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A B S T R A C T

Educational outcomes have many determinants, but one that most young people can readily control is choosing
whether to work while in school. Sixty-nine studies have estimated the effect, but results vary from large
negative to positive estimates. We show that the results are systematically driven by context, publication bias,
and treatment of endogeneity. Studies neglecting endogeneity suffer from an upward bias, which is almost
fully compensated by publication selection in favor of negative estimates. Overall the literature suggests a
negative but economically inconsequential mean effect. The effect is more substantive for decisions to drop
out. To derive these results we collect 861 previously reported estimates together with 32 variables reflecting
estimation context, use recently developed techniques to correct for publication bias, and employ Bayesian
model averaging to assign a pattern to the heterogeneity in the literature.
1. Introduction

The fact that many young people work while in school (45% of
American students in college and 19% in high school as of 2019, BLS
2020) prompts us to consider two important aspects of education.
First, some students are financially constrained and therefore forced
to work while in school, possibly to the detriment of their grades.
Second, students may believe that working provides important skills
and experience that classroom learning cannot, and are willing to
make a tradeoff between the two. The resulting correlation between
educational outcomes, broadly defined, and working while in school
can go in either direction. What is the causal relationship? We try to
provide an answer for different contexts by collecting existing empirical
estimates and conducting a large meta-analysis.

Fig. 1 shows the main motivation for our paper. Sixty-nine studies
have attempted to estimate the effect in question, and collectively they
have produced 861 estimates. We recompute these estimates into a
comparable metric (partial correlation coefficient) and observe that the
results differ greatly across but also within studies: some studies report
exclusively negative estimates, a few studies report exclusively positive
ones, but most studies report both. In this paper we provide the first
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quantitative synthesis of this literature, which allows us to isolate the
impact of endogeneity and publication biases and to assign a pattern
to the heterogeneity apparent in Fig. 1.

The current state of knowledge regarding the effect of student em-
ployment on educational outcomes is best summarized in the excellent
narrative survey by Neyt et al. (2019). They discuss in detail the under-
lying theories, estimation methods, and the results of individual studies.
Their main conclusions include the following: (i) high intensity work
has negative effects on educational outcomes, especially the dropout
rate, (ii) the effect is stronger for tertiary than secondary education,
and (iii) better studies tend to find slightly less negative estimates. Our
chief contribution is that, via standardization of the reported effects
and formalization of the survey, we are able to account for potential
publication bias. While an imperfect solution, standardization enables
us to say something about the typical magnitude of the effects. We
also explicitly account for model uncertainty in the literature and
inspect how individual data and method choices, while holding others
unchanged, typically affect the results.

We find that, in most contexts, working while in school does not
affect educational outcomes much. But the effect can be substantial
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Fig. 1. Results vary both across and within studies.
Notes: The figure shows a box plot of partial correlation coefficients (computed from reported coefficients for comparability) reflecting the estimated relationship between student
employment and educational outcomes. The estimates are further divided according to their treatment of endogeneity (panel a) and education level (panel b). We say that an
estimate accounts for endogeneity if it is obtained using (i) instrumental variables, (ii) difference-in-differences, (iii) ordinary least squares with explicit control for student ability,
(iv) matching with explicit control for student ability, or (v) student fixed effects. The studies are sorted from the most negative to the most positive mean estimate. The length
of each box represents the interquartile range (P25-P75), and the line inside the box represents the median. The whiskers represent the smallest and largest estimates within 1.5
times the range between the upper and lower quartiles. Circles denote outliers; the vertical line denotes zero. For ease of exposition, extreme outliers are excluded from the figure
but included in all statistical tests. For the same reason the estimates from the 4 studies with the largest negative results are not fully shown in the figure but their range is
indicated numerically. Figure B1 in the Appendix shows the box plot sorted by data year and also displays the number of estimates taken from each study.
for high-intensity employment and decisions whether to continue with
schooling. Germany is the only country for which the research liter-
ature shows that student employment improves educational outcomes
on average (although the confidence interval is wide). Though for com-
parability with the rest of the sample we do not consider estimates that
address apprenticeships in German Berufsschulen (vocational schools),
the long German tradition of effectively combining work and education
translates into a corresponding synergy even at the college level (for
details on the German system, see, for example, Roezer & van de
Werfhorst, 2020). On balance, the 861 estimates reported in the 69
existing studies are consistent with the conclusion that low-intensity
student employment does not hurt education much—and, of course,
typically has positive influence on other aspects of young people’s lives.
2

For example, Le Barbanchon et al. (2023) document how working while
in school smooths students’ transition into the labor market.

We find an unusual interaction between endogeneity and publica-
tion biases, and the fundamental results described above are corrected
for both biases as well as other misspecifications. Endogeneity is key
here because mostly unobserved characteristics, especially ability, in-
fluence both educational outcomes and the decision to work while in
school: able students can combine work and study with good results,
displaying both more hours worked and better educational outcomes.
If a researcher ignores ability, she wrongly concludes that student
employment improves education. But it is also plausible that in some
cases the endogeneity bias is negative: for example, students from
disadvantaged families can be forced to work in order to sustain their
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studies, while also showing a propensity for weaker educational out-
comes whether or not they work. Researchers have tackled the problem
by employing quasi-experimental techniques (instrumental variables,
difference-in-differences) or by using a proxy for ability (such as IQ)
together with variables reflecting family background (parental educa-
tion, family affluence). About a half of the estimates are computed
while neglecting endogeneity, which makes them obviously suspicious.
Instead of omitting these estimates, we use them to identify the mean
endogeneity bias in the literature. The bias is positive, suggesting
positive selection to employment.

The second source of bias in the literature is publication selec-
tion (Stanley, 2001),1 which can, in the absence of pre-registered
replications, only be addressed by meta-analysis. Researchers write
their papers with the intention to publish, and some may consider nega-
tive estimates more intuitive and thus publishable compared to positive
estimates, especially when the estimates are statistically significant.
Publication selection bias does not imply cheating. An unintuitive result
may indicate an issue with the data or the model, and the researcher
can often improve the results by running a different specification. The
problem is that unintuitive (positive or insignificant) results are easy
to spot, while large negative estimates, which might also be due to
issues with data or methods, are hard to identify. The asymmetry
in the selection rule causes a bias away from zero in most fields
of economics (Ioannidis et al., 2017); the bias is natural, inevitable,
and it is thus the task of those who take stock of the literature to
identify and correct for the bias. We find that the estimates tackling
endogeneity, being almost always slightly negative, are typically free
from the bias—a rare finding in economics. In contrast, estimates that
ignore endogeneity are plagued by publication bias, because in the
absence of publication selection they gravitate towards positive and
thus less intuitive results.

In the second part of the paper we investigate the sources of hetero-
geneity in the literature beyond publication and endogeneity biases.
We collect 32 aspects that reflect the context in which the estimate
was obtained: characteristics of the data (e.g., definition of variables),
structural variation (e.g., gender, race, country), estimation method
(e.g., matching, instrumental variables), and publication characteristics
(e.g., study citations). Regressing these 32 variables on the collected
estimates of the effect of student employment on educational outcomes
has two problems. First, model uncertainty: we do not know ex ante
which of the variables truly matter. Including all variables in an OLS
regression would greatly increase the standard error even for the most
important variables. As a solution we choose Bayesian model averag-
ing (for details, see, for example Eicher et al., 2011), which is the
natural response to model uncertainty in the Bayesian setting (Steel,
2020). Bayesian model averaging runs many regressions with different
combinations of the 32 explanatory variables and weights them ac-
cording to model fit and parsimony. Second, collinearity: interpretation
of individual marginal effects is difficult. We use the dilution prior
by George (2010), which partly addresses the issue.

The model averaging analysis confirms the importance of endogene-
ity and publication biases even after controlling for additional aspects
of study design. Studies that neglect endogeneity tend to report more
positive estimates, while studies that employ instrumental variables,
difference-in-differences, or studies that include a proxy for ability,
tend to report more negative estimates. Publication bias affects studies
that neglect endogeneity, while studies that control for endogeneity
appear to be mostly free of the bias. Other study characteristics that
systematically affect the reported effects of student employment on ed-
ucation are the measurement of educational outcomes (average grades
vs. decisions to drop out), structure of the data (panel vs. cross-section),

1 For recent papers on publication selection bias in economics see Brodeur
t al. (2020, 2016), Bruns and Ioannidis (2016), Havranek (2015), and Imai
t al. (2021).
3
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employment intensity (high vs. low), country (Germany vs. others), and
the use of other control variables in observational studies (motivation,
ethnicity). As the bottom line of our analysis, we create a hypothetical
study that is a weighted average over all the estimates in our dataset but
uses Bayesian model averaging to give more weight to studies that are
more credible—so that, for example, little weight is placed on imprecise
studies ignoring endogeneity, more weight is placed on highly-cited
studies published in top journals, etc. We construct the hypothetical
study for several scenarios reflecting different context.

2. Data

In this section we describe how we collect data for the meta-
analysis. The description requires a brief discussion of how researchers
typically measure the effect of student employment on education. More
details on measurement follow in Section 4, and an in-depth discussion,
which we do not replicate in this paper, is available in Neyt et al.
(2019). Put simply, the estimates that we collect stem from models that
can be reduced into the following regression:

𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝑗𝑡 = 𝛽0 + 𝛽1𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑗𝑡 + 𝛽2𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑗𝑡 + 𝜖𝑗𝑡, (1)

here 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝑜𝑢𝑡𝑐𝑜𝑚𝑒𝑗𝑡 denotes education of student 𝑗 in time
, 𝐸𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑗𝑡 denotes the student’s employment, 𝜖𝑗𝑡 is the error
erm, and vector of 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑗𝑡 denotes the set of variables controlling
or preexisting heterogeneity. The vector contains characteristics of
ndividuals (such as age, race, religious affiliation, past performance,
nd motivation), family background (such as parents’ marital status,
ducational attainment, number of siblings, and family income), or
he specifics of the schooling institution (class size, public vs. private
chool, regional unemployment). The coefficient of main interest is 𝛽1,
hich is what we collect from the studies—together with the standard
rror and 31 other variables that reflect the context in which the
oefficient was produced.

Educational outcomes can be measured in a variety of ways. Some
esearchers define educational outcomes in terms of study habits,
hich refer to measures such as class attendance or time spent study-

ng (Marsh & Kleitman, 2005; Schoenhals et al., 1998). Some define
hem as choices made during the course of studies, for example whether
o continue with further education (Steel, 1991). A natural measure of
ducational outcomes is a test result, and this definition is also the one
ost commonly used in the literature (DeSimone, 2008; Dustmann &

an Soest, 2007). Other researchers focus on educational attainment,
hich comprises students’ probable and actual achievements (Beffy
t al., 2013; Dadgar, 2012).

Measuring student employment is only slightly easier. Most studies
stimate 𝛽1 in terms of the effect of employment intensity on education,
hile the rest estimate 𝛽1 in terms of the effect of employment status on

ducation. Researchers using employment status as the response vari-
ble simply distinguish between working and non-working students,
efining student employment as a dummy variable (see, for example
cKenzie & Schweitzer, 2001; McNeal, 1997). In contrast, researchers

sing employment intensity define the variable either as a continu-
us (average hours worked per week, such as in Kalenkoski & Pabilonia,
010) or a categorical variable (defining several categories of work
ntensity, such as in Torres et al., 2010; Tyler, 2003). The coefficient
1 thus has different interpretation depending on study design. Even
arly researchers in this field admit that ‘‘the range of findings may be
n artifact of the different operationalizations’’ (McNeal, 1997, p. 208).

Narrative surveys of this literature date back to Newman (1942),
nd all struggle with the differences in the definitions of both variables
nd, fundamentally, with results as shown in Figure B1 in the Intro-
uction. As Riggert et al. (2006, p. 85) put it: ‘‘A critical reading of the
mpirical literature on student employment could legitimately lead different
eaders to different conclusions’’. One solution is to review the literature
arrowly, focusing only on one definition of the effect (for example,

ow much an additional hour of work per week changes the grade point
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average). Such a restrictive approach would, however, eliminate most
of the results reported in the literature. While we use the restrictive
approach as a robustness check, for the main analysis we convert all
estimates to a comparable metric, partial correlation coefficient (PCC):

𝑃𝐶𝐶(𝛽1)𝑖𝑠 =
𝑇 (𝛽1)𝑖𝑠

√

𝑇 (𝛽1)2𝑖𝑠 +𝐷𝐹 (𝛽1)𝑖𝑠
, (2)

where 𝑃𝐶𝐶(𝛽1)𝑖𝑠 represents the partial correlation coefficient of 𝑖th es-
timate reported in study 𝑠, 𝑇 (𝛽1)𝑖𝑠 denotes the corresponding t-statistic,
and 𝐷𝐹 (𝛽1)𝑖𝑠 represents the number of degrees of freedom relevant to
𝛽1 from (1). More details are available in the Appendix in Section B.2.

To search for studies reporting the effect of student employment
on educational outcomes (we will call them primary studies), we use
Google Scholar and the following query: ‘‘student’’ AND (‘‘work’’ OR
‘‘employment’’) AND ‘‘education’’; for details, see Figure A1. We ex-
amine the abstract of the first 500 studies returned by the query. If the
abstract indicates any possibility that the study might contain empirical
estimates that we can use, we download the study and inspect it in
detail. We follow the guidelines of Havranek et al. (2020) and Irsova
et al. (2024) for collecting data in meta-analysis.

We use three inclusion criteria. First, not to introduce additional
heterogeneity into our sample, we exclude two broad definitions of
educational outcomes: time spent on study habits and time to obtain a
degree. Measures of study habits (such as time spent doing homework
or time spent preparing for class, see Manthei & Gilmore, 2005; Marsh
& Kleitman, 2005; Schoenhals et al., 1998) represent in our view
a process leading to an educational outcome rather than the edu-
cational outcome itself. Moreover, these measures are almost always
self-reported and, as Applegate and Daly (2006) document, subject to
individual over- or under-estimation and hence strong measurement
error. Measures of time to obtain a degree (as in Theune, 2015) are
affected by trends in study patterns, mostly by the habit of taking gap
years or prolonging studies in order to exploit the tax benefits of the
student status. Though it is difficult to draw lines, the line has to be
drawn somewhere, and we do not consider studies employing the two
definitions mentioned above quantitatively comparable with the rest of
the literature.

Second, again for the sake of comparability we exclude three def-
initions of student employment. We do not use studies focusing on
student employment in the primary school setting (as in Post & Pong,
2000) since in this context student work is illegal, rare, and mostly
limited to a few specific developing countries. Similarly, we discard
studies examining the impact of ‘‘sandwich work’’ placement (a year-
long integrated period of work experience in students’ study program)
because such programs are specifically designed to be part of the cur-
riculum with the aim to enhance student academic performance (Jones
et al., 2017; Scott-Clayton & Minaya, 2016). Finally, we exclude studies
investigating the relationship between summer employment and edu-
cational outcomes (Leos-Urbel, 2014, for example) and strictly adhere
to research papers focusing on work during school terms.

Third, to be included in the meta-analysis the study must report the
standard error or another measure from which the standard error can
be reconstructed. We thus exclude several studies that do not report
any measure of uncertainty or report only the number of asterisks to
represent significance (as in Marsh & Kleitman, 2005; McCoy & Smyth,
2007; Wang et al., 2010, among others). Following Stanley (2001),
no study is disqualified on the basis of publication form. Therefore,
aside from peer-reviewed journal articles we use working papers, book
chapters, and dissertations and control for study quality later in the
analysis. The final sample includes 861 estimates collected from 69
studies listed in Table 1.

The mean partial correlation coefficient is −0.017, while the median
is −0.006. To put these numbers into perspective, consider Doucouliagos
(2011), who collects 22,000 partial correlation coefficients produced
in economics and creates guidelines for what can be considered zero,
4

Fig. 2. Most common in the literature are zero estimates.
Notes: The figure shows the distribution of the partial correlation coefficients reflecting
the estimated relationship between student employment and academic achievement.
The vertical line represents zero. For ease of exposition, extreme outliers are excluded
from the figure but included in all statistical tests.

Fig. 3. Estimates vary within and across countries.
Notes: The figure shows a box plot of partial correlation coefficients reflecting the
estimated relationship between student employment and academic achievement as
reported for different countries. The vertical line denotes zero. For ease of exposition,
extreme outliers are excluded from the figure but included in all statistical tests.

small, moderate, and large effects. The boundary between zero and
small effects is 0.07, so the bulk of the literature is consistent with
the notion that working while in school has no material effect on
educational outcomes. Estimates very close to zero are generally most
common in the literature, which is apparent from the histogram in
Fig. 2. In the absence of publication bias, small-sample bias, and het-
erogeneity, we would expect the observed distribution of the estimates
to be symmetrical. The histogram shows only a slight asymmetry, and
45% of the estimates have the less intuitive positive sign, which is
unusual in economics.

Next, Fig. 3 documents the cross-country variation in our dataset.
Two patterns stand out. First, only for one country the average estimate
is positive: Germany. While for comparability we exclude estimates
derived for German vocational schools (where combination of work
and study is the central educational principle), these results suggest the
German system is efficient in combining work and study even for other
types of schools. Second, the only countries for which the mean partial
correlation coefficient is smaller than −0.1 are France and Belgium.
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Table 1
The studies included in the meta-analysis.

Apel et al. (2008) Gleason (1993) Rochford et al. (2009)
Applegate and Daly (2006) Hawkins et al. (2005) Rothstein (2007)
Arano and Parker (2008) Holford (2020) Sabia (2009)
Auers et al. (2007) Hovdhaugen (2015) Salamonson and Andrew (2006)
Baert et al. (2017) Hwang (2013) Savoca (2016)
Baert et al. (2018) Jaquess (1984) Simon et al. (2017)
Beerkens et al. (2011) Joensen (2009) Singh et al. (2007)
Beffy et al. (2013) Jones and Sloane (2005) Sprietsma (2015)
Body et al. (2014) Kalenkoski and Pabilonia (2010) Staff and Mortimer (2007)
Bozick (2007) Kohen et al. (1978) Staff et al. (2010)
Buscha et al. (2012) Kouliavtsev (2013) Steel (1991)
Callender (2008) Lee and Orazem (2010) Steinberg et al. (1982)
Canabal (1998) Lee and Staff (2007) Stinebrickner and Stinebrickner (2003)
Carr et al. (1996) Maloney and Parau (2004) Tienda and Ahituv (1996)
Choi (2018) McKechnie et al. (2005) Torres et al. (2010)
Dadgar (2012) McKenzie and Schweitzer (2001) Trockel et al. (2000)
D’Amico (1984) McNeal (1997) Tyler (2003)
Darolia (2014) McVicar and McKee (2002) Warren and Cataldi (2006)
DeSimone (2006) Montmarquette et al. (2007) Warren and Lee (2003)
DeSimone (2008) Oettinger (1999) Warren et al. (2000)
Dustmann and van Soest (2007) Parent (2006) Wenz and Yu (2010)
Eckstein and Wolpin (1999) Paul (1982) Yanbarisova (2015)
Ehrenberg and Sherman (1987) Richardson et al. (2013) Zhang and Johnston (2010)

Notes: The dataset, together with R and Stata codes, is available at meta-analysis.cz/students.
While the simple mean is only indicative, it is true that the educational
system in both countries shares many common features and differs from
the German model in terms of the traditional interaction of study and
work (see, for example, Roezer & van de Werfhorst, 2020, for details).
While most of our estimates cover the US, excluding the US evidence
would not change our main conclusions (Table B3 in the Appendix).

Fig. 4 shows six aspects of heterogeneity that are frequently dis-
cussed in the primary studies: the dimension of data, measure of
educational outcome, employment intensity, educational level, con-
trol for endogeneity, and differences between the United States and
other countries. In panel (a), we see that the distribution of estimates
stemming from cross-sectional models is close to uniform, while the
distribution of time series or panel estimates is closer to normal and
much less likely to deliver estimates below −0.1. Panel (b) shows
that estimates tend to be more negative if outcomes are measured as
choices or attainment as opposed to test scores. From panel (c) it is
apparent that high-intensity employment, compared to low-intensity
employment, is more detrimental to educational outcomes. Panel (d)
suggests that while estimates for secondary education are concentrated
close to 0, estimates for tertiary education are much more dispersed.
From panel (e) we see that most positive estimates are derived from
techniques that neglect endogeneity. Panel (f) shows little evidence that
estimates for the United States differ from those for other countries,
with the exception of Germany; the figure also shows that the number
of estimates for Germany is limited.

3. Endogeneity and publication biases

Two main factors drive a wedge between the distribution of the
underlying effects of student employment on education and the dis-
tribution of the reported estimates. First, endogeneity bias: in the
absence of arguably exogenous variation in hours worked, a simple
OLS regression does not suffice to reliably identify the causal effect.
Because different studies, and indeed different estimates within the
studies, use different approaches to handle endogeneity, some estimates
will be more reliable than others. The direction of the resulting bias
in the mean reported estimate is unclear. Second, publication bias:
estimates with an intuitive sign, especially if statistically significant
at standard thresholds, are more likely to be selected for publication.
Such a selection typically biases the mean reported effect away from
zero. In this section we discuss and examine both factors, starting with
5

endogeneity.
3.1. Endogeneity

Randomized controlled experiments are unfortunately infeasible in
this literature. An experiment on the employment–education nexus can
be designed in principle, but it would be very costly and difficult to
ensure proper randomization. We are not aware of any true experiment
on this question. In the absence of randomized controlled experiments,
researchers have used several strategies to combat the endogeneity
problem. In this section we mostly rely on a simple binary classification
whether endogeneity is reasonably accounted for in the primary study.
In the next section, where we address heterogeneity, we will investigate
in more detail the differences between the individual strategies.

The most intuitive source of endogeneity is positive selection: stu-
dents of higher ability can achieve good study outcomes while, at
the same time, managing to work. (See also the main theories on
the employment–education nexus described in the Appendix, Section
B.1.) On the other hand, one can also imagine the opposite scenario
of a negative selection, in which work is more attractive to students
for whom studies are not so important and who would display poor
results anyway. A related source of endogeneity is reverse causality:
students with good grades can perhaps afford to work more while not
compromising their academic record. On the other hand, students with
poor grades may feel discouraged at school, which could make them
more likely to seek employment. The final source of endogeneity is
measurement error: data on student employment typically come from
surveys. If the measurement error is classical, the reported estimates
will be biased towards zero. The first two sources of endogeneity, in
contrast, can plausibly (but not inevitably) lead to a bias towards more
positive estimates.

The attenuation bias stemming from the measurement error has
rarely been mentioned in the literature on the employment–education
nexus, and we are not aware of any study that would attempt to
tackle it explicitly. Implicitly, the problem can be solved using in-
strumental variables if the instruments are measured with an error
unrelated to that of the original employment variable. The IV approach,
if properly executed, also tackles the remaining two sources of endo-
geneity. Another quasi-experimental technique used in the literature is
the difference-in-differences approach, which requires reasonably long
panel data. Some researchers have access to data directly relevant to the
key variable, student ability, and can therefore use OLS or matching
techniques with some confidence. Other studies do not have explicit

data on ability but have at least two observations for each student,

http://meta-analysis.cz/students
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Fig. 4. Selected patterns in the data.
Notes: The figure depicts, for different subsets of data, histograms of partial correlation coefficients reflecting the estimated relationship between student employment and academic
achievement.
which enables them to include student fixed effects, thus eliminating
the need for collecting invariable student-specific characteristics.

When classifying whether a study reasonably controls for endogene-
ity, we do not use the standard distinction between quasi-experimental
methods and selection on observables. The reason is that, as hinted at
in the previous paragraph, some observational studies are capable of
adequately addressing at least two of the three sources of endogeneity.
6

To be able to draw a line somewhere, we say that an estimate ac-
counts for endogeneity if the estimate is obtained using (i) instrumental
variables, (ii) difference-in-differences, (iii) ordinary least squares with
explicit control for student ability, (iv) matching with explicit control
for student ability, or (v) student fixed effects. About half of the
estimates conform to this definition of endogeneity control. In the next
paragraphs we discuss the context of the individual strategies.
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Regarding the omitted variable bias, students’ labor supply deci-
sions are determined by both observable (e.g., family background, gen-
der, ethnicity, etc.) and mostly unobservable characteristics (e.g., abil-
ity, motivation, work ethic, time preference, social and peer net-
works, etc.) that simultaneously influence students’ academic perfor-
mance (Beffy et al., 2013). These characteristics may systematically
differ between students who participate in the labor market and stu-
dents who do not (Rothstein, 2007). When estimating model (1) with
ordinary least squares (OLS) without relevant controls, the estimate of
𝛽1 is inconsistent. The OLS estimate of 𝛽1 can be, nevertheless, biased
both positively (upward) or negatively (downward). For example, if
ability plays the dominant role, OLS estimates will be biased upwards
because more able students will work more and also show better
results at school. But if family background is important, students from
disadvantaged families may be forced to work in order to sustain their
studies, while simultaneously show worse study results compared to
students from richer families.

Regarding reverse causality, both student employment and edu-
cational outcomes can be jointly determined (DeSimone, 2006). This
occurs when the estimated effect of student work on academic per-
formance partly reflects a causal impact of academic performance
on student work. The bias usually permeates cross-sectional studies
where researchers do not distinguish between time periods at which
the student employment and academic achievement are measured. A
number of estimates in our sample is produced without accounting
for these sources of endogeneity. They include the results from early
studies (utilizing OLS without controls and other elementary estimation
methods) that treat student employment as exogenous (Ruhm, 1997)
but they also include robustness checks where researchers intentionally
show what happens when endogeneity is not accounted for. In any case,
if a certain estimation method fails to appropriately control for the
pre-existing heterogeneity between students, we cannot conclude that
the estimated effect of student employment on educational outcomes is
directly attributable to students’ employment.

We codify, and examine in detail in the next section, five dummy
variables that reflect estimation methods relevant to endogeneity treat-
ment: OLS method which encompasses not only simple ordinary least
squares but also other elementary techniques such as linear probability
models, Matching method representing the propensity score match-
ing approach, DID method that stands for the difference-in-differences
approach, IV method that includes not only instrumental variable ap-
proaches but also the simultaneous modeling approach. Considering
the varying underlying assumptions of these techniques and the degree
to which these estimation methods account for students’ unobservable
differences, we expect estimation approaches to affect the reported
estimates.

Some studies address endogeneity using the propensity score match-
ing (3% of the dataset) that accounts for observable heterogeneity
between working and non-working students (Choi, 2018). The propen-
sity score matching technique pairs working and non-working students
based on their similarity in various observable socio-psychological
and demographic characteristics composing together the propensity
score (Lee & Staff, 2007). Consequently, the effect of student em-
ployment on educational outcomes is compared between the matched
students. Difference-in-differences (DID method) try to mimic experi-
mental research design while using observational data (Buscha et al.,
2012). Combined with the matching model, it can address selection
on both observables and unobservables associated with work decisions
without the need for instrumental variable and thus serve as a useful
tool to obtain the causal effect.

Another approach to obtaining a consistent estimate is the instru-
mental variable procedure. Many researchers rely on the availabil-
ity of local labor market conditions, e.g. youth unemployment rate,
as the instrumental variable (see Beffy et al., 2013; Holford, 2020;
Lee & Orazem, 2010; Rothstein, 2007). Other studies use child labor
7

laws (Apel et al., 2008; Tyler, 2003), the proportion of unearned
income (DeSimone, 2006), paternal schooling (DeSimone, 2008), socio-
economic status of the family (Simon et al., 2017), amount of financial
aid students obtain (Sprietsma, 2015), or the variation in area house
prices (Darolia, 2014) as their instrumental variables. Another method
addressing the endogeneity bias is the dynamic discrete approach ex-
plicitly modeling students’ decision-making process to work (Eckstein
& Wolpin, 1999; Montmarquette et al., 2007). Given the small number
of observations using this method (6), we incorporate the technique in
the IV method dummy. The dynamic discrete approach estimates the
likelihood function of participating in the labor market exploiting the
finite number of discrete types of students who differ in unobservable
characteristics (Eckstein & Wolpin, 1999).

The remaining set of techniques include panel methods. One solu-
tion allowing researchers to control for unobserved differences between
working and non-working students entails the addition of individual
unobserved fixed-effects into (1). By subtracting the individual-specific
means from the variable values at each time period, the fixed-effects
model allows researchers to control for the time-invariant student-
level unobserved characteristics (Darolia, 2014). However, as noted
by Apel et al. (2008), the fixed-effects model yields unbiased and
consistent estimates only under the assumption that unobserved student
characteristics determining student work habits and academic perfor-
mance are constant over time. As explained by Oettinger (1999), this
assumption is questionable as students’ motivation is likely to fluctuate
over time. Typically, students pursuing enrollment at tertiary education
institutions increase their academic effort before their high school
leaving exams in order to enhance their chances of being accepted to
their top-choice universities.

An important aspect of estimation is the potential control for in-
dividual characteristics in OLS models. One such characteristic is stu-
dents’ intrinsic motivation. Richardson et al. (2013) demonstrate that
employment is less likely to hamper academic performance if students
work because they want to than because they have to. Another im-
portant factor researchers control for (if possible) is students’ cognitive
ability (Arano & Parker, 2008; McNeal, 1997; Staff & Mortimer, 2007).
We consider this variable to be the strongest form of endogeneity
control among the covariates commonly employed by researchers. For
example, Oettinger (1999) finds that more able students systematically
select different employment schedules than less able students.

Students’ educational outcomes could also be influenced by the
economic situation of their parents, and we include a dummy reflecting
control for parental education. Carneiro and Heckman (2003) sug-
gest that student educational choices are better explained by family
permanent features, such as parents’ education levels which directly
contribute to family permanent income. Apart from that, students grow-
ing up in families with higher education levels are likely to perform
better academically as education is more valued in such families (Arano
& Parker, 2008). In addition to parental education, we include dummy
variables for studies controlling for standard demographic characteris-
tics such as students’ ethnicity and age. Empirically, these factors have
been shown to have a substantial impact on the link between student
work and academic performance. For instance, Oettinger (1999) finds
a negative effect of student employment on their GPA only for students
from ethnic minorities. Kohen et al. (1978) argue that the negative
association is less pronounced for older students who tend to be more
mature and committed to their educational and occupational goals.

3.2. Publication bias

The second main problem in interpreting the literature is publi-
cation bias, the tendency to report estimates that are easier to pub-
lish. Ioannidis et al. (2017) suggest that the mean estimate reported in
economics is exaggerated twofold because of the bias. In this section
we examine the interaction between the publication and endogeneity
biases. We begin our investigation of publication bias by employing a

visual tool called a funnel plot (Egger et al., 1997). The funnel plot



Economics of Education Review 100 (2024) 102539K. Kroupova et al.

r

Fig. 5. Funnel plot shows little publication bias on average.
Notes: The solid vertical line represents the mean estimate, the dashed vertical line
represents the median estimate. In the absence of publication bias the scatter plot
should resemble an inverted funnel symmetrical around the mean. Outliers are excluded
from the figure but included in all statistical tests.

represents a scatter plot in which the estimate’s magnitude is depicted
on the horizontal axis against a measure of precision (the inverted
standard error) on the vertical axis. The most precise estimates should
lie close to the true mean effect in the top portion of the graph, with
variance increasing at the bottom as precision decreases. Therefore, in
the absence of publication bias, the graph should form a symmetrical
inverted funnel (Stanley, 2005). In contrast, an asymmetry of the funnel
plot indicates the presence of publication bias via preference for posi-
tive or negative estimates. (Though the asymmetry can also be caused
by small-sample bias or heterogeneity.) The funnel plot presented in
Fig. 5 roughly forms the predicted inverted funnel shape with a high
level of symmetry. Even very imprecise estimates concentrated at the
bottom of the figure are reported. Perhaps the left-hand part of the
figure is slightly heavier, but overall few funnel plots in economics
display so little asymmetry (Ioannidis et al., 2017). The visual test does
not indicate publication bias.

Funnel asymmetry can be tested formally by regressing the values
on the horizontal axis (PCCs) on the inverted vertical axis values
(standard errors) as in Astakhov et al. (2019), Card and Krueger (1995),
Havranek and Irsova (2010), Irsova and Havranek (2010), Stanley
(2008), Yang et al. (2024):

𝑃𝐶𝐶𝑖𝑠 = 𝑃𝐶𝐶0 + 𝛾𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) + 𝜖𝑖𝑠, (3)

where 𝑃𝐶𝐶𝑖𝑠 are the partial correlation coefficients, 𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) are the
corresponding standards errors, and 𝜖𝑖𝑠 represents the error term. We
interpret the constant 𝑃𝐶𝐶0 as the true effect corrected for publication
bias (that is, conditional on infinite precision) but, as we have noted,
later introduce extensions that allow for nonlinearity and endogeneity
of the standard error. Coefficient 𝛾 conveys information regarding the
existence, direction, and magnitude of publication bias: if we obtain
an estimate of 𝛾 statistically different from zero, we find evidence for
funnel asymmetry, i.e. a non-zero correlation between estimates and
their standard errors. To account for potential within-study correlation,
we cluster standard errors at the study level. Moreover, we also report
wild bootstrap confidence intervals (Roodman et al., 2019).

Table 2 reports the results for the full sample of 861 partial correla-
tion coefficients. The first column of Panel A represents the benchmark
test estimated by ordinary least squares. But the standard error on the
right-hand side of the regression can be endogenous for at least three
reasons: (i) it is itself an estimate, (ii) publication selection can work on
the standard error (for example, by choosing an alternative clustering
approach that yields smaller standard errors) instead of influencing
8
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only the point estimate, and (iii) some method choices may affect
both point estimates and standard errors (for example, the use of
instrumental variables, which is supposed to address endogeneity bias
in the point estimate, but also produces larger standard errors).2 In
response, following Irsova et al. (2023), we use the square root of the
number of observations as an instrument for the standard error. The
instrument is correlated with the standard error by definition but is not
estimated, can rarely be artificially increased by the researcher, and in
this literature it is mostly unrelated to the chosen estimation technique.
In the third column of Panel A we weight each observation by the
inverse of the number of estimates reported per study; this way we
give each study the same weight. In the last column, following Stanley
(2005), we assign more weight to more precise estimates: we weight
estimates by the inverse of standard error 1∕𝑆𝐸(𝑃𝐶𝐶𝑖𝑠), which has the
advantage of addressing the heteroscedasticity inherent to (3).

The results of Panel A in Table 2 suggest mild publication bias in
favor of negative estimates. While the bias is statistically significant,
it is practically unimportant because the corrected mean is essentially
zero, close to −0.017 prior to the correction. A similar finding emerges
from Panel B, in which we exploit the panel data nature of our dataset.
First, we use exclusively between-study variation and find evidence for
bias that is a bit stronger than what we found in Panel A. In contrast,
using within-study variation (running a model with study-level fixed
effects) gives no evidence of publication bias. It should be noted that
fixed effects are generally problematic in meta-analysis because some
studies report only a few estimates while other studies report many
of them, often as robustness checks. Identification thus rests on stud-
ies reporting many estimates, which makes little sense conceptually.
Finally, we also employ study-level random effects, which combine
within- and between-study variation. The random effects estimation
suggests mild publication bias, similarly to the results reported in Panel
A. The results for nonlinear estimators, reported in Panel C, are in line
with the previous panels and described in the Appendix (Section B.3).

3.3. Interaction of the biases

In Table 3 we run tests of publication bias separately for esti-
mates that neglect and try to account for endogeneity, respectively.
We say that the study tries to account for endogeneity if it employs
(i) instrumental variables, (ii) difference-in-differences, (iii) ordinary
least squares with explicit control for student ability (such as IQ), (iv)
matching with explicit control for student ability, or (v) student fixed
effects. We identify 425 estimates from 50 studies that conform to this
definition; in contrast, 436 estimates from 36 studies neglect endogene-
ity. The mean partial correlation coefficients, prior to correction for
potential publication bias, are similar: −0.027 for estimates controlling
for endogeneity, −0.008 for estimates ignoring endogeneity.

But Table 3 shows that correction for publication bias paints a
different story. If endogeneity is taken into account, little publication
bias follows, and the corrected mean partial correlation coefficient
is, according to most techniques, close to the uncorrected mean. For
estimates that ignore endogeneity, however, we find strong publication
bias and a positive corrected mean according to most specifications.
(For two techniques, WAAP and p-uniform*, no results are reported:
the former does not identify any study that would have sufficient
power, and the latter does not converge.) That is, the results of pri-
mary studies differ fundamentally depending on whether endogeneity
is taken into account: if not, the results tend to be positive. Because
positive estimates are less intuitive, some researchers try different
specifications until they obtain a negative coefficient. Publication bias

2 Moreover, in our case standard errors are endogenous for technical
easons due to the transformation to partial correlations; see Stanley et al.
2024a, 2024b) for details.
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Table 2
Tests suggest small publication bias overall.

Panel A: Linear techniques

OLS IV Study Precision

Standard error −0.881*** −0.914*** −1.094** −0.544*
(Publication bias) (0.312) (0.343) (0.444) (0.310)

[−1.542, −0.245] [−1.709, −0.233] [−2.413, −0.126] [−1.235, 0.161]

Constant 0.00597 0.00692 0.0136 −0.00299
(Effect beyond bias) (0.0123) (0.0126) (0.0176) (0.00673)

[−0.0211, 0.0353] [−0.0220, 0.0370] [−0.0272, 0.0533] [−0.0190, 0.0112]

Observations 861 861 861 861

Panel B: Between- and within-study variation

BE FE RE

Standard error −1.959*** 0.189 −0.405**
(Publication bias) (0.358) (0.573) (0.200)

Constant 0.0159 −0.0225 −0.0344***
(Effect beyond bias) (0.0145) (0.0152) (0.0102)

Observations 861 861 861

Panel C: Nonlinear techniques

WAAP Stem method Kinked model Selection model p-uniform*

Effect beyond bias 0.00756 0.00996 −0.0103*** −0.0130*** −0.0293*
(0.0130) (0.0265) (0.00270) (0.005) (0.0178)

Observations 861 861 861 861 861

Notes: The table reports, for linear techniques, the results of regression 𝑃𝐶𝐶𝑖𝑠 = 𝑃𝐶𝐶0 + 𝛾𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) + 𝜖𝑖𝑠 estimated for the whole sample of 861 estimates (for which the mean
estimate equals −0.017). 𝑃𝐶𝐶𝑖𝑠 denotes the partial correlation coefficient of the 𝑖th estimate from the 𝑠th study and 𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) denotes its standard error. The standard errors of
he regression parameters are clustered at the study level and shown in parentheses; 95% confidence intervals obtained using wild bootstrap are shown in brackets. Panel A: OLS

ordinary least squares, IV = the inverse of the square root of the number of observations used as an instrument for the standard error, Study = weighted by the inverse of the
umber of estimates reported per study, Precision = weighted by the inverse of the estimate’s standard error. Panel B: BE = study-level between effects, FE = study-level fixed
ffects, RE = study-level random effects. Panel C: WAAP (weighted average of adequately powered, Ioannidis et al., 2017), stem method (Furukawa, 2021), kinked model (Bom

Rachinger, 2019), selection model (Andrews & Kasy, 2019), p-uniform* (van Aert & van Assen, 2021).
** Denote statistical significance at the 1%.
* Denote statistical significance at the 5%.

Denote statistical significance at the 10% level.
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owards negative estimates follows, and the mean reported estimate is
egative even if researchers ignore endogeneity.

The standardization of the reported results to partial correlation
oefficients enables us to include all estimates in a meta-analysis but, at
he same time, complicates inference. For this reason in the Appendix
e run several robustness checks based on subsamples of data for
hich standardization is not necessary. We start with estimates that
se hours worked per week and the 4.0 GPA scale (Table B4). A
isclaimer is in order: a very small fraction of estimates can be analyzed
n this way. After correction for publication and endogeneity biases,
he median meta-analysis estimate is around −0.002, which implies a
ecrease in GPA of about 0.02 following an increase of 10 in working
ours per week; a negligible effect. The effect is substantially larger
or the dropout rate (Table B5), where the implied median coefficient
s about −0.01: a 10 percentage-point increase in dropout probability
ollowing an increase of 10 in working hours per week. Among studies
sing a binary variable for employment (Table B6), the results suggest
hat working while studying typically increases dropout probability by
bout 15 percentage points.

. Heterogeneity

In this section we examine why the estimates reported in the
iterature differ so much. In doing so, we also test the robustness of
ur results concerning publication bias, because heterogeneity may
nteract with the bias; indeed, heterogeneity can make the funnel plot
symmetrical even if the literature is free of selective reporting. In the
revious section we used several advanced techniques that in important
spects go beyond the funnel asymmetry test, but their results were
roadly consistent with the more straightforward linear approach. That
s important, because the more complex tests of publication bias cannot
e used in the Bayesian model averaging framework, which is the
orkhorse of the present section due to substantial model uncertainty,
9

hile the linear test can be easily incorporated into Bayesian model
veraging.

The section is inspired by Tyler (2003, p. 386), who notes in his
urvey of the earlier literature on the nexus between student employ-
ent and education: ‘‘Taken as a whole these studies do not offer consistent

essons about the relationship between school-year work and academic
chievement. The reasons for the inconsistencies are likely related to some
ombination of different data sets, different age students, different dependent
ariables, and different empirical methods across the studies’’. We collect
2 variables that reflect such differences. We estimate their effect on
he results reported in individual studies and, as the bottom line of our
nalysis, we present partial correlation coefficients implied for different
ontexts by best practice methodology. Our previous results regarding
ublication and endogeneity biases continue to hold.

For ease of exposition we group the variables into four blocks: data
haracteristics, structural variation, estimation methods, and publica-
ion characteristics. Table 4 introduces the definitions of the variables,
heir mean, standard deviation, and mean weighted by the inverse of
he number of estimates reported per study. The correlations between
ndividual variables are not excessive, as shown by Figure B2 in the
ppendix; also, all variance-inflation factors are below 10. But, as will
e discussed later, we still use the dilution prior for Bayesian model
veraging that takes potential collinearity into account. The variables,
ogether with the reasons for their inclusion, are described in more
etail in Section B.4 in Appendix.

Our intention is to find out which variables help explain the het-
rogeneity in the estimates reported in the literature. One solution is
o include all variables into one regression, but the problem is that
e do not know ex ante which of the 32 explanatory variables belong

o the underlying model. We believe all of them might be important
n explaining the heterogeneity, but in practice likely only a few will
rove to be, and including all into one regression would substantially
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Table 3
Publication bias plagues studies that ignore endogeneity.
[Block 1] Studies ignoring endogeneity

Panel A: Linear techniques

OLS IV Study Precision

Standard error −1.858*** −1.945*** −2.420*** −0.959**
(Publication bias) (0.457) (0.483) (0.545) (0.397)

[−3.189, −0.866] [−3.23, −0.921] [−3.83, −1.17] [−2.058, −0.24]

Constant 0.0405** 0.0425** 0.0591*** 0.0171
(Effect beyond bias) (0.0172) (0.0176) (0.0189) (0.0112)

[0.0001, 0.084] [0.002, 0.086] [0.0003, 0.105] [−0.001, 0.067]

Observations 436 436 436 436

Panel B: Between- and within-study variation

BE FE RE

Standard error −2.535*** −0.903 −1.310***
(Publication bias) (0.489) (0.794) (0.255)

Constant 0.0331 0.0156 −0.0111
(Effect beyond bias) (0.0217) (0.0207) (0.0146)

Observations 436 436 436

Panel C: Nonlinear techniques

WAAP Stem method Kinked model Selection model p-uniform*

Effect beyond bias ⋅ −0.00959** 0.00187 0.000 ⋅
(⋅) (0.00432) (0.00386) (0.00500) (⋅)

Observations 436 436 436 436 436

[Block 2] Studies trying to take endogeneity into account

Panel A: Linear techniques

OLS IV Study Precision

Standard error −0.311 −0.311 −0.244 −0.449
(Publication bias) (0.347) (0.392) (0.431) (0.387)

[−1.174, 0.710] [−1.306, 0.829] [−1.556, 0.987] [−1.3, 0.489]

Constant −0.0189** −0.0185* −0.0218 −0.0151**
(Effect beyond bias) (0.00932) (0.00984) (0.0159) (0.00751)

[−0.040, −0.0001] [−0.039, −0.0002] [−0.057, 0.011] [−0.034, 0.002]

Observations 425 425 425 425

Panel B: Between- and within-study variation

BE FE RE

Standard error −1.334*** 1.041*** 0.235
(Publication bias) (0.457) (0.373) (0.287)

Constant 0.00317 −0.0556*** −0.0431***
(Effect beyond bias) (0.0169) (0.0101) (0.0126)

Observations 425 425 425

Panel C: Nonlinear techniques

WAAP Stem method Kinked model Selection model p-uniform*

Effect beyond bias −0.0200*** 0.00996 −0.0138*** −0.0260*** −0.0319***
(0.00687) (0.0294) (0.00369) (0.008) (0.0106)

Observations 425 425 425 425 425

Notes: The table reports, for the linear techniques, the results of regression 𝑃𝐶𝐶𝑖𝑠 = 𝑃𝐶𝐶0 + 𝛾𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) + 𝜖𝑖𝑠 estimated for the sample of 436 estimates where the endogeneity
of students’ decision to work is not controlled for [Block 1] and for the sample of 425 estimates where this endogeneity is controlled for [Block 2]. 𝑃𝐶𝐶𝑖𝑠 denotes the partial
correlation coefficient of the 𝑖th estimate from the 𝑠th study, and 𝑆𝐸(𝑃𝐶𝐶𝑖𝑠) denotes its standard error. The standard errors of the regression parameters are clustered at the study
level and shown in parentheses; 95% confidence intervals from wild bootstrap clustering are shown in brackets. Panel A: OLS = ordinary least squares, IV = the inverse of the
square root of the number of observations used as an instrument for the standard error, Study = weighted by the inverse of the number of estimates reported per study, Precision
= weighted by the inverse of the estimate’s standard error. Panel B: BE = study-level between effects, FE = study-level fixed effects, RE = study-level random effects. Panel C:

AAP (weighted average of adequately powered, Ioannidis et al., 2017), stem method (Furukawa, 2021), kinked model (Bom & Rachinger, 2019), selection model (Andrews &
asy, 2019), p-uniform* (van Aert & van Assen, 2021). In Block 1, WAAP and p-uniform* do not converge.
** Denote statistical significance at the 1%.
* Denote statistical significance at the 5%.

Denote statistical significance at the 10% level.
e
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ecrease the precision of the entire estimation, complicating inference
ven for the most important variables. Thus we face substantial model
ncertainty, the natural response to which emerges in the Bayesian
etting: Bayesian model averaging (BMA, Steel, 2020). BMA has re-
ently been used in meta-analysis, for example, by Ehrenbergerova
t al. (2023), Elminejad et al. (2023), Havranek et al. (2024), Matousek
t al. (2022).
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BMA addresses model uncertainty by considering all possible mod-
ls with different choices of covariates (Raftery, 1995). In essence,
MA estimates a large amount of regressions using different subsets of
xplanatory variables. Consequently, it constructs a weighted average
f all the possible combinations of explanatory variables (Zeugner

Feldkircher, 2009) using posterior model probabilities as weights.
osterior model probabilities are proportional to the product of the
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Table 4
Description and summary statistics of regression variables.

Variable Description Mean SD WM

PCC The partial correlation coefficient corresponding to the estimated effect of student
employment on educational outcomes.

−0.017 0.066 −0.051

Standard error (SE) The standard error of the PCC. 0.027 0.017 0.034
SE * No endogeneity control An interaction between the standard error and ignoring endogeneity (proxy for

publication bias in studies that ignore endogeneity).
0.013 0.016 0.015

Data characteristics
Employment:
continuous variable

= 1 if student employment is measured by a continuous variable. 0.303 0.460 0.492

Employment:
dummy variable

= 1 if student employment is measured by a dummy variable. 0.184 0.387 0.158

Employment:
categorical variable

= 1 if student employment is measured by a categorical variable (reference category). 0.513 0.500 0.350

Educational outcome:
choices

= 1 if educational outcome is specified as educational decision (e.g. continue next
year, enroll at a college).

0.171 0.376 0.168

Educational outcome:
attainment

= 1 if educational outcome is specified as educational attainment (e.g. probability of
graduation).

0.135 0.342 0.176

Educational outcome:
test scores

= 1 if educational outcome is specified as test and exam results (reference category). 0.695 0.461 0.656

Self-reported education = 1 if educational outcome (dependent variable) is self-reported. 0.260 0.439 0.449
Longitudinal data = 1 if longitudinal data are used to estimate the effect. 0.847 0.360 0.580
Cross-sectional data = 1 if cross-sectional survey data are used to estimate the effect (reference category). 0.153 0.360 0.420
Data year The logarithm of the mean year of the data used minus the earliest average year in

our data (base = 1967).
3.283 0.516 3.336

Structural variation
Male students = 1 if the effect is estimated for male students only. 0.253 0.435 0.106
Female students = 1 if the effect is estimated for female students only. 0.258 0.438 0.083
Mixed-gender students = 1 if the effect is estimated for students of all genders (reference category). 0.489 0.500 0.810
Caucasian students = 1 if the effect is estimated for white students only. 0.038 0.192 0.045
Minority students = 1 if the effect is estimated for minority students only. 0.053 0.225 0.027
Part-time students = 1 if the effect is estimated for part-time students only. 0.038 0.192 0.009
Secondary education = 1 if the effect is estimated for students involved in secondary education. 0.721 0.449 0.464
Tertiary education = 1 if the effect is estimated for students involved in tertiary education. 0.279 0.449 0.536
Low-intensity employment = 1 if the effect is estimated for low-intensity workers (fewer than 15 h per week). 0.215 0.411 0.129
Medium-intensity
employment

= 1 if the effect is estimated for medium-intensity workers (15–30 h per week). 0.109 0.312 0.072

High-intensity employment = 1 if the effect is estimated for high-intensity workers (more than 30 h per week).
Reference category in BMA: medium-intensity employment or unknown intensity.

0.189 0.392 0.142

On-campus employment = 1 if the effect is estimated for jobs situated on the school premises. 0.020 0.139 0.043
United States = 1 if the country of analysis is the US. 0.806 0.396 0.638
Germany = 1 if the country of analysis is Germany. 0.034 0.181 0.014
Other countries = 1 if the country of analysis is not the US or Germany. 0.049 0.216 0.116

Estimation methods
OLS method = 1 if elementary approaches (OLS, logit regression, etc.) are used for estimation. 0.610 0.488 0.674
Matching method = 1 if the propensity score matching approach is used for estimation. 0.034 0.181 0.029
DID method = 1 if the difference-in-differences approach or student fixed effects are used for

estimation.
0.051 0.220 0.011

IV method = 1 if the instrumental variable approach or simultaneous equation modeling is used
for estimation.

0.160 0.367 0.179

Other methods = 1 if other methods are used for estimation (reference category). 0.145 0.352 0.107
Endogeneity control = 1 if the estimation accounts for potential endogeneity (IV approach,

difference-in-differences, ability control via OLS, matching, or fixed effects). The
variable is not included in BMA because of collinearity but its inversion ‘No
endogeneity control’ interacted with the standard error is included.

0.494 0.500 0.618

Number of variables The logarithm of the number of explanatory variables used in the model in the
primary study.

2.568 0.856 2.461

Ability control = 1 if estimation explicitly accounts for students’ ability, e.g. SAT scores, IQ, prior
education, class rank, etc.

0.366 0.482 0.555

Motivation control = 1 if estimation explicitly controls for students’ academic motivation. 0.338 0.473 0.237
Parental education control = 1 if estimation explicitly includes variable(s) reflecting parents’ educational level. 0.545 0.498 0.445
Age control = 1 if estimation explicitly controls for students’ age. 0.462 0.499 0.419
Ethnicity control = 1 if estimation explicitly includes control variables reflecting students’ ethnicity. 0.596 0.491 0.453

Publication characteristics
Impact factor The Journal Citation Reports impact factor of the journal in which the primary study

was published (collected in August 2021).
1.583 1.237 1.573

Citations The logarithm of the mean number of Google Scholar citations received per year
since the study was published (collected in August 2021).

1.695 1.006 1.552

Published study = 1 if the study was published in a peer-reviewed journal. 0.912 0.284 0.826

Notes: Collected from primary studies. SD = standard deviation, WM = mean weighted by the inverse of the number of estimates reported per study.
ntegrated likelihood of the model capturing the probability of uti-
ized data considering the model and the prior model probability.
his product is then divided by the sum of integrated likelihoods of
egression models. While the posterior model probability indicates the
11
fit the model, the prior model probability refers to researchers’ prior
beliefs regarding the probability of a model before considering the
data (Zeugner, 2011). Consequently, BMA uses the computed posterior
model probabilities to calculate the weighted posterior mean and the
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Fig. 6. Model inclusion in Bayesian model averaging.
Notes: The figure depicts the results of the benchmark BMA model reported in Table 5. We employ the unit information g-prior (the prior has the same weight as one observation
of data) recommended by Eicher et al. (2011) and the dilution prior suggested by George (2010), which accounts for collinearity. The explanatory variables are ranked according
to their posterior inclusion probabilities from the highest at the top to the lowest at the bottom. The horizontal axis shows the values of cumulative posterior model probability.
Blue color (darker in grayscale) = the estimated parameter of the corresponding explanatory variable is positive. Red color (lighter in grayscale) = the estimated parameter of the
corresponding explanatory variable is negative. No color = the corresponding explanatory variable is not included in the model. Numerical results are reported in Table 5. All
variables are described in Table 4.
weighted posterior variance (or weighted posterior standard deviation)
for each included explanatory variable. These two statistics can be
compared to the estimate of a regression coefficient and the standard
error of the estimated regression parameter in the frequentist setting.
The posterior inclusion probability (PIP) of a variable is defined as the
sum of the posterior model probabilities (PMP) of models which include
this variable. We interpret PIP as the probability that a given variable
is a useful predictor of the dependent variable. Technical details on the
estimation procedure are available in Section B.5 in Appendix.

The results of our BMA exercise are visualized in Fig. 6. The vertical
axis lists the explanatory variables in descending order from top to
bottom according to their posterior inclusion probability. Hence the
most important predictors lie on the top of the plot. The horizontal axis
depicts the individual models; the width of each column corresponds
to the posterior model probability, so the best models are on the left.
White color signifies the exclusion of the particular variable from the
model, red color (lighter in grayscale) indicates a negative coefficient
for the particular variable, and blue color (darker in grayscale) indi-
cates a positive coefficient. We identify ten variables with PIP above
0.5: publication bias interacted with endogeneity bias, employment: con-
tinuous variable, educational outcome: choices, longitudinal data, high-
intensity and low-intensity employment, Germany, and control variables
of ability, motivation, and ethnicity. When interpreting the magnitude
of PIP, researchers usually follow (Jeffreys, 1961). Jeffreys (1961)
distinguishes between weak, moderate, strong, and decisive effect if
the value of the corresponding PIP falls into the interval of 0.5–0.75,
0.75.-0.95, 0.95–0.99, and 0.99–1, respectively, and we follow the
convention.
12
We accompany the graphical output of BMA with quantitative
results reported in the left-hand part of Table 5. (In addition, Figure B6
in the Appendix shows posterior coefficient distributions for selected
variables.) The numerical results corroborate the conclusions drawn
earlier from the plot. The interpretation of posterior means from Ta-
ble 5 corresponds to the marginal effects of the characteristic on the
calculated PCC. For example, the decision to define the educational
outcome as a choice means, ceteris paribus, that the calculated PCC
is on average smaller by −0.029 compared to the educational outcome
defined as a test score (the category omitted from the regression).
Without further assumptions and computation, Table 5 does not allow
us to draw conclusions on the implied correlation for various data and
method choices. Implied correlations are computed and discussed in
Table 6.

Variables representing publication bias, education outcome defined
as a choice, longitudinal data, and German datasets have a decisive
effect on the reported partial correlation coefficient according to the
classification by Jeffreys (1961). Furthermore, the results indicate a
moderate effect for defining employment as a continuous variable;
weak effects are identified for the variables representing high-intensity
and low-intensity employment, use of OLS, and control variables for
motivation, ability, and ethnicity. In terms of the estimated magnitude
of the effects, the most important aspects of study design are the focus
on Germany, use of longitudinal data, choice of educational outcome,
and publication bias in studies that mostly ignore endogeneity. The OLS
robustness check on the right side of Table 5 and further robustness
checks in Table B7 corroborate the findings of the baseline BMA. Before
we turn to the discussion of the results for the variables in individual
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Table 5
Why estimates vary.

Response variable: Bayesian model averaging OLS
partial correlation coefficient (baseline model) (robustness check)

P. mean P. SD PIP Coef. SE p-value

Intercept −0.041 NA 1.000 −0.040 0.017 0.019
Standard error (SE) −0.069 0.171 0.167
SE * No endogeneity control −0.874 0.305 0.991 −1.009 0.280 0.000

Data characteristics
Employment: continuous variable −0.026 0.014 0.847 −0.027 0.010 0.007
Employment: dummy variable 0.006 0.010 0.275
Educational outcome: choices −0.029 0.007 0.996 −0.032 0.011 0.004
Educational outcome: attainment 0.000 0.001 0.009
Self-reported education −0.005 0.008 0.321
Longitudinal data 0.044 0.009 1.000 0.053 0.014 0.000
Data year 0.000 0.000 0.009

Structural variation
Male students 0.000 0.001 0.031
Female students 0.002 0.005 0.190
Caucasian students 0.000 0.003 0.025
Minority students 0.001 0.004 0.048
Part-time students 0.014 0.017 0.464
Secondary education 0.005 0.009 0.251
Low-intensity employment 0.016 0.013 0.696 0.016 0.009 0.076
High-intensity employment −0.015 0.012 0.666 −0.018 0.008 0.018
United States 0.010 0.011 0.482
Germany 0.067 0.015 1.000 0.056 0.011 0.000

Estimation methods
OLS method 0.015 0.012 0.676 0.026 0.007 0.000
Matching method −0.013 0.020 0.341
DID method −0.014 0.020 0.369
IV method −0.009 0.014 0.338
Number of variables 0.000 0.001 0.047
Ability control −0.014 0.012 0.653 −0.023 0.010 0.021
Motivation control 0.012 0.009 0.722 0.016 0.008 0.055
Parental education control 0.000 0.002 0.041
Age control 0.000 0.002 0.046
Ethnicity control −0.011 0.009 0.639 −0.018 0.008 0.020

Publication characteristics
Impact factor 0.000 0.001 0.064
Citations −0.001 0.002 0.124
Published study 0.001 0.005 0.050

Studies 69 69
Observations 861 861

Notes: The response variable is the estimate of the effect of student employment on educational outcomes (recomputed to the partial correlation
coefficient). SE = standard error, P. mean = posterior mean, P. SD = posterior standard deviation, PIP = posterior inclusion probability. In the
left-hand part of the table we employ Bayesian model averaging (BMA) using the unit information g-prior recommended by Eicher et al. (2011)
and the dilution prior suggested by George (2010). The specification in the right-hand part of the table employs ordinary least squares (OLS)
using variables with at least 50% PIP in BMA. The posterior mean in Bayesian model averaging (or alternatively the estimated coefficient in
the frequentist model) denotes the marginal effect of a study characteristic on the partial correlation coefficient corresponding to the effect
reported in the literature. For a detailed description of all the variables see Table 4.
categories, it is worth mentioning that our results concerning publi-
cation bias hold: studies ignoring endogeneity suffer from publication
bias, while studies taking endogeneity into account are free of the bias.

Data characteristics. The results of Bayesian model averaging suggest
that defining educational outcomes as Educational Choice typically gen-
erates more negative PCCs. This finding resonates with Neyt et al.
(2019), who report that studies operationalizing educational outcome
as decisions to drop out deliver a consistently more negative relation-
ship compared to studies using other educational outcomes. Intuitively,
one can explain the negative relationship via the mechanism of the
zero-sum theory. Crowding out of study time translates into poor
test performance and exam failures, resulting progressively in a situ-
ation in which students prefer to drop out from a certain course or
study program (Parent, 2006). Hence, our finding provides support
for the notion that the effect of student employment ‘‘grows in cu-
mulative importance’’ (Warren et al., 2000, p. 949) and has long-term
effects on educational outcomes. Nevertheless, this explanation over-
looks students’ diverse backgrounds and expectations, mediating the
relationship. Eckstein and Wolpin (1999) develop a structural model
13
of high school attendance and show that although student employment
increases the probability of dropout, the effect is driven by students’
specific characteristics such as their ability, motivation, and preferences
concerning leisure.

Another factor negatively influencing the estimated PCCs is whether
student employment is specified as a continuous variable. The finding
shows that what primarily matters for the effect of student employment
on educational outcomes is the intensity of students’ work schedule.
The result is consistent with the zero-sum perspective and conclusion
cited in multiple studies: working long hours while studying has a
detrimental impact on educational outcomes (Buscha et al., 2012;
D’Amico, 1984; Lee & Staff, 2007; Montmarquette et al., 2007). For
instance, Montmarquette et al. (2007, p. 759) show that ‘‘working less
than fifteen hours per week is not necessarily detrimental to success in
school’’. Beffy et al. (2013) confirm this inflection point and show that
spending at work more than 16 h per week has strong negative effect
on the graduation probability, whereas working less than 16 h has a
much weaker effect.

The use of longitudinal datasets seems to have a substantial im-
pact on explaining the differences in the estimated PCCs. Longitudi-
nal data systematically generate more positive estimates of students’
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Table 6
Best-practice estimates in different contexts.

Mean 95% conf. int.

USA −0.039 −0.078 0.001
Germany 0.019 −0.046 0.083
Other countries −0.048 −0.104 0.008

Male students −0.039 −0.083 0.005
Female students −0.037 −0.079 0.005

Part-time students −0.025 −0.069 0.020
Low-intensity employment −0.023 −0.068 0.022
High-intensity employment −0.054 −0.098 −0.010
Educational outcome: choices −0.062 −0.107 −0.017
High-intensity employment & −0.078 −0.124 −0.031

educational outcome: choices
Educational outcome: test scores −0.033 −0.075 0.009
Educational outcome: attainment −0.033 −0.080 0.014

Overall effect −0.038 −0.079 0.003

Notes: The table presents the mean partial correlation coefficients implied by the Bayesian model averaging exercise and our
definition of best practice for various contexts. That is, we compute fitted values from BMA conditional on selected values
of regression variables (for example, 0 for ignoring endogeneity). The confidence intervals are approximate and constructed
using OLS with the standard errors clustered at the study level.
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mployment–education relationship compared to cross-sectional stud-
es. This is in line with prior research demonstrating that studies based
n longitudinal data yield less negative (Oettinger 1999, Rothstein
007) or more positive (Stinebrickner & Stinebrickner, 2003) estimates.
he advantages of longitudinal studies over cross-sectional studies are
wofold. First, longitudinal data tackle better the endogeneity of the
ecision to work (Rothstein, 2007). Due to the available time span,
ongitudinal data can mitigate the self-selection bias by differencing
ut unobserved individual heterogeneity (Oettinger, 1999). Second,
ongitudinal data overcome the difficulties of drawing causal inferences
s work habits are measured before educational outcomes (Moulin
t al., 2013). As a result, cross-sectional studies failing to control
or time-invariant individual characteristics generate downward-biased
stimates. In contrast to the predictive importance of longitudinal data,
ur results indicate that data year of the original dataset has no impact
n the heterogeneity of PCCs, showing no structural differences among
tudent populations over the years. This result is consistent with the
onclusion of Warren and Cataldi (2006), who find little time variation
n the relationship between student work and high school dropout
etween years 1966–1997.

tructural variation. The difference in the estimated effects for part-
ime students fails to manifest itself in our baseline model but is more
pparent in the FMA robustness check presented in Table B7. These
MA results are in line with the findings of Darolia (2014), who
uggests that the effect for part-time students is quite small while
he effect for full-time students is negative. More importantly, we
ighlight the importance and direction of the results for variables low-

ntensity employment and high-intensity employment. Estimates generated
ith low work intensities yield systematically more positive effects of

tudent employment on educational outcomes compared to estimates
onditional on high work intensity. This finding is intuitive and also
n line with Buscha et al. (2012), who argue that less intense work
nvolvement is beneficial to study outcomes. The findings are consistent
ith the threshold perspective, which asserts that student employment
as a positive effect on educational outcomes up to a certain amount
f working hours, after which the effect reverses.

Regarding cross-country heterogeneity, once again we find that the
stimates reported for Germany are substantially more positive than
stimates reported for other countries. As we have noted, we specifi-
ally exclude estimates pertaining to German vocational schools, which
ombine work and study by definition, and the corresponding estimates
re thus incomparable with the rest of the sample. The estimates using
erman data in our dataset are relevant to college students, and it is
pparent that the long German tradition of effectively combining work
nd study is not limited to vocational schools but spills over to other
14

arts of the educational system as well. t
stimation methods. We find that the use of OLS typically brings more
egative estimates of the effect of student employment on education.
he result is in line with our previous findings that once endogeneity is
ot accounted for, the true effect tends to be positive on average. Our
indings also suggest that quasi-experimental techniques (instrumental
ariables and difference-in-differences) tend to yield more negative
stimates compared to other methods, but the corresponding posterior
nclusion probabilities for these variables are between 0.3 and 0.4.
mong the quasi-experimental techniques the smallest PIP we obtain is

or the use of instrumental variables. As noted by Oettinger (1999), it is
hallenging to find a suitable instrument in the case of this literature.
or instance, Baert et al. (2017) explain that conditions on the local
abor market, often used as an instrument, may affect students’ deci-
ion to work, e.g. a highly saturated market labor decreases students’
hance of finding a job, and hence influence students’ educational
utcomes. Similarly, Buscha et al. (2012) argue that state child labor
aws do not have to be necessarily exogenous to educational outcomes
s they reflect the general importance of academic attainment in the
pecific region.

Our BMA results further indicate that accounting for students’ age
nd parental education in primary studies is not important for explain-
ng the variation in the estimated effect of student employment on
ducational outcomes. In contrast, controlling for students’ ability in

OLS results in more negative estimates. Again, the finding is consistent
with the notion that ignoring endogeneity results in spuriously positive
estimates of the effect of student employment on education. We observe
a similar pattern for Ethnicity control. Motivation control, on the other
hand, seems to influence the estimates in the opposite direction, and
the sign of the posterior mean is puzzling; nevertheless, motivation is
much more difficult for the researcher to proxy than ethnicity (race) or
ability (IQ). Even so, the importance of including the motivation control
has been documented widely. Wenz and Yu (2010) argue that students
seeking career-specific skills achieve higher test scores while students
seeking general work experience will achieve lower test scores. Stine-
brickner and Stinebrickner (2003) argue, for example, that students
with low motivation to earn good grades find it more important to
engage in term-time employment.

Publication characteristics. In our baseline BMA exercise we fail to find
evidence that published status and journal quality measured by impact
actor or in terms of number of citations systematically influence the
eported estimates. In contrast, the number of citations turns out to
e important in the FMA robustness check: frequently cited studies
ield systematically more negative effect estimates. The following three
xplanations are plausible: (i) researchers cite these studies more often

o corroborate their negative findings, (ii) researchers refer to studies
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reporting negative estimates when highlighting the improvements of
their studies that yield more positive estimates, (iii) research papers
yielding negative estimates are of higher methodological quality, and
hence are cited more often. Unfortunately, our analysis cannot confirm
nor reject any of these explanations. In any case, the marginal effect of
the variable in the FMA specification is relatively small.

As the bottom line of our analysis, we use the results of Bayesian
model averaging to compute the implied value of the partial correla-
tion coefficient in different contexts (e.g., data for Germany, female
students, part-time employment, decisions to drop out, etc.) while
correcting for publication, endogeneity, and other biases in the liter-
ature. We do so by computing the fitted values from the BMA exercise
conditional on the values of individual variables that correspond to best
practice in the literature. Of course, best practice is subjective, so we
define it only for variables for which there is reasonable consensus in
the most recent literature; for other variables we use sample means.
Because we want to correct the implied estimate for publication bias,
we plug in zero for the standard error.

To take endogeneity control into account, we prefer studies that use
any of the following approaches: instrumental variables, difference-in-
differences, student fixed effects, or an explicit proxy for ability via
OLS or matching. We also prefer if the observational studies control for
motivation, parental education, age, and ethnicity (that is, we plug in
‘‘1’’ for the corresponding dummy variables). Concerning the measure
of employment, we prefer if the study uses a continuous variable. We
also plug in zero for the dummy variable corresponding to self-reported
data, which might entail substantial measurement error. Moreover, we
prefer panel data of recent vintage and put more weight on highly-
cited studies published in journals with a high impact factor. The other
variables are set to their sample means.

Table 6 shows the mean implied estimates for 12 different situa-
tions: data for the United States, data for Germany, data for other coun-
tries, male students, female students, part-time students, low-intensity
employment, high-intensity employment, educational outcomes mea-
sured by decisions to drop out, high-intensity employment combined
with dropouts, outcomes measured by test scores, and outcomes mea-
sured in a different way. The overall mean is −0.038, and all individual
means are negative with the exception of data for Germany (though
even here the confidence interval includes negative values). Because
the implied estimates are based on the results of Bayesian model aver-
aging, the differences between individual means reflect the discussion
presented earlier in this section: most importantly, student employment
affects decisions to drop out more than it affects test scores, and the ef-
fect of working part-time is generally smaller than the effect of working
full-time. The largest of the implied coefficients (for a combination of
dropout decisions and high-intensity work) could be characterized as
a small but non-negligible effect in the classification of Doucouliagos
(2011).

5. Conclusion

The literature examining the impact of student employment on
education, represented by 861 estimates reported in 69 studies, is con-
sistent with a small overall mean effect. Publication bias interacts with
endogeneity, and several data and method choices systematically affect
the reported estimates. After correcting for both biases and controlling
for 32 aspects of data, method, and publication characteristics, we
derive estimates of the causal effect of employment on education in
12 different contexts (for example, USA vs. Germany, male vs. female
students, low- vs. high-intensity employment, and grades vs. decisions
to drop out). The effect is statistically insignificant for all but 3 contexts.
We find the strongest effect for dropout decisions. Based on an analysis
of a subsample of estimates that can be directly compared without
standardization, working while in school can have material effects on
education: about 10-percentage-point increase in dropout probability
following an increase of 10 in working hours per week.
15
We corroborate some of the results reported in the recent narrative
literature review by Neyt et al. (2019): student employment is more
likely to be detrimental to educational outcomes if students take high-
intensity jobs and when the outcomes are measured as decisions to drop
out. In contrast to Neyt et al. (2019), we find that more reliable studies
(in terms of endogeneity treatment) tend to bring more negative results,
which suggests positive selection of students to employment. We fail
to identify substantial differences between the results for secondary
and tertiary education. Moreover, we do not find systematic differences
between the results for US and Europe, with the single exception
of Germany. Finally, in contrast to Neyt et al. (2019), we are able
to investigate and identify publication bias, which makes the effects
reported in the literature appear slightly more negative than they really
are.

Three qualifications of our results are in order. First, we work with
partial correlations instead of elasticities, which complicates inference.
Unfortunately primary studies rarely report elasticities and use different
units and functional forms. It is infeasible to recompute these estimates
into a common economic metric, and the partial correlation coefficient
thus represents the only choice for comparing the estimates. As a ro-
bustness check, we also compute the overall mean effect using estimates
that employ the same units and functional form. Second, our main anal-
ysis rests on the assumption that publication bias is a linear function
of the (exogenous) standard error. As a robustness check, we employ
more complex methods that do not need linearity, exogeneity, or both.
Third, in the analysis of heterogeneity we examine 32 variables, and
with so many variables collinearity can complicate the interpretation of
individual marginal effects. We show that the collinearity problem in
our case is not large and additionally use the dilution prior in Bayesian
model averaging, which is designed to minimize the consequences of
collinearity.
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