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Abstract. This paper provides new evidence that team-level momentum exists in the National Basketball Association (NBA).
The existence of momentum is one of the most prominent and longstanding questions in sports analytics. But for all its
importance to announcers, coaches, and players, existing literature has found little evidence of momentum in professional
basketball. This paper exploits a natural experiment in the flow of basketball games: television (TV) timeouts. Since TV
timeouts occur at points exogenous to momentum, they enable the measurement of the effect of pauses in the game separate
from the effect of strategy changes. We find TV timeouts cause an 11.2% decline in the number of points that the team with
momentum subsequently scores. This effect is robust to the size of a run, substitutions, and game context. This result has far
reaching implications in basketball strategy and the understanding of momentum in sports more broadly.
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1. Introduction

The belief in momentum is well established among
players and fans of basketball and other sports, and
its existence has been debated since before the advent
of sports analytics. Play or watch enough basketball
and one will inevitably find an example of a team
that has seemingly tapped into an intangible well that
enables them to sustain high levels of performance.
Announcers frequently speak of the importance of
teams seizing momentum, and basketball coaches
emphasize the importance of using timeouts to
halt opponents’ momentum. Although momentum
is difficult to detect analytically, coaches and fans
operate on the twin assumptions that a) momentum
exists, and b) it can be stopped by timeouts. This
paper tests the latter hypothesis to substantiate the
former.

Despite general belief in momentum on the part
of the general sports community, the sports ana-
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lytics community has been broadly skeptical of its
existence. Perhaps the most popular way to con-
ceptualize momentum is the “hot hand” theory,
which posits that a basketball player has “momen-
tum” by scoring some number of consecutive points
(Gilovich, Vallone, and Tversky, 1985; Vergin, 2000).
Past literature on this topic has been inconclusive,
and it remains a controversial question. In con-
trast to individual momentum in the form of the
hot hand, this paper analyzes momentum at the
team level.

Momentum in this paper refers to a team-level
effect wherein the team scores unanswered points
within a single game. By contrast, to doubt the exis-
tence of momentum means to believe that consecutive
scoring plays are uncorrelated—that the outcome of
a team’s current possession is independent of recent
ones, no different than a sequence of flips of a
weighted coin. The common thread among all statis-
tical critiques of the existence of momentum, going
back to the original critique by Gilovich, Vallone, and
Tversky (1985), is a contention that the widespread
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belief in momentum is the result of cognitive biases
to see such correlations where none exist.

The belief in momentum causes coaches to deploy
timeouts strategically, after the “momentumed team”
(the team on a scoring run) has scored several sequen-
tial baskets while the stalled opposing team scores
few to zero (Gibbs, Elmore, and Fosdick, 2022; Per-
mutt, 2011; Roane et al., 2004; Weinbach, 2008).
Comparing points before and after a timeout is fal-
lacious, however, since a coach often calls a timeout
explicitly to stop momentum. Since timeouts are used
strategically, any resulting decrease in scoring by the
momentumed team could be due to interruption of
play or changes made during that interruption.

This paper’s innovation is to take advantage of
exogenous stoppages of play in the form of televi-
sion (TV) timeouts. TV timeouts, also referred to
as mandatory timeouts or official timeouts, are time-
outs that occur at predetermined times, independent
of the score or flow of the game. By contrast, all
other timeouts, referred to here as “coaches’ time-
outs,” are called by the team with possession. The fact
that coaches’ timeouts sometimes lead to commer-
cial breaks does not mean that they are TV timeouts.
TV timeouts happen based on procedures laid out in
the NBA rulebook (National Basketball Association,
2016). For example, during the seasons used for this
analysis, a TV timeout would be called at the first
stoppage in play following the nine-minute mark in
the second quarter, unless either team had already
voluntarily called a timeout in that quarter. During
those seasons, each TV timeout lasted 100 seconds;
coaches’ timeouts could be either 60 or 100 seconds.

By analyzing only those TV timeouts that coinci-
dentally interrupt momentum, this paper’s analysis
separates the effect of play stoppage from that of
measurable strategic behavior. To exploit this natural
experiment, we use causal inference with matching
(Imbens and Rubin, 2015). This methodology creates
a set of matched observations between the treatment
and control groups: in this case, by matching scoring
runs which are interrupted by a TV timeout (treat-
ment group) and runs that are not interrupted by any
timeout (control group), and which are similar along
other dimensions which may affect the number of
points subsequently scored. The combined dataset of
treatments and control runs thus provides an unbiased
estimate of the causal effect of the TV timeouts on
momentum. Any resulting change in points scored for
the momentumed team is therefore due to the timeout
and, more importantly, is evidence of momentum’s
existence.

Exploiting the uncorrelated nature of TV time-
outs, we find that momentumed teams score 0.56
fewer points on average during the 3 minutes after
a TV timeout as compared to matched teams that do
not experience a timeout. This result is robust to the
length of the run, the duration of time after a TV time-
out that is analyzed, and strategic context. A Monte
Carlo simulation further shows that sampling strat-
egy does not create the results. This finding is the
strongest empirical evidence to date that team-level
momentum in basketball exists.

2. Background

Momentum “is, at the same time, one of the
most commonly referred to and least understood
phenomena in the realm of sports” (Taylor and
Demick, 1994). In basketball and other sports,
players, coaches, commentators, and fans attribute
outsized success of players or teams to a momen-
tum effect (Barnwell, 2013; Camerer, 1989; Gilovich,
Vallone, and Tversky, 1985; Vergin, 2000). Momen-
tum in these contexts can variously refer to a team
winning or losing consecutive games (Arkes and Mar-
tinez, 2011) or to a player’s performance within a
game (Arthur and Matthews, 2017). The essential
concept is that the team’s or player’s success displays
positive serial correlation: an NBA player who just
made a string of shots would be more likely to make
his next shot than his long-term shooting average
would suggest.

The topic of momentum in basketball was first
prominently explored statistically in the seminal
paper by Gilovich, Vallone, and Tversky (1985). They
made the then-groundbreaking claim that the hot
hand is an illusion resulting from the human tendency
to see patterns where none exist. After examining
serial correlations of made and missed shots, they
concluded that the sequences were no more corre-
lated than would be expected from random chance, if
each shot were independent.

For years after, the prevailing consensus among
researchers considered the hot hand, and the con-
cept of momentum more broadly, to be an elusive
superstition (Kahneman, 2011; Miller and Sanjuro,
2018b; Vergin, 2000). Koehler and Conley (2003)
found no evidence of the hot hand, even in the more
controlled environment of the NBA’s Three-Point
Contest. Vergin (2000) found no statistically signif-
icant correlation in wins and losses among NBA or
Major League Baseball teams. In baseball, Cramer
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(1977) claimed to disprove the belief in “clutch” hit-
ters who supposedly can consistently exceed their
average performance in crucial game situations. In
football, Fry and Shukairy (2012) failed to find sta-
tistical evidence of in-game momentum at the team
level. Bar-Eli, Avugos, and Raab (2006) surveyed 24
studies of hot-hand-type effects across several sports
and concluded that the evidence supporting the exis-
tence of an effect was weak and limited. Similarly, a
later meta analysis by Avugos et al. (2013) concluded
that the inconsistent and small effect sizes in studies
from various sports are evidence that the hot hand
does not exist to any meaningful degree. Attempts
have also been made to identify a momentum effect
in experimental settings, usually resulting in finding
no effect (Cornelius et al., 1997; Gilovich, Vallone,
and Tverseky, 1985; Silva, Cornelius, and Finch,
1992; Shaw, Dzewaltowski, and McElroy, 1992).
Nobel Prize-winning psychologist Daniel Kahneman
summarized the evidence by declaring that “the hot
hand is a massive and widespread cognitive illusion”
(2011, p.115).

More recent research identified flaws in previous
literature and suggested that the hot hand exists.
Two significant but perhaps mutually inconsistent
lines of critique disputed the conclusion of previ-
ous studies which found no effect. First, Bocskocsky,
Ezekowitz and Stein (2014) and Csapo et al. (2015)
attributed the lack of apparent serial correlations to
shot selection effects, claiming that players who are
“hot” begin to take riskier shots which masks the
improvement to their skill levels. Second, Miller
and Sanjuro (2018a) identified a statistical flaw in
the original paper by Gilovich, Vallone, and Tver-
sky (1985): in a finite sequence of binary data, such
as shots made or missed, the subsequent proportion
of successes (made shots) after a streak of suc-
cesses will be less than the expected proportion (the
shooter’s true field goal percentage). After correcting
for this finite sequence bias, the Gilovich, Vallone,
and Tversky (1985) data show a statistically sig-
nificant momentum effect for shooters. Separately,
looking at season-level momentum rather than the
“hot hand” among individual shooters, Arkes and
Martinez (2011) and Munoz, Chen, and Thomas
(2019) found evidence of serial correlations in basket-
ball teams’ win-loss records, supporting the existence
of game-to-game momentum.

As a result, academic consensus has shifted, and
“the existence of the hot hand remains highly dis-
puted” (Mews and Ötting, 2021, p.2). While it is now
often conceded that momentum can be found at least

to an extent in some contexts, the extent and size of
effect remains controversial. Ritzwoller and Romano
(2021) argued that the hot hand effect in the origi-
nal Gilovich, Vallone, and Tversky (1985) data, after
accounting for the statistical corrections from Miller
and Sanjuro (2018a), is limited to a single shooter, and
that these and other previous studies simply used sam-
ple sizes too small to prove any effect. James (2004)
concurred that various manifestations of the momen-
tum effect in baseball, such as “clutch” hitting or
pitching, are small relative to other game factors and
random variability, and therefore cannot be detected
by the statistical approaches that most past papers
have used. Barnwell (2013) conceded that it is diffi-
cult to prove the negative assertion that momentum
does not exist, while contending that this difficulty
in proving or measuring momentum shows that it is
at best far smaller than most fans and commentators
believe and is meaningless in practice.

In basketball, Morgulev et al. (2020) demon-
strated that fans, players, and coaches have
quantifiable beliefs in the size of the momentum
effect—specifically in the probability that a team that
has momentum in the form of a recent comeback to
tie the game will go on to win—that are not supported
by existing empirical literature. Wetzels et al. (2016)
used a Bayesian approach and concluded that evi-
dence for streakiness in basketball and other sports
is weak at best. Lantis and Nesson (2021a, 2021b)
found that a small hot hand effect exists in the NBA
in the controlled situations of free throw shooting and
the Three-Point Contest, but argued it does not exist in
other in-game situations. Specifically for team-level,
in-game momentum effects in basketball, the subject
of this paper, recent research fails to find an effect.
Morgulev, Azar, and Bar-Eli (2019) and Schilling
(2019) analyzed data from NBA games and both con-
clude that scoring runs implied by “momentum” are
illusory.

Since timeouts interrupt the flow of the game,
previous studies have used them as a mechanism
to attempt to observe the existence of momentum.
Roane et al. (2004) conducted descriptive analysis
on games from the NCAA women’s basketball tour-
nament, finding that momentum exists at the team
level and timeouts are effective at reducing an oppo-
nent’s momentum. Similarly, Permutt (2011) used
data from NBA games to conclude that team-level
momentum exists and is inhibited when the opposing
team calls a timeout. However, both of these stud-
ies fell short of conclusive proof since they failed to
sufficiently account for confounding factors. Roane
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et al. used a purely observational and correlational
approach and did not attempt to demonstrate whether
the observed efficacy of timeouts results from imped-
ing momentum as opposed to strategy changes or
substitutions; this approach also suffers from regres-
sion to the mean as coaches are more likely to call
timeouts after a period of above-average performance
by the opponent (Permutt, 2011). Gibbs, Elmore, and
Fosdick (2022, p.2) pointed out that Permutt fails to
account for the non-random nature of timeouts (the
“bias attributed to the coach’s right to choose when to
call, or not call, a timeout”); the same critique could
be applied to Roane et al. as well.

Two recent papers attempted to overcome this
selection bias by using causal inference methods to
measure the momentum-stopping effect of timeouts,
by controlling for confounding factors which impact
coaches’ decisions to call them. Assis, Assunção, and
Vaz-de-Melo (2020) and Gibbs, Elmore, and Fosdick
(2022) both measured the impact of timeouts on team-
level performance in the NBA. Both studies failed to
find a momentum effect: the former found that time-
outs have no causal effect on performance, and the
latter found a slight negative effect (indicating that
calling a timeout during an opponent’s run causes
the momentum team to score more points). While
both studies represent an important contribution to
the literature, the results are less than fully conclusive
because they rely on coaches’ timeouts and are there-
fore limited to controlling for observable variables,
which may not sufficiently account for the many com-
plex factors that influence a coach’s in-game decision
to call a timeout. Assis, Assunção, and Vaz-de-Melo
(2020) controlled for time within the game and scor-
ing margin, and Gibbs, Elmore, and Fosdick (2022)
additionally controlled for several factors known at
the start of the game (e.g. teams and betting lines)
and at the point of the run (e.g. time within the game,
run duration, and estimated win probability).

The decision of when to call timeouts, however,
is a significant part of a basketball coach’s job and
depends on countless unobservable factors which are
difficult or impossible to quantify: play calling, sub-
stituting specific players or platoons to respond to
fatigue or gain favorable matchups, injuries, strat-
egy changes, correcting recent poor play or mistakes,
advancing the floor position near the end of the game,
offering motivational words, emotional or psycholog-
ical considerations, or simply a coach’s gut feeling
(Duke and Corlett, 1992; Permutt, 2011; Saavedra,
Mukherjee, and Bagrow, 2012; Yousuf, 2018). The
treatment, in the causal inference sense of the term

(a coach calling a timeout), is strongly related to the
outcome (via the coach’s expectation of whether the
timeout will affect future scoring), because coaches
often call timeouts when they believe it will stop a run
(Gibbs, Elmore, and Fosdick, 2022; Permutt, 2011;
Roane et al., 2004; Weinbach, 2008). Therefore, the
existence of so many covariates which cannot prac-
tically be controlled for is an unavoidable limitation
of a causal model based on coaches’ timeouts.

This paper differs from previous studies by using a
causal inference research design combined with using
TV timeouts as an exogenous source of breaks in
momentum. The validity of using exogenous time-
outs to test for momentum is supported by Hartigh
and Gernigon (2018); they exposed competitive table
tennis players to simulated game scenarios with
timeouts inserted at critical times after the player
experiences a streak of lost points. They find that
pauses in play benefit players by providing a chance
to psychologically recover from negative momen-
tum, and the benefit holds even when no coaching
instructions were given during the timeout. The use of
causal inference methods in sports analytics has been
rare, but holds promise for uncovering new insights.
In addition to the analyses of timeouts in the NBA
by Assis, Assunção, and Vaz-de-Melo (2020) and
Gibbs, Elmore, and Fosdick (2022), recent papers
have used causal inference to model problems with
complex confounding factors, including fourth-down
strategy in the National Football League (Yam and
Lopez, 2019) and home-field advantage in soccer
(Price et al., 2022).

3. Approximating an Experiment Using
Matching

To build intuition for the paper’s approach, imag-
ine the ideal experiment to confirm or disprove the
existence of momentum and the ability of timeouts to
stop it. First, note that this question is fundamentally
causal: did the timeout cause a team with momen-
tum to lose it? As with all causal questions, separate
treatment and control groups allow for the cleanest
disentangling of effects.

In the ideal case, researchers would randomly
select a given instance in a game in which one team
had momentum and randomly assign it to the con-
trol or treatment group. The control group would
continue playing the game as normal. The treatment
group, though, would pause the game for a brief time,
with no communication to change strategies or to
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Table 1

Experimental Design Versus Matching

Ideal Experimental Design Matching (This Paper)

The researcher randomly issues a timeout during
momentum.

TV timeout during a run acts as a random
assignment into the treatment group

———————————- Match the treatment to a control team on
observable variables

Measure changes in scoring Measure changes in scoring

Note: Comparing experimental to matching research design.

otherwise alter the game. Any subsequent aggregate
changes in scoring would therefore be due only to
the stoppage of play. Table 1 details this ideal exper-
imental design, along with how the paper replicates
the relevant features.

While finding two games exactly alike in all details
apart from the presence of a TV timeout is infeasi-
ble, the remaining details of this ideal experiment are
not as difficult to replicate. If exogenously caused
pauses in gameplay cause active scoring runs to be
statistically less likely to continue, it would simul-
taneously prove the existence of a momentum effect
and the ability of timeouts to reduce momentum. By
contrast, if timeouts were ineffective at slowing a
momentumed team on a scoring run, then exogenous
pauses unrelated to the game situation should have
no measurable effect on subsequent scoring. This
assumption of exogeneity is key to our paper, and
we will expand on it shortly.

The occurrence of a TV timeout during a run,
however, is not sufficient to test momentum because
coaches can change strategy during the timeout in
ways that may affect subsequent scoring. To address
this concern, we compare sequences where changes,
proxied by player substitutions, are the same for the
treatment and control groups. For example, if a team
substitutes one player during a TV timeout, the run
should be compared to one in which one player is
substituted during the run, which can occur at a dead
ball such as after a made basket.

Matching is a statistical technique for observa-
tional data that enables the comparison of two groups
that are the same on all measurable features except
the treatment of interest (Imbens and Rubin, 2015).
In the context of this paper, matching is used to pair
in-progress runs that are the same except for the pres-
ence of a TV timeout. Table 2 shows how matching
works in this paper.

Three details merit attention. First, comparing the
results of one pair of matched runs cannot meaning-
fully adjudicate the momentum question. Therefore,
the paper uses data from every game from 13 NBA
seasons, from 2004-2005 to 2016-2017.

Second, note that the matching occurs on whether
or not the run in progress is interrupted by a TV
timeout. The paper uses TV timeouts because they
occur at pre-specified moments in the game. Since
TV timeouts occur regardless of teams’ momentum,
their occurrence randomly assigns teams into treat-
ment and control groups.

This second point is foundational to this paper and
deserves elaboration. Consider Table 1’s invocation
of the ideal experiment to determine the existence of
momentum. A key characteristic is that teams had
no ability to select the group, treatment or control,
into which they are placed. This randomness is fun-
damental to the experiment’s design because teams
that actively sought the treatment group (i.e., used a
coach’s timeout) may differ from those that did not
select into that group. TV timeouts are mandatory and
therefore do not permit teams to self-select into treat-
ment (TV timeout) or control (no timeout) groups; the
assignment is random. This random assignment into
groups also permits estimation of the causal impact of
gameplay pauses on momentum (Imbens and Rubin,
2015). By comparison, timeouts called by coaches
are very much a function of momentum, and there-
fore cannot randomly separate control from treatment
groups–indeed, with coaches timeouts as the causal
instrument, the unit of analysis can effectively self-
select into treatment or control group. Additionally,
matching on all timeouts (TV and coaches’) likely
violates the hidden variation assumption in the match-
ing framework, which states that there cannot be
different levels of treatment. In this case, coaches’
timeouts are likely fundamentally different from TV
timeouts.

Finally, since coaches can make strategic changes
during TV timeouts, there may exist unobserved
changes creating a difference between the two sce-
narios in Table 2. To control for unobserved factors,
we include the number of substitutions made as a
proxy for changes in strategy. Key to matching in this
context is that substitutions can occur during dead
balls, not just in timeouts. Either team may substi-
tute players after a break in play such as after a made
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Table 2

An Illustrative Example of Matching Research Design

GAME A (Treatment) GAME B (Control)

6-0 run by team 6-0 run by team
TV timeout called Stoppage of play other than a timeout
1 substitution by momentumed team 1 substitution by momentumed team
2 substitutions by opposing team 2 substitutions by opposing team
Play resumes Play resumes
Eight points scored in subsequent 3
minutes

Ten points scored in subsequent 3
minutes

Conclusion: The TV timeout was responsible for fewer points being scored in Game A. Note: The
point and substitution amounts are hypothetical, for illustration.

basket or an out-of-bounds, even when no timeout is
called. Since coaches change the players on the court
to change team strategy, matching on the number of
substitutions for teams with and without momentum
isolates the effect of strategy changes on momentum
In addition, a battery of robustness tests, explained in
Section 5.2, attempt to control for non-substitution
ways in which strategy may affect momentum; using
simulations, alternative estimators, selecting game-
play more or less likely to feature strategy, and using
different operationalizations all buttress the findings
of this initial research design.

4. Operationalization

This paper uses play-by-play data from 13 NBA
seasons, including playoffs, from 2004-05 to 2016-
17. This data was obtained from bigdataball.com, a
data aggregator (2020). Each row of the dataset is a
scoring play in an NBA game. Each scoring play has
information on a number of variables: which line-
ups each team has on the floor, the number of points
scored by a given team, the amount of time left in
the game, and the presence of a timeout immedi-
ately after that play. Importantly, the dataset identifies
which timeouts were TV timeouts.

Testing whether TV timeouts affect momentum,
and therefore whether momentum exists, requires a
quantitative identification of momentum before the
TV timeout and a measure for determining if momen-
tum stops.

To determine when momentum exists, we set a
threshold for the number of unanswered points a team
needs to have scored. Initially, this threshold is set at
six unanswered points or more: if a TV timeout occurs
and one team has scored at least six unanswered
points immediately prior to the timeout, the TV time-

out interrupts momentum. Equation 1 formalizes this
definition; mi is an indicator for momentum, and pu

represents the number of uninterrupted points.

mi =
{

1 if pu ≥ 6

0 otherwise
(1)

Six is chosen because it represents two or three
made baskets (ignoring very rare four-point plays).
Three unanswered two-point field goals means a
4-0 run may not have been a fluke, and two con-
secutive three-point field goals or three-point plays
has a demoralizing effect. More concretely, Fig. 1
shows that the vast majority of unanswered scoring
sequences are of fewer than six points: only 11.85%
of runs are of six or more unanswered points. To
ensure that the selection of six as the threshold does
not drive results, later robustness check expands the
analysis to larger runs.

The second operational detail lies in what con-
stitutes breaking a run. There are myriad ways one
could imagine operationalizing a run’s stop. One is
to simply examine whether a team on an unanswered
scoring streak had that streak snapped. We avoid this
definition, though, because it is not consistent with
intuitive understandings of possessing momentum. A
team’s momentum might not be interrupted by sur-
rendering a single basket; for example, a team scoring
18 of the past 20 points is certainly regarded as having
momentum. Rather, we measure the number of points
the momentumed team scores in gameplay subse-
quent to the TV timeout. Comparing this total across
the treatment and control groups allows us to make
direct measurements of the impact of TV timeouts on
points scored in a game without limiting the usable
data to unanswered runs only.

We match treated observations with their clos-
est nontreated neighbor, where distance is measured
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Fig. 1. Distribution of Run Length. This histogram shows the dis-
tribution of run length across the 13 seasons of data, with the dashed
line demarcating the threshold used to define a run in this paper.

using propensity scores based on logistic regression.
This approach uses all matching variables as inde-
pendent variables in a logistic regression with the
treatment dummy as the dependent variable. Then,
the propensity scores – probability of inclusion in the
treated group – are matched such that each observa-
tion in the treatment group (having a TV timeout)
is matched with a maximally similar observation in
the control group (no timeout). We then discard all
unmatched observations so that the data consists of
pairs of matched runs, half of which are interrupted
by a TV timeout and half of which are not interrupted
by any type of timeout. The result is two groups of
observations, momentumed teams interrupted by a
TV timeout and uninterrupted momentumed teams,
that are identical on all observables except for the
occurrence of the TV timeout. Table A1 in Appendix
A shows a covariate balance test between the treated
and control groups; no statistically significant differ-
ence between the two groups exists. The matched runs
can occur across two separate games and teams.

The result is a single dataset with the following
independent variables:

1. Subsequent TV timeout: a dummy variable
representing the presence of a TV timeout

1 For details on propensity score matching, see Rosenbaum and
Rubin (1983). For details on implementation, see R’s MatchIt
package (Imai, 2011). As a robustness check, we also use non-
parametric distance measures (Mahalanobis) for matching. These
are addressed in Table A2 in Appendix A and are substantively
identical to the primary approach.

immediately after the scoring event in question.
2. Run size by momentumed team: the number of

unanswered points a team has scored.
3. Substitutions by momentumed team: The num-

ber of substitutions made by the team on a run
immediately after the play in question. This can
range from zero to five players substituted. If
the scoring event was followed by a TV timeout
(treatment group), then this includes only those
substitutions made during the timeout. If it was
not followed by any type of timeout (control
group), then this includes substitutions made
immediately following the basket, before play
resumes.

4. Substitutions by opposing team: The number of
substitutions made by the team opposing a run
after the play in question; it is defined similarly
to substitutions by the momentumed team.

The dependent variable is the number of points
scored by the momentumed team during the three
minutes of game time subsequent to the TV timeout.
Three minutes is the cutoff because it is the maxi-
mum amount of time that could elapse between the
end of a TV timeout and the start of another break in
play (either another TV timeout, a coach’s timeout,
or the end of a quarter); for example, if a TV timeout
happened with six minutes left in the second quar-
ter, and neither coach calls a timeout within the next
three minutes, then another TV timeout is called at
the three-minute mark (National Basketball Associ-
ation, 2016). We also tested various other cutoffs to
ensure that the results are robust to this parameteriza-
tion, which are shown in Appendix D and discussed
in Section 5.2.

We model the outcome using Poisson regression,
consistent with standard approaches for count data.
The treatment is a TV timeout during a run, and
the model controls for current run size as well as
substitutions by each team. A negative and statisti-
cally significant relationship between a TV timeout
and points scored in the subsequent three minutes of
gameplay would imply a strong relationship between
a TV timeout occurring in the midst of a run and
the momentumed team scoring fewer points in the
aftermath of the timeout. This result would suggest
momentum exists: if it did not, the TV timeout would
have no correlation with subsequent scoring. Con-
trolling for substitutions approximates for changes
in strategy after a timeout, so any result found for a
TV timeout is due to the timeout and not changes in
strategy.
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5. Results

This section presents the main result of the
paper: the negative effect of TV timeouts on subse-
quent scoring of the momentumed team. This result
survives several robustness checks concerning the
operationalization of momentum and points scored
after a TV timeout, and strategy changes do not
appear to explain the results.

5.1. Main Results

Table 3 shows the Poisson regression results on the
matched data described in prior sections. All mod-
els use the same dependent variable, the number of
points scored in the subsequent three minutes. Each
model differs by the size of the run that is classi-
fied as momentum. The first model selects 6 points
as that threshold; the second, 10; and the third, 15.
In each model, a statistically significant and negative
correlation exists between a TV timeout and subse-
quent scoring for the team of a run. Opposing team
substitutions cause fewer subsequent points, but the
effect is less than half as strong as the momentumed
team substituting players; the TV timeout’s effect is
between the two substitutions’ effects.

The first column of Table 3 shows the main result.
It shows that a TV timeout causes the momentumed
team to score slightly more than 11% fewer points
(e−.119 − 1 = −.112) in the subsequent three min-
utes. This effect is about 50% larger than the opposing
team substituting a player (e−.077 − 1 = −.0741).
Both results are unlikely to have occurred by chance
(p < 0.001). When looking at longer runs (columns
two and three), the discrepancy is even more appar-
ent: opposing team substitutions have no statistically
significant effect on the momentumed team’s scoring,
but the TV timeout effect grows.

The disappearance of momentum is the result of
a pause in play and alteration of the five players,
not mean reversion or the opponent’s changes. First,
the regressions find no evidence of mean reversion
during runs. The coefficient on the size of the cur-
rent run is.001, and it is not statistically significant in
any regression. Second, the momentumed team sub-
stituting a player negatively affects a run and does
so more than the TV timeout. It reduces subsequent
points by about 16% (e−.176 − 1 = −0.161). Upon
reflection, this result makes sense: if team momen-
tum exists, then breaking the team that experiences
the momentum by substituting out a player changes
the composition of the momentumed team. In effect,

the momentumed team is no longer playing after the
timeout. An implication of this result is that coaches
of momentumed teams should not substitute players
during a TV timeout.

These dynamics are more apparent when analyz-
ing runs of more than 10 and 15 points, columns 2 and
3 respectively. In those models, the only variable that
causes subsequent points scored to decrease is a TV
timeout, a 11.57% and 30.79% decrease. 30.79% is
the largest effect for any variable across all the mod-
els, though it should be interpreted cautiously given
the small sample size (n = 48).

Figure 2 shows the effect size in terms of points
scored. The expected difference between the two
groups is about 0.56 points over the course of three
minutes of gameplay. Though not a large effect at
face value, the difference could nonetheless add sub-
stantial win probability over the course of a tightly
contested game. Moreover, 0.56 points is the min-
imum effect size because the dependent variable
includes three minutes of post-TV timeout gametime.
(See Figure A1, discussed in more detail shortly.) The
inclusion of this time allows for other factors to buffet
and weaken the main effect. When looking immedi-
ately after the resumption of play, for example at the
number of points scored in the first minute after a TV
timeout, the effect on momentum is approximately
four times as large.

Because AIC and log-likelihood are not com-
parable across models with different numbers of
observations, it is unclear which model in Table 3
best fits the data. To facilitate this comparison, we
sample a random subset of 48 observations, the num-
ber of observations of runs of at least 15 points, rerun
models 1 and 2, and record their AIC. We repeat this
process 1,000 times to bootstrap the distribution of
the AIC for the two models. We also repeat this pro-
cedure for samples of size 576 for model 1 so that its
fit can be compared to model 2. Figure 3 shows the
distribution of the 1,000 AICs and includes a vertical
line for the AIC of the referent model. (A lower AIC
means the model fits the data better.) The 6 and 10
point models fit the data better than the models using
15 point runs; models of 6 point runs fit the data as
well as their 10 point equivalent.

Figure 4 expands Table 3 by showing the effect
size of TV timeouts as a function of the momentumed
team’s run length. TV timeouts decrease subsequent
scoring for runs of 17 points or fewer. The increasing
standard errors reflect the scarcity of long runs: only
8.47% of runs of six points or more are of more than
10 points.
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Table 3

Effect of TV Timeouts on Momentum

Dependent variable:
Points Scored in Next 3 Minutes by Momentumed Team

Run ≥ 6 Points Run ≥ 10 Points Run ≥ 15 Points

Subsequent TV Timeout –0.119∗∗∗ –0.123∗∗∗ –0.368∗∗∗
(0.012) (0.036) (0.129)

Run Size by Momentumed Team –0.002 –0.003 –0.018
(0.003) (0.009) (0.031)

Substitutions by Momentumed Team –0.176∗∗∗ –0.087
(0.028) (0.073)

Substitutions by Opposing Team –0.077∗∗∗ –0.045 –0.042
(0.017) (0.053) (0.121)

Constant 1.798∗∗∗ 1.784∗∗∗ 2.123∗∗∗
(0.024) (0.103) (0.517)

Observations 5,148 576 48
Log Likelihood –12,511.460 –1,380.973 –120.809
Akaike Inf. Crit. 25,032.930 2,771.946 249.619

Note: The first row shows that TV timeouts decrease subsequent scoring at multiple levels of run length. *p < 0.1;
**p < 0.05; ***p < 0.01.

Fig. 2. Distribution of Points Scored With and Without TV Timeouts. The two density distributions reveal a clear reduction in points scored
after a TV timeout (cyan) versus no TV timeout (red).

Two sets of tests investigate whether the apparent
effect of TV timeouts is due to changes in strategy;
Table 4 and Fig. 5 show their results. If coaches
change strategy during TV timeouts, any resulting
decrease in points scored for the momentumed team
could be due to the concurrent change in strategy and
not the interruption of momentum. To decompose
these effects, analysis is performed using only TV
timeouts in which neither team substitutes a player;

assuming strategy change occurs via substitutions,
changes in points scored after these observations
should therefore only be due to the TV timeout’s inter-
ruption of momentum. Table 4 shows these results.
After TV timeouts in which neither team substitutes
a player, 6.57% fewer points are scored, an effect
about 41% smaller than TV timeouts with substitu-
tions (Table 3). This result suggests that TV timeouts
stop momentum via stoppage of play (Table 4) and
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Fig. 3. Comparing Model Fit for Runs of at Least 6, 10, or 15 Points. (a) compares the AIC of 1,000 samples of size 576, the number
of observations for runs of at least ten points, for runs of at least six points. (b) does the same but the sample size is 48, the number of
observations for runs of at least 15 points. The dashed line is the AIC of the comparison model, and a lower AIC is better. By forcing samples
of different run lengths to have the same number of observations, the results are directly comparable. (a) shows that TV timeouts explain
equally well the change in momentum for runs of at least six or at least ten points, and (b) shows runs of 6 and 10 points better fit the data
than runs of at least 15 points.

Fig. 4. Effect Size as a Function of Run Length. This figure shows that the effect of TV timeouts on momentum is consistent across the
range of run sizes up to runs of 17 points. The paper’s finding is therefore not due to selecting runs of a specific size (6, 10, and 15 points).
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Fig. 5. Relationship Between Substitutions and Run Size. If
coaches use TV timeouts to change strategy and believe that a
longer run reflects a worse strategy on the opposing team’s part,
then the number of substitutions should increase as run length
increases. Instead, there is no relationship between run length
and the number of substitutions by either team, and a regression
(not shown) confirms that the slope of this relationship is not dis-
tinguishable from zero. While coaches may use substitutions to
change strategy, that they do not change the number of substitu-
tions as runs become longer suggest that any strategy change is not
related to the run itself.

changes in strategy (Table 3), with the former explain-
ing about 59% of the change in points scored and the
latter the rest.

Figure 5 shows that the average number of sub-
stitutions does not vary as a function of run length.
If coaches use TV timeouts to change strategy and
believe that a longer run reflects a worse strategy on
the opposing team’s part, then the number of sub-
stitutions should increase as run length increases.
Instead, there is no relationship between run length
and the number of substitutions by either team, and a
regression (not shown) confirms that the slope of this
relationship is not distinguishable from zero. While
coaches may use substitutions to change strategy, that
they do not change the number of substitutions as runs
become longer suggest that any strategy change is not
related to the run itself.

Convinced the main results do not derive from
strategic changes reflected in lineup data, we now
turn to a series of robustness checks to confirm the
results in Table 3.

5.2. Robustness Checks

Simulations and several tests validate the results.
First, we create a Monte Carlo simulation where

Table 4

Effect of Strategy Change on Momentum

Dependent variable:
Points Scored in
Next 3 Minutes

by Momentumed Team
No Substitutions By

Either Team

Subsequent TV Timeout –0.068∗∗∗
(0.013)

Run Size by Momentumed Team –0.015∗∗∗
(0.003)

Substitutions by Momentumed Team
Substitutions by Opposing Team
Constant 1.848∗∗∗

(0.026)

Observations 4,644
Log Likelihood –11,195.720
Akaike Inf. Crit. 22,397.440

Note: These results are for the matched runs where no substi-
tutions occur. Since substitutions are the primary way coaches
change strategy during a timeout, the result suggests that strategy
changes do not explain all of the decrease in momentum. *p < 0.1;
**p < 0.05; ***p < 0.01.

the true momentum effect is known. We first sim-
ulate a series of 130,000 scoring plays (equivalent to
approximately an entire NBA season, including all
regular season and playoff games) with zero momen-
tum effect. In other words, each scoring play is an
independent random draw with a 50% chance of
being a basket scored by each of Team A and Team B.
Once every 50 randomly simulated plays, one play is
followed by a TV timeout. Substitutions are not sim-
ulated because modeling how they affect momentum
introduces too many researcher degrees of freedom
and the modeled substitution effect would cancel out
for both teams. The simulation results are therefore
most comparable to the model in Table 4.

Table 5 and Fig. 6 show that the Monte Carlo
simulation does not produce a momentum effect. In
Table 5, the null result on the variable subsequent TV
timeout confirms that our approach to matching does
not pick up on a spurious effect where none exists.
Figure 6 shows the distribution of points scored after
simulated timeouts; they do not differ from points
scored during an uninterrupted run.

In addition, the null result from this Monte Carlo
simulation provides confidence that the main results
of this paper are not a spurious artifact of the method-
ology used for selecting and matching runs in the
data. When performing statistical tests on sequences
of Bernoulli outcomes of variable lengths, selecting
and comparing sequences of successes (made shots)
may introduce subtle and counterintuitive biases. For
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Table 5

Results of Monte Carlo Simulation

Dependent variable:
Points Scored in Next 3 Minutes

by Momentumed Team

Subsequent TV Timeout 0.002
(0.022)

Run Size by Momentumed Team –0.005
(0.004)

Constant 1.825∗∗∗
(0.035)

Observations 1,336
Log Likelihood –3,123.290
Akaike Inf. Crit. 6,252.580

Note: This table shows results from a Monte Carlo simulation
in which scoring plays are not correlated with each other. The
first row shows that in these simulations, TV timeouts do not
affect subsequent scoring. The simulation also confirms that the
research design does not induce spurious correlations (such as
those discussed in Miller and Sanjuro, 2018a). *p < 0.1; **p < 0.05;
***p < 0.01.

example, the original result of Gilovich, Vallone, and
Tversky (1985) that found no serial correlation in
made shots was widely believed for over 30 years
until Miller and Sanjuro (2018a) found a “subtle but
substantial” selection bias in the sequences of shots
that were analyzed, causing an 8 percent error in the
estimated percentage of shots made by players on a
hot streak versus those on a cold streak. Our approach
avoids this trap by using matching rather than directly
measuring serial correlations, and the null result from
the simulation confirms that this paper’s sampling

strategy does not generate a spurious momentum
effect.

Appendix B shows an additional robustness
check—using negative binomial regressions instead
of Poisson ones, a standard check with overdispersed
count data (Lawless, 1987). Those results are sub-
stantively identical to the ones presented in Table 3.

Next, Appendix C shows three tests to verify fur-
ther that strategy changes during TV timeouts do not
affect results. As a game progresses, coaches may
be more likely to alter strategy depending on how
the game has unfolded. Subsetting the data to only a
game’s first TV timeouts does not change the results.
In addition, play during garbage time is likely to
be substantively different than play outside of it, as
coaches use players deep on the bench and are likely
to care less about strategy. Since no standardized def-
inition of garbage time exists, we define it as any play
during the final three minutes when either team leads
by at least 20 points. Dropping TV timeouts occurring
during garbage time does not change results. Finally,
teams should be more likely to modify strategy dur-
ing “crunch time,” the end of games where the score
is close. Since there is no standardized definition of
crunch time, we drop all observations in the final
five minutes when the score difference is equal to
or less than 5. Results do not change. Since analyz-
ing only periods of gameplay where strategic changes
during TV timeouts are more or less likely to occur
than for the data in Table 3 does not change results,
these results suggest that strategic changes during

Fig. 6. Monte Carlo Simulation Results. Each observation in this histogram is a run of the simulation model where the momentum effect is
set to zero - that is, simulated TV timeouts have no effect on gameplay. The distribution of expected points scored following the stoppage
in play is the same whether or not there was a simulated TV timeout: this serves as a negative control, showing that the matched pairs study
design used in this paper correctly fails to observe an effect when no such effect exists.
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TV timeouts do not explain TV timeouts’ effect on
momentum.

As a further robustness check, Appendix D uses
different timeframes for tallying the post-treatment
points scored by the momentumed team. We calculate
the number of points scored after a given play in the
next 60 seconds, 70 seconds, 80 seconds, and so on,
all the way to four minutes. Using these new calcula-
tions in place of points scored in the subsequent three
minutes as the dependent variable yields substantially
similar results: the significant and negative relation-
ship persists across the different dependent variables.
However, the point estimate of the coefficient steadily
decreases as more post-treatment time is included:
the momentum dampening effect of TV timeouts
decreases as gameplay progresses after them. Simi-
larly, while there is a significant relationship between
a TV timeout and points scored by the team with
momentum in the next three minutes, there is no
significant relationship between the TV timeout and
points scored between the next three and four min-
utes. This result makes sense because as gameplay
moves further from the TV timeout, other events
occur that affect points scored, weakening the treat-
ment effect.

As a final robustness check, we replace runs inter-
rupted by TV timeouts with those interrupted by
coaches’ timeouts. Results from this analysis are
largely similar, though the effect size of coaches’
timeouts is slightly larger on average. Since coaches’
timeouts during runs should be more likely to have
strategic changes than TV timeouts during runs,
this result suggests TV timeouts contain both ele-
ments of momentum stoppage and strategic changes.
Similarly, we rerun the analysis by matching runs
interrupted by any timeout with uninterrupted runs.
In that regression analysis, we then add indicator vari-
ables for both coaches’ and TV timeouts, allowing
for the direct comparison of the two variables’ coef-
ficients. The difference was not significant. Appendix
E shows both these results.

5.3. Limitations

A potential limitation of this paper is that TV time-
outs may not be exogenous to gameplay change. Put
differently, it could be the case that the observed effect
of TV timeouts is not a result of stopping momen-
tum, but rather is a result of strategic changes made
by either team. If this is the case, then the omis-
sion of covariates such as strategic changes other than
the number of substitutions could affect the results.

For example, a coach could change strategy during a
TV timeout without substituting players by altering
how their team plays, such as by changing defensive
assignments or pick and roll assignments; impas-
sioned speeches could also boost player energy and
increase offensive production.

Future research could measure non-substitution
strategic changes with notational analysis data. Nota-
tional analysis data such as defensive assignments or
player speed would allow for testing of these other
changes, but we did not pursue it for several rea-
sons. First, we suspect that such changes do not affect
this paper’s results because it is unlikely they would
have stronger effects during TV timeouts (the treat-
ment group) than during other stoppages of play (the
control group). This suspicion is because the substi-
tution effect disappears when analyzing longer runs
while the TV timeout effect remains, so any effects
uncovered with notational analysis are also unlikely
to nullify that of TV timeouts. Second, matching on
additional covariates will produce an even smaller
sample than the current sample sizes of 5,148, 576,
and 48 shown in Table 3, sharply reducing the abil-
ity to make any statistical inference. Third and most
importantly, we are aware of no readily available
source of notational data. Using notational data as
a proxy for strategic change therefore remains open
for future work.

Finally, several tests described in Section 5.2
constitute attempts to confirm that results are not
due to strategic changes made during TV timeouts.
Appendix C shows that situations in which strategic
shifts are more or less likely to have an effect do not
have different results than Table 3. Appendix E shows
that using coaches’ timeouts, which are more likely
to have strategic changes than TV timeouts, does not
change results. While strategic changes probably do
occur during TV timeouts, thorough analysis of the
available data suggests they do not explain the results.

6. Conclusion

This paper brings a novel approach—causal infer-
ence techniques and the exogenous treatment of TV
timeouts—to one of the most prominent and contro-
versial topics in sports analytics. Doing so finds that
TV timeouts cause the momentumed team to score
0.56 fewer points, a decrease of 11.2%, in the next
three minutes of game play. This finding provides evi-
dence that team-level, in-game momentum exists and
can be reduced by interruptions to the flow of play.
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Various robustness checks eliminate plausible
alternative explanations for the main effect. The
main regression results demonstrate that the observed
momentum effect is not the result of mean rever-
sion, and the Monte Carlo simulation serves as a
negative control which demonstrates that the effect
is not a spurious artifact of selecting runs. The results
hold when varying the lengths of the preceding run,
varying the outcome timeframe, and using a nega-
tive binomial model instead of Poisson. Additionally,
coaches’ strategy changes do not explain the momen-
tum effect: the effect of number of substitutions by the
opposing team is small, and the same main effect is
still seen when subsetting only on TV timeouts with-
out substitutions, subsetting only on those that occur
earlier in the game (i.e. excluding garbage time), and
subsetting on those that occur outside of crunch time.

These results challenge the conclusion of
Morgulev, Azar, and Bar-Eli (2019) and of Schilling
(2019) by demonstrating that team-level momentum
can exist within basketball games. By using causal
inference with the treatment of TV timeouts, an effect
is identified that may have been drowned out by other
sources of randomness in these and other studies that
looked for momentum via serial correlations or length
of runs.

If coaches can affect momentum by calling time-
outs, then they should be more liberal with their
use of them, particularly if the motivation is to halt
momentum of opposing teams. Even a single unused
timeout adds points, on average, to the opponents’
score. It may not be possible to directly attribute a
win to the usage of timeouts, but over the course of
a season there will be enough close games that the
momentum-reducing effect of timeouts may directly
affect a team’s record. Another implication is that
coaches of the momentumed team should not sub-
stitute players during a TV timeout since doing so
causes a greater decrease in subsequent points scored
than the timeout or opponent’s substitutions.

Since momentum is debated across sports, this
study has implications beyond the realm of bas-
ketball. Within-game momentum in any sport, a
phenomenon for which evidence has previously been
thin, should be explored. Skeptics of analytics claim
that the discipline cannot prove outcomes that seem
intuitively true about basketball, such as the existence
of momentum. The original hot hand research met
with skepticism from coaches (Kahneman, 2011),
and decisions based on analytics are often criticized
if they contradict widespread beliefs (Burke, 2019;
Lewis, 2004; Lindbergh, 2013). This paper aligns

analytically derived insight with many traditionally
skeptical of those insights.

Much of the discipline’s approach has been corre-
lational or predictive. But many questions regarding
strategy are fundamentally causal in nature, such as
the effect of a timeout on an NFL kicker’s chance of
making a field goal or the effect of relieving a start-
ing pitcher after a given pitch count has been reached.
We hope that this type of approach will open up new
avenues of research for sports analytics.
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