires additional assumptions and does not

follow from this result alone.

A proportional increase in payoffs has a different role. Multiplying W, L4, and Lp by a
common positive factor leaves x and the optimal choice unchanged. In this formulation, higher

stakes do not change behavior unless they also change the relative cost of a detected mistake.

3.4 Application to Tennis and Empirical Predictions

In tennis, the worker is the player and the risky strategy is an aggressive serve. I focus on
serves for two reasons: under ELC, Al evaluates them on every point, and the server controls
the serving decision. I leave the form of aggressiveness unspecified: a player could change serve
speed, choose whether to aim at the lines, exploit the opponent’s weak side, or a combination

of the three.

A mistake corresponds to a serve landing out, so py(a) is the probability that the serve truly
lands in. The evaluator’s verdict is the line call: 7% (a) is the probability that the serve is
called in. A serve called in allows the point to continue, and ¢(a) is the probability of winning
conditional on that call. Human leniency means a truly out serve is sometimes called in,
giving the player a chance to win the point. This corresponds to the asymmetric leniency
documented by Almog et al. (2025). Figure 2 illustrates the resulting difference between the

two evaluation regimes.

The model predicts less aggressive serving under ELC. This response should reduce the
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Figure 2: Human Leniency and Serve Aggressiveness. 7% (a) is the probability that the serve is called “in”
with aggressiveness level a under evaluation regime j (Human or AI); under Al it equals the probability
py (a) that the serve truly lands in. In this example, 8 = 0.25 is the rate at which balls that are truly out
are called “in” under human evaluation; the shaded gap is the leniency subsidy 5(1 — py (a)), largest where
aggressiveness is highest.

chance of a serve landing out and, if aces increase with aggressiveness, lower the ace rate.
However, observed fault rates also depend on how serves are called. Holding strategy fixed,
ELC mechanically lowers the first-serve-in rate, because more first serves are called out,
and raises the double-fault rate, because more second serves are called out. Therefore, a
higher first-serve-in rate and a lower double-fault rate require the behavioral response to
more than offset these mechanical effects. Beyond these predictions, the framework generates

heterogeneous comparative statics along four dimensions.

Pressure versus prestige. In tennis, L4 is the payoff from losing a rally and Lp the payoff
from a double fault. Players may attach an additional cost to a double fault because it ends
the rally without giving them a chance to compete. I represent greater pressure as an increase

in this relative cost, x. I assume that tournament prestige, reflected in prize money, ranking

15



points, and public visibility, raises payoffs proportionally, which leaves the optimal choice
unchanged. I therefore compare ELC effects across tournament prestige and ask whether the

behavioral response is larger in later rounds, when players face greater pressure.

Leniency. (3 is not directly observed, but pre-ELC double-fault rates may contain information
about it: because [ is defined conditional on the ball being out, the observed fault probability
is 1 — 7% (a) = (1 — py(a))(1 — B), which falls as 3 rises. Lenient calling mechanically
suppresses observed faults relative to the true out-rate. Low pre-ELC double-fault rates may
therefore indicate greater leniency, although they may also reflect safer serving. I test whether

the response is concentrated in these tournaments.

Surface. The response to ELC may differ across surfaces because court conditions affect the
return to aggressive serving. I allow ¢(a) to differ across surfaces, since the same serve may
give the player a different advantage depending on how the ball bounces. Where this return

is greater, favorable calling errors can provide a stronger incentive to take risk.

Gender. Where the serve gives little advantage, ¢/(a) is small and the incentive provided by
favorable calling errors may be weaker. Since serves are less decisive on the women'’s (WTA)

tour, the framework motivates testing whether the response is smaller in that sample.

4 Data

I use three datasets that previous studies have also used to answer economic questions
(Cohen-Zada, Krumer, and Shapir 2018; Burke et al. 2023; Anderson et al. 2025; Gucciardi

and Ruberti 2025). For match-level statistics, I use Jeff Sackmann’s ATP match database,
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which covers all official ATP tour events. To replicate the analysis for the WTA tour, I use
the same source’s WTA data. To estimate the effect of ELC on serve placement, I use the

Match Charting Project.®

The ATP panel spans 2021 to 2025 and includes 12,891 matches involving 233 players across
94 tournaments. I restrict the sample to official tour events and exclude exhibition matches,
national team competitions (Davis Cup), the Olympics, and the Laver Cup, which have
different competitive incentives and player effort levels. I also keep only active players, defined
as players with at least 10 matches in a season, to limit the influence of players who appear

rarely, for example because of injuries or retirements.

The Match Charting Project contains point-by-point data hand-coded by volunteers, including
the direction of each serve, which the official statistics do not record. I match it to the main
panel by tournament, date, and player name. The matched subsample includes 2,308 ATP
matches played by 199 players across 87 tournaments. The two datasets differ in coverage
and in how the data are recorded: the main panel covers every official match but reports
only aggregate serve statistics, while the Match Charting Project reports serve direction for
a smaller subsample of matches, selected by volunteers rather than at random, and coded
by hand rather than tracked automatically. Serve-direction outcomes may therefore contain
measurement error and may not represent all matches, but prior work has already used these

data to test players’ serve strategies (Anderson et al. 2025).

The treatment variable ELC, € {0,1} indicates whether tournament g operated under

SAll three sources were publicly available at https://github.com/JeffSackmann at the time of data
collection (March-May 2026). The original ATP and WTA repositories are no longer available, but an archived
copy of these databases is available at https://github.com/Aneeshers/tennis-sackmann-archive. The datasets
used in this paper are available upon request.
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Electronic Line Calling in year ¢. I construct it through a manual verification protocol, cross-
checking each tournament-year against official communications, tournament announcements,
and match highlights. Where official records disagree or are missing, I verify ELC status
through tournament broadcasts and news reports. Once a tournament adopted ELC, it
used the technology in every match, so all players within a tournament-year faced the same

conditions. Of the 12,891 matches in the ATP sample, 52% were played under ELC.

I use match-level statistics to construct four outcome variables that capture different aspects
of serving performance. The ace rate, aces divided by total serve points, is my main proxy
for aggressive serving success. In contrast, the double-fault rate, double faults divided by
total serve points, captures the downside of excessive aggressiveness on second serves. The
first-serve-in rate is the share of total serve points where the first serve lands in, and it is
expected to increase as players serve less aggressively. The fourth outcome, the break-point
save rate, is the share of break points faced that the server wins. A break point lets the
receiver win the game on the opponent’s serve; the server “saves” it by winning that point.
Because saving a break point depends on both players’ performance, including rally dynamics
and their responses to the game situation, I use this outcome as a placebo for which I predict

no effect of ELC.

Table 1 reports descriptive statistics by ELC status for the ATP sample. Under human
evaluation, the mean ace rate is 7.02%, the mean double-fault rate is 3.37%, and the mean
first-serve-in rate is 62.88%. Under ELC, these are 8.89%, 3.65%, and 62.16%, respectively.
These raw differences partly reflect tournament selection, as ELC was adopted first on faster

hard-court surfaces, which mechanically produce more aces and faults. The fixed effects in

18



the main specification absorb these stable tournament differences.

Table 1: Descriptive Statistics by ELC Status

No ELC (Human) ELC (AI)

Ace rate 0.070 0.089
First-serve-in rate 0.629 0.622
Double-fault rate 0.034 0.037
Break-point save rate 0.588 0.603
Player rank (mean) 58.556 56.600
Observations 11,361 12,261

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. Each row reports the mean by ELC status. Ace rate, first-serve-in
rate, double-fault rate, and break-point save rate are expressed as proportions. Player rank is the ATP singles
ranking, where lower values indicate better-ranked players. The sample covers official ATP tour events from
2021-2025. Match data are from Jeff Sackmann’s tennis repositories (https://github.com/JeffSackmann).

5 Empirical Strategy

To estimate how ELC affects serve outcomes, I use the following fixed-effects regression:

Yimgt = )\z + /\g + >\t + ELCgt + (5Ximgt + Eimgts

where Yinq: is the outcome for player ¢ in match m at tournament g in year ¢. Player fixed
effects \; absorb stable differences in playing style. Tournament fixed effects A, absorb stable
tournament characteristics: surface, prestige, and court conditions. Year fixed effects A; absorb
common trends in serve behavior, equipment, and rule changes. The coefficient of interest, -,

is identified from variation in ELC adoption across tournaments and over time.

This source of variation also explains why I do not use an estimator developed for staggered
adoption (e.g., Callaway and Sant’Anna 2021; Sun and Abraham 2021; Borusyak, Jaravel,

and Spiess 2024). Those estimators assume that a unit stays treated once treated, and assign

19



each unit to a cohort by the date it is first treated. Most players, however, compete under
both regimes within a few weeks, so treatment is not absorbing at the player level, and I

study their response by comparing the same player across the two regimes.

The control vector X4 includes player-rank and opponent-rank at the time of the match,
which absorb variation in serve behavior driven by ability and opponent quality. I cluster
standard errors at the player level to account for serial correlation in serve behavior across

matches and tournaments.

The main identifying assumption is that, conditional on the fixed effects and controls, ELC
status is uncorrelated with other determinants of a player’s serve behavior in that tournament.
The design does not rely only on before-and-after comparisons within tournaments: it also

compares the same player across tournaments with and without ELC.

6 Empirical Results

6.1 Main Results

Table 2 reports the main fixed-effects results.® ELC adoption reduces the ace rate by 0.35
percentage points (p < 0.05), a 5% decrease relative to the control mean. The double-fault
rate falls by 0.16 percentage points (p < 0.10), or 5% of the control mean. The first-serve-in
rate rises by 0.44 percentage points (p < 0.10), or 1% of the control mean, consistent with

the idea that Al evaluation leads to less risk-taking.

6Some matches contribute only one player observation because the requirement to play at least 10 matches
in a season applies separately to each player. The main regressions exclude 28 observations with missing
rankings; the break-point-save regression also excludes 1,220 observations with no break points faced.
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As a placebo test, I use the break-point save rate, which the model does not cover. Column 4
of Table 2 re-runs the main specification with this outcome and finds no significant effect.
If the effects were solely due to increased accuracy, the first-serve-in rate would fall, and
the double-fault rate would rise, the opposite of what I find. Together with the decline in
aces and the lack of a statistically significant effect on break-point saving, this pattern is

consistent with a behavioral reaction to ELC.

Table 2: Effect of Electronic Line Calling on Player Risk-Taking

Ace rate First-serve-in rate Double-fault rate Break-point save rate

ELC -0.0035** 0.0044* -0.0016* 0.0047
(0.0015) (0.0023) (0.0008) (0.0078)
Control mean 0.0702 0.6288 0.0337 0.5878
Observations 23,594 23,594 23,594 22,374
Player FE v v v v
Tournament FE v v v v
Year FE v v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The outcome variables are ace rate (Column 1), first-serve-in rate
(Column 2), and double-fault rate (Column 3). Column 4 reports the ELC effect on the placebo outcome,
break-point save rate, which is dominated by rally dynamics the model does not cover. All specifications
include player, tournament, and year fixed effects, and control for time-varying player rank and opponent
rank. Standard errors are clustered at the player level. *** ** and * denote statistical significance at the 1%,
5%, and 10% levels, respectively.

6.2 Robustness

The changes in serve outcomes are consistent with players taking less risk under ELC, but
could also reflect changes in who plays or in conditions correlated with ELC adoption, such
as surface. I assess these alternative explanations and the robustness of the estimates using

the specifications reported in Table 3.

I begin by assessing sensitivity to the controls. The main estimates in column 1 are robust
to excluding the controls (column 2) and to replacing the rank controls with the absolute
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Table 3: Robustness: Effect of ELC on Player Risk-Taking

Panel A: Ace Rate

Without Rank Distance Winsorized Tournament, Full No Clay No Clay, Player, Tournament, Tournament, First Round
Baseline Controls Control Outcomes Player-Year FE ~ Sample  Tournaments Tournament-Year Clust.  Surface-Year FE Year FE Only
ELC -0.0035** -0.0036** -0.0036** -0.0031** -0.0043*** -0.0040"** -0.0040** -0.0040 -0.0034** -0.0009 -0.0042*
(0.0015)  (0.0015) (0.0016) (0.0014) (0.0016) (0.0015)  (0.0019) (0.0031) (0.0017) (0.0022) (0.0023)
Control mean 0.0702 0.0702 0.0702 0.0698 0.0702 0.0689 0.0901 0.0901 0.0702 0.0702 0.0704
Controls ' Rank Distance ' v v v ' v ' v
Clustering Player Player Player Player Player Player Player Tournament-Year Player Player Player
Observations 23,594 23,622 23,594 23,594 23,594 25,990 16,364 16,364 23,594 23,594 9,892
Player FE ' v v v v v v v v
Tournament FE v v v v v v v v v v v
Year FE v v v v v v v v v
Player-Year FE v
Surface-Year FE v
Panel B: First-Serve-In Rate
Without Rank Distance Winsorized —Tournament, Full No Clay No Clay, Player, Tournament, Tournament, First Round
Baseline Controls Control Outcomes Player-Year FE Sample Tournaments Tournament-Year Clust.  Surface-Year FE Year FE Only
ELC 0.0044*  0.0045* 0.0044* 0.0042* 0.0043* 0.0042*  0.0083*** 0.0083** 0.0066** 0.0025 0.0066**
(0.0023) (0.0023)  (0.0023) (0.0023) (0.0023) (0.0022)  (0.0025) (0.0035) (0.0024) (0.0026) (0.0032)
Control mean 0.6288  0.6288 0.6288 0.6286 0.6288 0.6274 0.6270 0.6270 0.6288 0.6288 0.6230
Controls v Rank Distance v v v v v ' v v
Clustering Player  Player Player Player Player Player Player Tournament-Year Player Player Player
Observations 23,594 23,622 23,594 23,594 23,594 25,990 16,364 16,364 23,594 23,594 9,892
Player FE v v v v v v v v v
Tournament FE v v v v v ' v v v v v
Year FE v v v ' v v v v '
Player-Year FE
Surface-Year FE v
Panel C: Double-Fault Rate
Without Rank Distance Winsorized Tournament, Full No Clay No Clay, Player, Tournament, Tournament, First Round
Baseline Controls Control Outcomes Player-Year FE  Sample Tournaments Tournament-Year Clust.  Surface-Year FE Year FE Only
ELC -0.0016* -0.0016* -0.0016* -0.0015* -0.0015* -0.0012 -0.0021* -0.0021* -0.0011 -0.0018* -0.0027**
(0.0008) (0.0008)  (0.0008) (0.0008) (0.0009) (0.0008)  (0.0010) (0.0011) (0.0010) (0.0010) (0.0012)
Control mean 0.0337  0.0337 0.0337 0.0335 0.0337 0.0342 0.0344 0.0344 0.0337 0.0337 0.0353
Controls v Rank Distance v v v v s v v v
Clustering Player  Player Player Player Player Player Player Tournament-Year Player Player Player
Observations 23,594 23,622 23,594 23,594 23,594 25,990 16,364 16,364 23,594 23,594 9,892
Player FE v v v v ' v v ' v
Tournament FE v v v v v ' v v ' v v
Year FE v v v v v v v v v
Player-Year FE v
Surface-Year FE v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports robustness checks for the ELC effect on the
outcome, separately for each panel. Column 1 reports the main specification, with player rank and opponent
rank controls, three-way fixed effects (player, tournament, and year), and standard errors clustered at the
player level. Column 2 drops the player rank and opponent rank controls. Column 3 replaces the two rank
controls with the absolute distance between the player and opponent rankings. Column 4 winsorizes
outcomes at the 1st and 99th percentiles. Column 5 replaces player and year fixed effects with player-by-year
fixed effects. Column 6 uses the full sample, including players with fewer than 10 matches in a season (the
other columns use active players only). Column 7 excludes clay-court tournaments. Column 8 excludes
clay-court tournaments and clusters standard errors at the tournament-year level. Column 9 replaces the
common year fixed effects with surface-by-year fixed effects. Column 10 drops player fixed effects, keeping
only tournament and year fixed effects and the rank controls. Column 11 restricts the sample to first-round
matches. *** ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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distance between the player’s and the opponent’s rankings (column 3). This distance captures
the quality mismatch between the two players in a single measure. To limit the influence of
outliers, I winsorize the outcomes at the 1st and 99th percentiles in column 4; the coefficients

are similar.

ELC adoption may change which players enter treated tournaments, biasing the comparison
of player-match outcomes. The fixed effects absorb stable differences across players and
tournaments, but they do not absorb changes in who chooses to compete. If more aggressive
players selectively avoid ELC tournaments, or if ELC events attract differently ranked players,
the estimated effect might partly reflect changes in who plays rather than how players respond
to ELC. For example, in professional golf, the presence of a superstar reduces the performance

of other players (Brown 2011). I test for selection in two ways.

First, I estimate a linear probability model of tournament entry where the outcome equals one
if a given player competed in a given tournament-year. I regress this outcome on ELC status
with player-by-year and tournament fixed effects. I cluster standard errors at the player and
tournament levels. I restrict the sample to players who entered at least five tournaments in a
given year, since active players are more likely to skip a tournament by choice than because
of injury or retirement. The coefficient in Table 4 is small and statistically insignificant,
indicating that ELC has no effect on the probability that a given player enters a given

tournament.

Second, I test whether ELC shifts the composition of entrants by regressing tournament-level
entrant statistics (mean and median rank, the top-10 and top-50 shares, mean age, and the

number of entrants) on ELC status with tournament and year fixed effects. None of the
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coefficients in Table 5 are significant. Together, these two tests help mitigate concerns about

selection bias.

Table 4: Selection: Probability of Tournament Entry

=1 if participated in the tournament

ELC -0.0190
(0.0135)
Observations 47,471
Player-Year FE v
Tournament FE v

The unit of observation is a player-tournament-year. The dependent variable is a dummy equal to one if the
player participated in the tournament in that season. ELC is a dummy variable equal to one if the
tournament operated under Electronic Line Calling in that year. The specification includes player-by-year
and tournament fixed effects. Standard errors are clustered at the player and tournament levels. The sample
includes all players, including those with fewer than 10 matches in a season. *** ** and * denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Table 5: Selection: Entrant Composition

Mean Median Top-10 Top-50 Mean Number of

rank rank share share age entrants

ELC 0.1953  4.2204 -0.0014 0.0075  0.1402 -2.8697

(5.4396) (2.6166) (0.0085) (0.0254) (0.1923) (2.0835)
Mean 91.439  67.984 0.069 0.377 27.125 42.169
SD 34.462  24.450 0.123 0.195 0.775 28.606
Observations 296 296 296 296 296 296
Tournament FE v v v v v v
Year FE v v v v v v

The unit of observation is a tournament-year. ELC is a dummy variable equal to one if the tournament
operated under Electronic Line Calling in that year. Each column reports a regression of an entrant
composition summary on the ELC dummy. All specifications include tournament and year fixed effects.
Standard errors are clustered at the tournament level. The sample includes all players, including those with
fewer than 10 matches in a season. *** ** and * denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

Because ELC status varies across tournaments within a year, a player typically competes at
both ELC and non-ELC events in the same year. In column 5 of Table 3, I replace the player
and year fixed effects with player-by-year fixed effects. This identifies the effect from the

same player serving under the two evaluation regimes in the same year, and the estimates are
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similar to the baseline. In column 6, I use the full sample, including players with fewer than
10 matches in a season. The ace-rate and first-serve-in estimates are similar to the baseline,

while the double-fault estimate is slightly smaller and no longer statistically significant.

Column 10 partially addresses player selection. If more aggressive players disproportionately
played at ELC tournaments, dropping player fixed effects should affect the estimate: the
comparison would then also draw on across-player differences in aggressiveness, not just
within-player changes. The double-fault coefficient is stable when player fixed effects are

dropped.

ELC adoption is also correlated with surface. Clay tournaments adopted ELC only in 2025
or not at all. This generates a potential confound: players may adjust serving strategy
differently by surface for reasons unrelated to ELC. The tournament fixed effects absorb the
time-invariant surface effect. Serve aggressiveness might still evolve differently by surface. For
example, if players become progressively more aggressive on clay relative to hard courts over

the sample period, the tournament fixed effects would not absorb these differential trends.

I assess this concern in two ways. In column 7 of Table 3, I exclude clay-court tournaments,
removing the never-treated clay Slam and the late-adopting clay events. The effect is then
identified from hard- and grass-court tournaments alone. In column 8§, I exclude clay-court
tournaments and cluster standard errors at the tournament-year level. The first-serve-in
and double-fault estimates remain similar to the main specification. In column 9, I add
surface-by-year fixed effects and identify the effect only from tournaments that differ in ELC

status within the same surface and year. The effects are stable in columns 7 and 9.

Column 11 addresses a different threat: a player who serves better because of ELC may win
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more, advance further, and thus face stronger opponents later in the event, purely because
of their own success. Opponent rank may not fully capture this selection, so I restrict the
sample to first-round matches, where opponents are determined by the draw before the event
begins and therefore cannot depend on a player’s performance during the tournament. The

estimates are, if anything, larger in this subsample.

The pooled ELC effect could also be driven by a small number of tournaments. To check, I
re-estimate the baseline specification separately within each tournament with at least one
pre-ELC and one post-ELC year. I replace the year fixed effects with a linear time trend,
keep player fixed effects and player and opponent rank controls, and cluster at the player
level. Figure A.3 displays the tournament-specific ELC coefficients for the ace rate, with
the pooled estimate shown as a dotted vertical line. Although individual estimates are noisy
because each regression uses only matches from one tournament, the pattern suggests that
the response is not limited to a few events. The analogous plots for the double-fault rate and

first-serve-in rate (Figure A.4 and Figure A.5) show a similar pattern.

Similarly, a handful of players with many match observations could drive the result. I therefore
re-estimate the baseline separately for each of the 30 players with the most observations,
including tournament and year fixed effects. The player-specific estimates for ace rates
(Figure A.6), double-fault rates (Figure A.7), and first-serve-in rates (Figure A.8) suggest

that the response is spread across players rather than driven by a few aggressive servers.

ELC may also change the match itself, not just how players serve. For example, it removes
challenges and disputes over line calls, which could shorten matches. I estimate the effect of

ELC on match duration and the total number of serve points. The unit of observation is the
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match, so I include fixed effects for each of the two players and cluster standard errors at the

tournament level. Table A.1 shows no significant change in the match length.

As an additional placebo check, I assign each tournament that appears in both 2014-2018
and 2021-2025 the ELC status it had in 2021-2025, shifted back seven years, and re-estimate
the main specification for active players in 2014-2018, when ELC did not exist. None of the

coefficients are statistically significant (Table A.2).

I also vary the definition of active players, using cutoffs from at least 5 to at least 20 matches

per season, and show that the estimates are similar across definitions (Table A.3).

Two-way fixed-effects estimates can be biased under staggered adoption if the effect differs
across adoption cohorts. I therefore estimate a stacked difference-in-differences on 2018-2025
that compares each adoption cohort only with tournaments not yet treated. The estimates
have the same sign as the baseline and the first-serve-in and double-fault estimates are

significant (Figure A.9).

6.3 Mechanism: Serve Direction

The baseline framework concerns how much risk a worker takes. Changes in evaluation can
also affect which strategy a worker chooses when evaluation errors differ across strategies. In
tennis, risk corresponds to how aggressively players serve, and strategy to where they direct
their serves. I ask whether ELC changes where players aim. More cautious serving might

translate into fewer serves aimed at the lines (down the T or wide) and more at the body.

Calling errors may also affect this choice: human judges can call an in serve out or an out

serve in. Because these errors may vary by target, removing them can shift where players
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choose to serve.

To capture this mechanism, I extend the baseline model by letting the server choose between
a line target (either down the T or wide) and a body target directed toward the receiver,
while holding aggressiveness fixed. Figure 3 shows these directions and the boundaries of
the service box. Because changing direction can affect how close a serve lands to both the

sideline and the service line, I let the probability of landing in differ across targets.

Doubles sideline

Siniles sideline
Receiver

Body o

T L
Center service line

Server

Figure 3: Service Box and Serve Direction. The service box the serve is aimed at is shaded and split into
three corridors marking the serve-direction targets: T, Body, and Wide. The purple lines mark the box’s
outer sideline, center line, and service line.

For each target 7 € {line, body}, let p, be the probability that the serve truly lands in and ¢,
the probability of winning conditional on the serve being called in. As in the baseline model,

the player chooses the target that gives the higher probability of winning the point.

I allow both types of human error to differ across targets. Let a, be the probability that a

truly in serve is called out and 3, the probability that a truly out serve is called in.

28



Under Al evaluation, the value of target 7 is

Var(t) = prq-.

Under human evaluation, some in serves are called out and some out serves are called in,
giving

VH(T) = [(1 - a7>p7 + 67(1 - pT)}QT-

The change in the value of the target when ELC replaces human judges is therefore

Ay =Var(r) = Via(7) = |azpr = B-(1 = ps)|ar.

The first term captures the benefit from no longer having in serves called out, while the
second captures the loss of favorable calls on out serves. The balance depends on both error

rates and on how often serves aimed at that target actually land in.

ELC makes line targets more attractive relative to body targets when Ajne > Apogy, meaning
that removing calling errors benefits line targets more. If this difference is large enough,
players who previously preferred body serves switch to serving toward the lines. Players
can therefore serve less aggressively while directing more serves toward the lines, although

whether they do so depends on the calling errors associated with each target.

Whether players shift toward line or body targets is an empirical question, which I examine
using serve-direction data from the Match Charting Project merged with the ATP panel. I

estimate the effect of ELC on the share of line-targeted and body-targeted serves, separately
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for first and second serves.

Figure 4 shows that ELC increases the share of line-targeted first serves (down the T or wide)
by 0.75 percentage points (p < 0.10), and decreases the share of body first serves by the
same amount (since each serve is targeted either at the lines or at the body). The extension
offers one possible explanation for this shift: removing calling errors may benefit line targets
more than body targets. Together with the main results, this shows that players adjust both

how aggressively they serve and where they direct their serves.

Line (T / Wide)

Body

-0.04 -0.02 0.00 0.02 0.04
Estimated Coefficient

Serve =@= 1stServe =#= 2nd Serve

Figure 4: Effect of ELC on Serve Direction. The sample is the Match Charting Project subsample matched
to the ATP panel (2,308 matches, 199 players, 87 tournaments); the unit of observation is a player-match.
Outcomes are the shares of line (down the T or wide) and body serves, separately for first and second serves.
Without ELC, 92.1% of first serves and 68.0% of second serves are aimed at the lines. Each estimate comes
from a regression with player, tournament, and year fixed effects and player and opponent rank controls.
Thick bars show 90% and thin bars show 95% confidence intervals based on standard errors clustered at the
player level.

30



6.4 Heterogeneity Analysis

The pooled result could be driven by lower-prestige events, where stakes are lower, and players
are, on average, less experienced, so their responses might differ from those of highly ranked
players. To test this, Figure A.10 (estimates in Table A.4) plots treatment effects separately
for high-prestige tournaments (Grand Slams, the ATP Finals, and Masters 1000 events) and

lower-prestige tournaments (ATP 500 and 250 events).

The effects are similar across the two groups, with a negative and significant response in
ace rate in both high-prestige and lower-prestige tournaments. The double-fault rate and
first-serve-in rate show similar patterns across groups, as the model predicts when prestige

scales all payoffs by a common factor.

To see whether the response to ELC varies with pressure within a tournament, I compare
early rounds with the quarterfinals, semifinals, and final, when players are closer to the title
and face greater attention. The model motivates this comparison: an increase in the relative
cost of a double fault raises the value of human leniency. Because the rank gap also narrows
across rounds, and skill disparities might affect performance on their own (Brox and Goller
2026), I control for player and opponent rank. Figure A.11 presents estimates by tournament

round, with the corresponding coefficients in Table A.5.

In both early and later rounds, the ace rate falls, suggesting that the response is present
throughout the tournament. For the double-fault rate, the coefficient is small and insignificant
in early rounds but larger and significant in quarterfinals, semifinals, and finals. Similarly, the
first-serve-in rate also responds more positively in later rounds. These patterns are consistent

with a stronger behavioral response as players advance and pressure rises, while effects vary
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little across tournament prestige.”

How lenient line judges were before ELC may also shape the response. I use the pre-ELC
double-fault rate as a proxy for leniency, classifying tournaments by players’ average double-
fault rate in 2018-2019, before any tournament in the sample adopted the technology. I split
tournaments at the median into higher-risk and lower-risk groups. Figure A.12 shows the

estimates, reported in Table A.6.

The ace-rate and first-serve-in responses are concentrated in tournaments with a low pre-ELC
double-fault rate, while the double-fault responses are similar in the two groups, although
this pattern has more than one possible explanation. In the model, the observed double-fault
rate equals (1 — py)(1 — ), so a low rate can reflect either lenient judges (high 3) or players
who were already serving safely (high py). The median split cannot distinguish between these
explanations.® Under the leniency interpretation, tournaments recorded fewer double faults
because line judges called marginal serves in, giving players a larger subsidy under human

evaluation and therefore more to lose when ELC was introduced.

Figure A.13 reports ELC effects by court surface, with the corresponding estimates in Table
A.7. Since ELC adoption is correlated with court surface, I interpret this comparison as
descriptive evidence. The ace-rate response is similar on hard and clay courts, while there is
no effect on grass. The first-serve-in and double-fault responses are statistically significant
only on hard courts, which, like grass, favor the server. This is consistent with the model’s

prediction that the subsidy provided by human leniency is worth more where the serve is

I interpret these results with caution. The early- and late-round coefficients are estimated in a single
interacted specification. The two coefficients differ in statistical significance, but a test of their equality does
not reject the null.

8The two channels offset each other: leniency lowers observed faults directly but also induces riskier serving
(higher a*), which raises the number of truly out serves.
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more decisive and ¢'(a) is larger.

I also estimate the main specification for female professionals. The results do not replicate
in this sample: the ELC coefficients are small and statistically insignificant for all outcomes
(Table A.8). I discuss four possible explanations. First, the serve is a less decisive shot on
the WTA tour: first serves are slower, so the marginal gain from an aggressive serve ¢'(a) is
small. Second, and closely related, slower serves are easier for human judges to call correctly,
so the favorable-error rate 3 is plausibly smaller than in the ATP sample. Because the ELC

effect works entirely through removing this leniency, a small § predicts a negligible response.

Third, Gauriot, Page, and Wooders (2023) find that male professionals are harder for opponents
to predict on serve than female professionals. Their result points to differences in strategic
responsiveness, so the null results may instead reflect weaker adjustment of serving strategy
to the changed incentives. Fourth, gender differences in risk-taking may play a role (Croson
and Gneezy 2009; Charness and Gneezy 2012). The data cannot separate the technological
channel (a smaller leniency subsidy) from the expertise channel (weaker adjustment) or the

risk channel.

Line judges may feel crowd pressure to favor home players. I test this by splitting the ELC
effect between home players, whose nationality matches the host country, and all other players
(Table A.9). The ace-rate and first-serve-in effects do not differ significantly between the two
groups. The only difference is in double faults: they fall under ELC for away players but
not for home players, although the gap is only marginally significant (p = 0.08). This could
reflect crowd pressure leading human judges to call some in away serves out, which ELC no

longer does.
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7 Conclusion

Individuals adapt their risk-taking to how leniently they are judged. I develop a model in
which human evaluators encourage risk-taking by allowing some mistakes to go unpenalized.
Removing this leniency through accurate automated evaluation leads individuals to choose
safer strategies. I test this framework using the staggered adoption of Electronic Line Calling
in professional tennis, and find that replacing human line judges with AI reduces player
aggressiveness: the ace rate and double-fault rate decrease, while the first-serve-in rate
increases. The effects are similar across tournament prestige, while the estimates suggest a

stronger response in high-pressure rounds.

Players also adjust serve direction, aiming more first serves toward the lines. These changes
in serve outcomes align with the framework, suggesting that the behavioral response more
than offset the mechanical rise in recorded faults when previously forgiven serves are called
out. The extension to serve direction offers one explanation for how less aggressive serving

can coexist with a shift toward the lines.

Many non-ELC tournaments in my sample operated under the Hawk-Eye challenge system,
which already corrected some human errors; clay tournaments instead relied on ball-mark
review. In the model, the comparison therefore captures the removal of the remaining leniency.
Hence, the estimates likely understate the full effect of moving from human to Al evaluation

in absolute terms.

The analysis has two main limitations. First, match-level averages may hide stronger responses

at specific high-pressure points, such as break points. Point-level data, including serve speed
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and exact placement, would help identify the mechanism more precisely. Second, professional
tennis players are highly skilled and face clear well-understood incentives. The response may
therefore differ for lower-ability workers, in settings with ambiguous evaluation criteria, or

where evaluation is less salient.

The setting also allows me to observe professionals making decisions in their own competitive
environment. Field behavior may differ from choices elicited in the lab (Levitt, List, and
Reiley 2010). Outcomes are measured objectively at high frequency across many observations,
and the treatment is large and externally imposed, reducing concerns about selection into

treatment.

The results extend beyond tennis. In this paper, I show that improving the evaluation accuracy
changes workers’ incentives to take risks. Field evidence on monitoring technology shows
an increase in effort and a reduction in risk-taking among bus drivers (Kelley, Lane, and
Schonholzer 2024), a reduction in opportunistic behavior among call-center employees (Nagin
et al. 2002), and lower risk-taking when risk is costly, such as banks holding safer portfolios
under closer supervision (Hirtle, Kovner, and Plosser 2020). At the same time, monitoring
can also signal distrust and crowd out the effort it was intended to raise (Falk and Kosfeld

2006).

The subjective performance evaluation literature shows how discretion shapes these incentives
(Baker, Gibbons, and Murphy 1994; Prendergast 2002; MacLeod 2003). In tennis, players
adjust their serving when Al replaces human line judges, showing that their response depends

directly on the leniency they previously received.
My results suggest another potential cost of monitoring: removing an evaluator’s leniency may
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lower workers” willingness to take productive risks. Fewer failures can come at the expense
of fewer high-reward outcomes, highlighting a key trade-off when evaluating the gains from
more accurate monitoring. More broadly, MacLeod (2026) argues that better Al predictions
do not necessarily lead to better decisions, since decisions also depend on how people weigh
the costs of different errors. For example, two patients with the same condition might have
different risk preferences, and the Al assigns them the same treatment. A human evaluator
can instead adjust the decision to each patient’s preferences. Just as the Al does not weigh
risk preferences for patients, it does not accommodate productive risk-taking for workers.
Organizations adopting Al evaluation must therefore consider the evaluated side: in domains
where high-risk strategies are socially valuable, such as innovation and entrepreneurship,

more precise Al evaluation could induce excessive caution.

The results suggest two directions for future work. First, study how workers and evaluators
adjust together when Al is introduced, particularly when AT assists human evaluators who
retain discretion over the final decision. A related question is whether organizations can design
evaluation systems with a small, calibrated degree of leniency that preserves valuable risk-
taking without reintroducing human bias. Second, examine how responses to Al evaluation
vary across workplaces where workers’ ability, the stakes, and the returns to risk-taking
differ. The response may differ in domains where risk-taking generates long-term value that
is difficult to assess in the short term, such as innovation, entrepreneurship, or scientific

research.
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Appendix

Tables

Table A.1: Effect of Electronic Line Calling on Match Duration and Length

Duration (minutes) Total serve points

(1) (2)

ELC -1.9947 -2.9874
(1.3798) (1.8819)
Control mean 115.78 161.36
Observations 12,511 12,884
Player 1 FE v v
Player 2 FE v v
Tournament FE v v
Year FE v v

The unit of observation is a match. ELC is a dummy variable equal to one if the tournament operated under
Electronic Line Calling in that year. The outcome variables are the match duration in minutes (Column 1)
and the total number of serve points played by both players (Column 2). All specifications include player
fixed effects for both players, tournament fixed effects, and year fixed effects, and control for the rank of both
players. Standard errors are clustered at the tournament level. *** ** and * denote statistical significance at
the 1%, 5%, and 10% levels, respectively.
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Table A.2: Placebo: Pseudo-ELC Assigned to 2014-2018

Ace rate First-serve-in rate Double-fault rate Break-point save rate

ELC 0.0003 -0.0018 0.0004 -0.0014
(0.0016) (0.0023) (0.0008) (0.0079)
Control mean 0.0767 0.6160 0.0343 0.5887
Observations 19,574 19,574 19,574 18,469
Player FE v v v v
Tournament FE v v v v
Year FE v v v v

The unit of observation is a player-match in 2014-2018. ELC is a placebo dummy variable: each tournament
that also appears in 2021-2025 is assigned the ELC status it had in 2021-2025, shifted back by seven years
(2021 to 2014, ..., 2025 to 2018). No tournament used Electronic Line Calling in 2014-2018. The sample is

restricted to active players with at least 10 matches in a season. The outcome variables are ace rate (Column
1), first-serve-in rate (Column 2), double-fault rate (Column 3), and break-point save rate (Column 4). All
specifications include player, tournament, and year fixed effects, and control for time-varying player rank and
opponent rank. Standard errors are clustered at the player level. *** ** and * denote statistical significance
at the 1%, 5%, and 10% levels, respectively.

Table A.3: Sensitivity to the Definition of Active Players

Minimum matches Ace rate First-serve-in rate Double-fault rate Observations Players
> 20 -0.0051*** (0.0017) 0.0045* (0.0024) -0.0015* (0.0009) 21,346 185
> 19 -0.0049*** (0.0017) 0.0048** (0.0024) -0.0016* (0.0009) 21,516 187
> 18 -0.0047*** (0.0017)  0.0047* (0.0024) -0.0017* (0.0009) 21,696 189
> 17 -0.0044*** (0.0016) 0.0044* (0.0024) -0.0015* (0.0009) 22,086 197
> 16 -0.0043*** (0.0016) 0.0045* (0.0024) -0.0015* (0.0009) 22,198 201
> 15 -0.0043*** (0.0016) 0.0042* (0.0023) -0.0014* (0.0009) 22,438 208
> 14 -0.0041** (0.0016)  0.0045* (0.0024) -0.0015* (0.0009) 22,661 210
> 13 -0.0039** (0.0016)  0.0045* (0.0023) -0.0014* (0.0008) 22,947 219
> 12 -0.0037** (0.0016)  0.0039* (0.0023) -0.0013 (0.0008) 23,151 225
> 11 -0.0036** (0.0015)  0.0042* (0.0023) -0.0014* (0.0008) 23,414 229
> 10 (main specification) -0.0035** (0.0015)  0.0044* (0.0023) -0.0016* (0.0008) 23,594 233
>9 -0.0036** (0.0015)  0.0043* (0.0023) -0.0015* (0.0008) 23,854 246
>8 -0.0035** (0.0015)  0.0043* (0.0023) -0.0015* (0.0008) 24,092 254
> 7 -0.0034** (0.0015)  0.0042* (0.0023) -0.0014 (0.0008) 24,371 266
> 6 -0.0037** (0.0015)  0.0042* (0.0022) -0.0013 (0.0008) 24,611 277
>5 -0.0041*** (0.0015) 0.0043* (0.0022) -0.0013 (0.0008) 24,901 295

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. Each row re-estimates the main specification on the sample of
players with at least the indicated number of matches in a season; the main sample uses at least 10 matches.
All specifications include player, tournament, and year fixed effects, and control for time-varying player rank
and opponent rank. Each cell reports the coefficient on ELC, with its standard error in parentheses.
Standard errors are clustered at the player level. *** ** and * denote statistical significance at the 1%, 5%,
and 10% levels, respectively.
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Table A.4: Heterogeneity by Tournament Prestige

Ace rate First-serve-in rate Double-fault rate

ELC X Prestige = High prestige -0.0040** 0.0034 -0.0010
(0.0020) (0.0027) (0.0010)
ELC x Prestige = Low prestige -0.0033* 0.0051* -0.0019*
(0.0017) (0.0029) (0.0010)
Observations 23,594 23,594 23,594
Player FE v v v
Year FE v v v
Tournament FE v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports the ELC effect interacted with tournament
prestige tier. High prestige includes Grand Slam, ATP Finals, and Masters 1000 events. Low prestige
includes ATP 500 and ATP 250 events. All specifications include player, tournament, and year fixed effects,
and control for time-varying player rank and opponent rank. Standard errors are clustered at the player level.
% ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Table A.5: Heterogeneity by Tournament Round

Ace rate First-serve-in rate Double-fault rate

ELC x Round = Other -0.0035** 0.0038 -0.0013
(0.0016) (0.0024) (0.0008)
ELC x Round = QF/SF/F -0.0034* 0.0065** -0.0023**
(0.0019) (0.0029) (0.0011)
Observations 23,594 23,594 23,594
Player FE v v v
Year FE v v v
Tournament FE v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports the ELC effect interacted with round group.
QF/SF/F denotes late-stage matches (quarterfinals, semifinals, and final), and Other denotes earlier rounds.
All specifications include player, tournament, and year fixed effects, a dummy variable for late-round
matches, and control for time-varying player rank and opponent rank. Standard errors are clustered at the
player level. *** ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A.6: Heterogeneity by Pre-ELC Double-Fault Risk

Ace rate First-serve-in rate Double-fault rate

ELC x Pre-ELC Risk = High Risk  -0.0008 0.0031 -0.0018
(0.0022) (0.0035) (0.0013)
ELC x Pre-ELC Risk = Low Risk -0.0052*** 0.0055** -0.0017*
(0.0017) (0.0027) (0.0010)
Observations 21,072 21,072 21,072
Player FE v v v
Year FE v v v
Tournament FE v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports the ELC effect interacted with pre-ELC
double-fault risk. High Risk tournaments had an above-median average double-fault rate among players in
2018-2019, before any tournament in the sample had adopted ELC; Low Risk tournaments were below the
median. All specifications include player, tournament, and year fixed effects, and control for time-varying
player rank and opponent rank. Standard errors are clustered at the player level. *** ** and * denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

Table A.7: Heterogeneity by Court Surface

Ace rate First-serve-in rate Double-fault rate

ELC x Surface = Clay -0.0044** -0.0006 -0.0016
(0.0020) (0.0038) (0.0011)
ELC x Surface = Grass -0.0017 0.0057 0.0000
(0.0029) (0.0038) (0.0016)
ELC x Surface = Hard -0.0036 0.0086*** -0.0022*
(0.0022) (0.0030) (0.0011)
Observations 23,594 23,594 23,594
Player FE v v v
Year FE v v v
Tournament FE Ve v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports the ELC effect interacted with the court surface
(Grass, Clay, Hard). All specifications include player, tournament, and year fixed effects, and control for
time-varying player rank and opponent rank. Standard errors are clustered at the player level. *** ** and *
denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A.8: Effect of Electronic Line Calling on Player Risk-Taking (WTA Sample)

Ace rate First-serve-in rate Double-fault rate

ELC 0.0003 0.0011 0.0000
(0.0010) (0.0025) (0.0011)
Control mean 0.0392 0.6245 0.0510
Observations 21,050 21,050 21,046
Player FE v v v
Year FE v v v
Tournament FE v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The outcome variables are ace rate (Column 1), first-serve-in rate
(Column 2), and double-fault rate (Column 3) for the WTA sample. All specifications include player,
tournament, and year fixed effects, and control for time-varying player rank and opponent rank. Standard
errors are clustered at the player level. *** ** and * denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

Table A.9: Heterogeneity by Home Status

Ace rate First-serve-in rate Double-fault rate

ELC x Home status = Away -0.0034** 0.0042* -0.0018**
(0.0015) (0.0024) (0.0009)
ELC x Home status = Home -0.0045* 0.0063 0.0002
(0.0026) (0.0040) (0.0013)
Home = Away (p-value) 0.592 0.565 0.075
Observations 23,594 23,594 23,594
Player FE v v v
Tournament FE v v v
Year FE v v v

The unit of observation is a player-match. ELC is a dummy variable equal to one if the tournament operated
under Electronic Line Calling in that year. The table reports the ELC effect separately for home players,
whose nationality matches the country hosting the tournament, and away players. Host countries are taken
from the official ATP Tour results archive. All specifications include player, tournament, and year fixed
effects, a home dummy variable, and control for time-varying player rank and opponent rank. Standard
errors are clustered at the player level. *** ** and * denote statistical significance at the 1%, 5%, and 10%
levels, respectively.
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Figure A.1: Staggered Adoption of Electronic Line Calling by Court Surface. Colored lines indicate court
surface. ELC adoption is manually verified against tournament announcements, broadcasts, and news reports.
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Figure A.2: Staggered Adoption of Electronic Line Calling by Tournament Prestige. Colored lines indicate
tournament prestige. ELC adoption is manually verified against tournament announcements, broadcasts, and

news reports.
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Figure A.3: Tournament-Specific ELC Effects on the Ace Rate. Each estimate comes from a within-
tournament fixed-effects regression with player fixed effects, a linear time trend, and player and opponent
rank controls. Bars show 95% confidence intervals based on standard errors clustered at the player level. The
dotted vertical line marks the pooled estimate from the main specification. Point size is proportional to the
number of observations.
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Figure A.4: Tournament-Specific ELC Effects on the Double-Fault Rate. Each estimate comes from a
within-tournament fixed-effects regression with player fixed effects, a linear time trend, and player and
opponent rank controls. Bars show 95% confidence intervals based on standard errors clustered at the player
level. The dotted vertical line marks the pooled estimate from the main specification. Point size is proportional
to the number of observations.
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Figure A.6: Player-Specific ELC Effects on the Ace Rate. Each estimate comes from a within-player
fixed-effects regression with tournament and year fixed effects and player and opponent rank controls. Bars
show 95% confidence intervals based on standard errors clustered at the tournament level. The sample includes
the 30 players with the most match observations. The dotted vertical line marks the pooled estimate from
the main specification. Point size is proportional to the player’s number of match observations.
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Figure A.7: Player-Specific ELC Effects on the Double-Fault Rate. Each estimate comes from a within-player
fixed-effects regression with tournament and year fixed effects and player and opponent rank controls. Bars
show 95% confidence intervals based on standard errors clustered at the tournament level. The sample includes
the 30 players with the most match observations. The dotted vertical line marks the pooled estimate from
the main specification. Point size is proportional to the player’s number of match observations.
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Figure A.8: Player-Specific ELC Effects on the First-Serve-In Rate. Each estimate comes from a within-player
fixed-effects regression with tournament and year fixed effects and player and opponent rank controls. Bars
show 95% confidence intervals based on standard errors clustered at the tournament level. The sample includes
the 30 players with the most match observations. The dotted vertical line marks the pooled estimate from
the main specification. Point size is proportional to the player’s number of match observations.
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Figure A.9: Stacked Difference-in-Differences Estimates of the ELC Effect. Each estimate comes from a
stacked difference-in-differences regression on 2018-2025 that compares each adoption cohort with tournaments
not yet treated. Thick bars show 90% and thin bars show 95% confidence intervals based on standard errors
clustered at the player level.
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Figure A.10: ELC Effects by Tournament Prestige. Each panel plots fixed-effects point estimates and 95%
confidence intervals for the ELC effect on each outcome, separately by tournament prestige. Grand Slams,
ATP Finals, and Masters 1000 events represent the highest-prestige, highest-stakes tournaments. Estimates
come from a single specification interacting ELC with the group dummy, with player, tournament, and
year fixed effects and player and opponent rank controls. Confidence intervals are based on standard errors
clustered at the player level.
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Figure A.11: ELC Effects by Tournament Round. Each panel plots fixed-effects point estimates and 95%
confidence intervals for the ELC effect on each outcome, separately for late rounds (quarterfinals, semifinals,
and final) and all earlier rounds. Estimates come from a single specification interacting ELC with the group
dummy, with player, tournament, and year fixed effects and player and opponent rank controls. Confidence
intervals are based on standard errors clustered at the player level.
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Figure A.12: ELC Effects by Pre-ELC Double-Fault Risk. Tournaments are split at the median of players’
average double-fault rates in the pre-ELC years (2018-2019); the high-risk group had above-median double-
fault rates and the low-risk group below-median. Each panel plots fixed-effects point estimates and 95%
confidence intervals for the ELC effect on each outcome, separately by group. Estimates come from a single
specification interacting ELC with the group dummy, with player, tournament, and year fixed effects and
player and opponent rank controls. Confidence intervals are based on standard errors clustered at the player

level.
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Figure A.13: ELC Effects by Court Surface. Each panel plots fixed-effects point estimates and 95% confidence
intervals for the ELC effect on each outcome, separately by court surface. Estimates come from a single
specification interacting ELC with the surface dummies, with player, tournament, and year fixed effects and
player and opponent rank controls. Confidence intervals are based on standard errors clustered at the player
level.
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