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Studies in empirical software engineering are often most useful if they make causal claims because this
allows practitioners to identify how they can purposefully influence (rather than only predict) outcomes
of interest. Unfortunately, many non-experimental studies suffer from potential endogeneity, for example,
through omitted confounding variables, which precludes claims of causality. In this conceptual tutorial, we
aim to transfer the proven solution of instrumental variables and two-stage models as a means to account for
endogeneity from econometrics to the field of empirical software engineering. To this end, we discuss causality
and causal inference, provide a definition of endogeneity, explain its causes, and lay out the conceptual idea
behind instrumental variable approaches and two-stage models. We also provide an extensive illustration
with simulated data and a brief illustration with real data to demonstrate the approach, offering Stata and R
code to allow researchers to replicate our analyses and apply the techniques to their own research projects.
We close with concrete recommendations and a guide for researchers on how to deal with endogeneity.
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1 Introduction
Imagine a researcher who discovers a bug in a software program she uses. The software is critical to
her next grant application, so she would like the bug to be fixed as soon as possible. The researcher
begins to draft a bug report and starts to wonder how polite the language in the bug report should
be. Would a more or a less politely written bug report get the bug fixed faster?
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To make a particularly informed choice, the researcher decides to perform an empirical study
on this topic herself. She thus begins to collect data from software repositories on the polite-
ness of the language of bug reports (e.g., as other software engineering researchers have done
on posts on Stack Exchange [26, 92] or Jira issues [27]) and the corresponding bug-fix time
(which other software engineering researchers have studied, for example, in prediction models
[1, 11, 93, 99]).

And in fact, the researcher runs a simple regression analysis and discovers a statistically sig-
nificant positive correlation between politeness and bug-fix time. She thus finds an empirical
association between greater politeness in bug reports and a longer time until a bug gets fixed. She
is puzzled, though. Can it really be that politeness increases bug-fix time?

Then, she begins to wonder if there might potentially be a confounding variable missing from
the analysis that could explain the relationship. It would be conceivable, for example, that bugs that
are particularly hard to fix may, on average, come with a more polite bug report than simple bugs
because a bug reporter himself might be unsure about the precise nature of the bug, for instance
because it is hard to reproduce and describe. If this were the case, econometricians would explain
that the researcher’s analysis suffered from endogeneity, i.e., the independent variable (politeness
in the bug report) was correlated with the error term in the regression model.

While the researcher’s initial findings are thus interesting, and they allow her to predict bug-fix
time based on the politeness of an observed bug report, she cannot credibly claim that there is a
causal link between the two variables. This, however, would be of particular interest because it
would allow the particularly useful insight that users can favorably influence how quickly bugs get
fixed by writing bug reports in a less polite way.

Scientific studies in empirical software engineering often face such challenges. Researchers might
find correlations between different variables, but it is frequently not clear whether such findings
represent causal relationships or if they are artifacts of endogeneity.

However, there are ways to deal with endogeneity that are also applicable to empirical software
engineering. Specifically, one popular technique that has been developed in econometrics and that
has found widespread acceptance across scientific disciplines is the use of instrumental variables in
two-stage regression models.

With this tutorial article, we aim to acquaint empirical software engineering researchers with
this technique and its application to empirical software engineering research, guide the reader
through illustrative analyses, and provide recommendations regarding the use of instrumental
variables and two-stage models. In the article itself, we shall remain on a conceptual and statistical
level, but we discuss specific commands and packages used in the statistics software suites Stata
and R in an online supplement, which is available at https://doi.org/10.6084/m9.figshare.22315174.

2 The Challenge of Causal Inference
Some research in empirical software engineering is explicitly purely descriptive in nature (e.g.,
[53]). Other research is concerned only with predicting outcomes based on some inputs (e.g., [99]).
However, in many cases, what researchers in empirical software engineering are really interested
in—and what would often be most useful—are statements about causality. In the following, we will
therefore first discuss the nature of causality and how to think about it, then discuss experiments
as an ideal way of establishing causality, and finally consider widely used quasi-causal approaches
to causal inference using observational data.

2.1 Causality and Counterfactuals
The nature of causality is a thorny issue that has been treated at length by various philosophers and
scientists [69]. In fact, as Heckman puts it, causality is “a very intuitive notion that is difficult to
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make precise without lapsing into tautology” [47, p. 1]. Antonakis et al., therefore, build on others
before them [51, 52, 59] and define a causal relationship between two variables - and . as the
fulfillment of three conditions [5]:

(1) - precedes . temporally.
(2) As - changes, . changes as well, and this relationship is statistically significant (i.e., it is not

due to chance).
(3) No other causes explain the relationship between - and . .

The first condition is rather intuitive and unproblematic. If - occurs only after . , it would be
hard to argue that - could have caused . , after all (although this becomes more challenging if -
and . mutually cause each other, as we will briefly discuss in Section 3.2.3). The second condition
is similarly unproblematic and essentially simply requires a researcher interested in causality to
have empirical data that allow for statistical analyses. The third condition is the greatest challenge
in identifying causality in practice (which we will discuss further in Section 3.2.4).

Especially related to this third condition, one key perspective on causality that has found
widespread acceptance is the idea of understanding causality through “counterfactuals.” As Lewis
argues, “We think of a cause as something that makes a difference, and the difference it makes must
be a difference from what would have happened without it. Had it been absent, its effects—some
of them, at least, and usually all—would have been absent as well” [56, p. 557]. This perspective
is formalized in the potential outcomes framework or the Neyman–Rubin model [77, 82] and has
found renewed attention and further development recently [69], including in software engineering
research [81].

At a simple level, counterfactuals are essentially the answer to the question: “What would have
happened to . if - had been different?” Naturally, to really know this, one would need to observe
the same unit once “treated,” i.e., subject to a change in the independent variable - , and once
untreated. For instance, in our introductory example, we might want to see the effects of the same
bug report once written in a polite way, and once written impolitely. In real-world data, however,
a unit is at one point in time either treated or untreated and can thus only be observed in one of
the two states. In other words, the counterfactual cannot be observed. Researchers are therefore
confronted with what Holland calls the “fundamental problem of causal inference” [51, p. 947].1

Before we proceed in our discussion, it is worth clarifying why establishing causality between
two variables is important in the first place, when having correlations may seem potentially
sufficient. It is in fact true that correlations may be useful in many cases. In all situations in
which a researcher is merely interested in making predictions about a system without interfering
with it, a causal understanding of relationships between variables is not necessary and statistical
associations, i.e., correlations, are sufficient [68]. If, for instance, we want to predict the likelihood
of failure of a system from, for example, its complexity, then we may be able to perform a simple
regression analysis using historic data on systems of the same type for which we know both the
complexity and have failure information. Critically, however, this is only the case if we do not
wish to intervene in any way. In many practical applications, however, the goal of the researcher
is to enable targeted interventions to favorably influence some outcome. In this case, the causal
relationships between the variables of interest must be understood. Similarly, social scientists are
typically fundamentally interested in causal relationships because they help explain the world. In
other words, while correlations are interesting and useful for predictions, causal relationships are the

1Pearl takes a very strict definition of counterfactuals, arguing that counterfactuals entail a retrospective element and that
thus even randomized experiments alone cannot provide full causal information [70]. We take a somewhat looser view of
counterfactuals here.
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199:4 L. Graf-Vlachy and S. Wagner

building blocks of scientific theories that help to understand the world and allow tomanipulate it in a
purposeful way.

2.2 Experimental Methods as the “Gold Standard” of Causal Inference
Experiments are typically considered the “gold standard” when it comes to inferring causality
[5, p. 1088][81, p. 2]. Ideally, experiments allow the researcher to manipulate one independent
variable of interest (the “treatment”), control for all other potentially confounding factors, and
observe potential changes in a dependent variable of interest. If a change in the dependent variable
is observed, the researcher knows that it must have been caused by the treatment, i.e., the change
in the independent variable.

To do this, however, the researcher must actually control for all potentially confounding factors.
The best way to do so is through randomization. In this context, randomization means that the
researcher randomly assigns the units (e.g., patients in a clinical trial) either to a group that receives
the treatment (the “treatment group”) and to another group that does not (the “control group”). In
this way, assuming a sufficiently large number of units, the researcher can be almost certain that,
on average, the units in the treatment group do not differ from the units in the control group. In
particular, randomization has the convenient property that it controls for all possible confounding
factors, irrespective of whether the researcher is even aware of them.

Since the two groups are essentially identical before the treatment group receives the treatment,
this allows the researcher to tackle the fundamental problem of causal inference by considering the
control group as the counterfactual of the treatment group. The control group tells the researcher
what would have happened to the treatment group had the researcher not administered the
treatment.

Alas, in many situations, performing experiments is impossible, impractical, or otherwise not
satisfactory. For instance, some experiments cannot be conducted for ethical reasons, like in-
ducing a mental disorder in programmers to study its effects. Others cannot be performed due
to resource constraints, like hiring experienced professional programmers to perform extensive
programming tasks.

Further, experiments are often performed only in the laboratory because randomization is often
not possible in field settings. For instance, it is hardly conceivable that a study to address the
question of the relationship between politeness in bug reports and bug-fix time would do so in a
perfect field experiment. Such a large-scale field study would require finding a large number of
genuine bugs (in one or multiple projects) and then submitting bug reports that differ randomly
and only in the degree of politeness to observe whether more or less polite ones get addressed
more quickly.

Unfortunately, while experiments performed in a laboratory are excellent for establishing internal
validity, they frequently suffer from potentially poor external validity, i.e., any findings might not
generalize to the world outside of the laboratory, for example, because programmers behave
differently under intense observation or because their real-world surroundings differ from the lab
in important ways [18].

2.3 Quasi-Causal Approaches to Inferring Causality from Observational Data
Despite the conceptual superiority of experiments, researchers—as the one in our introductory
example—therefore frequently have to resort to other data sources, such as surveys or software
repositories, where they face a particular challenge when it comes to inferring causality. Specifically,
in such observational data, there is no counterfactual—and it is much harder to create a credible
one than it is to do so in randomized experiments.
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Luckily, emerging from scholarship on the potential outcomes framework [77, 82], researchers
have developed several quasi-causal approaches that (while making some critical assumptions)
allow us to perform causal inference from data that does not come from randomized experiments.
Four particularly relevant ones are regression discontinuity design (RDD), difference-in-
differences (DiD) approaches, propensity score matching (PSM), and—the focus of this article—
two-stage models using instrumental variables [5, 54].

First, RDD identifies the causal effect of a treatment variable by assigning a cutoff point on
a continuous assignment variable to differentiate between units who receive the treatment and
those who do not. It exploits the idea that units just above and below the cutoff are similar in all
respects except for the receipt of the treatment. By comparing the outcomes of units just above
and below this cutoff, RDD isolates the treatment’s effect from other factors, assuming that the
only systematic difference between the groups is the treatment itself. This design is particularly
useful when random assignment is not feasible, providing a credible estimate of the treatment’s
impact. Despite its broader applicability, this design has been used in software engineering mostly
to study the effects of changes in a system or its environment, for instance, the introduction of a
new technology or a software engineering method, over time, resting on the assumption that units
before and after the change are similar except for the fact that they did or did not experience the
change [19, 40, 60, 94, 101, 102].

Second, DiD is a statistical technique used to estimate the causal effect of a treatment by compar-
ing the changes in outcomes over time between a group that is exposed to the treatment and a group
that is not [10]. The key assumption of DiD is that, in the absence of the treatment, the average
change in outcomes for both groups would have been the same. By calculating the difference in
outcome changes between the treatment and control groups, DiD controls for unobserved factors
that are constant over time, isolating the effect of the intervention. The technique has already found
application in software engineering [31, 58].

Third, PSM is a technique used to estimate the effect of a treatment by accounting for the
covariates that predict receiving the treatment [75]. It involves calculating a propensity score for
each unit in the study, which is the probability of being assigned to the treatment group given their
observed characteristics. Units in the treatment and control groups are then matched based on
their propensity scores, creating pairs or groups of unit with similar characteristics except for the
treatment status. This matching process aims to mimic randomization, reducing selection bias and
enabling a more accurate estimation of the treatment’s causal effect on the outcome by comparing
outcomes between matched pairs or groups. Like the other techniques, this technique has already
been applied in empirical software engineering research [91].

Elements of the individual methods can also be combined. PSM methods, for instance, can be
used within DiD designs to construct treatment and control groups that are likely similar [31].

A fourth approach to causal inference—and the one that is arguably most widely used across
scientific disciplines—is the use of regular regression analysis paired with statistical corrections
through the use of two-stage models with instrumental variables. Such corrections are necessary
because of the potential for endogeneity in regression analyses.

3 The Problem of Endogeneity in Regression Models
3.1 Endogeneity in Regression Models
Endogeneity is unfortunately hard to describe precisely and intuitively at the same time. We thus
begin by providing a mathematical definition and will provide intuition later. Consider the example
for a regression model shown in Equation (1). . denotes the dependent variable (i.e., an effect
to be explained—bug-fix time in our introductory example), - denotes an independent variable
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(or “regressor”) (which we may hypothesize to be a cause of .—the politeness of a bug report in
our introductory example), and Y denotes the error (or “disturbance”) term. V0 and V1 are regression
coefficients, with V0 representing the intercept and V1 the slope of the regression line that is to
be fitted to a sample of data from an overall population about which one would want to make
causal claims.

. = V0 + V1- + Y (1)

In a regression analysis, an estimator selects values for all coefficients V8 such that a particular
objective is fulfilled in a sample of data. In the most common type of linear regression, i.e., “ordinary
least squares (OLS) regression,” the objective is to minimize the squared deviations (or “residuals”)
of the fitted regression line from the observed sample data. In the following, we will focus on OLS
as a point of reference due to its relative simplicity and its importance in practice. We acknowledge
that there are, of course, other estimators, for example, for dependent variables with non-normal
distributions like binary or count data.

Notably, OLS operates on the assumption that there is a linear data-generating process in the
real world that is specified by what are called the true population parameters. In the thought world
of regression analysis, this data-generating process can be thought of as being a “true line” that
expresses the true relation of the dependent variable to the independent variables in the entire
population (not merely what is observed in the researcher’s sample). OLS assumes that every time
a data point is generated, it is taken from a normal distribution that centers on this “true line.”
Consequently, any individual data point the researcher may observe will likely not be perfectly on
that “true line,” but exhibit some difference from it. Such differences between the observed sample
of data points and the “true line” are captured in the error term Y.

Importantly, since the researcher cannot observe the “true line”—it is, after all, precisely what
she is trying to approximate with the regression line fitted on the observed sample—she can also
not know the error term Y. Note that the phrase “error term” may be considered a bit of a misnomer
because every regression analysis will have an error term. There being an error term does not
signal that something went wrong or that a mistake was made, it just means that the regression
line is not a perfect approximation of the “true line.”

Figure 1 illustrates this. The top of the figure shows the data-generating process, i.e., the “true
line,” defined by the true population parameters V0 and V1 and shown as a dashed line. From the data
generated by the process, the researcher samples six data points, as shown in the diagram. Every
data point is a little bit off the “true” line, creating an error. At the bottom, the researcher uses the
data points to estimate a regression line, described by the corresponding estimated coefficients V0
and V1, and shown as a solid line. Again, each individual data point is a little off this regression
line, which constitutes a residual. As the estimated line and the “true” line are very likely to not be
identical, errors and residuals are not the same.

In the context of a regression analysis like that shown in Equation (1), the above has an important
implication. Namely, any variance in . that is not explicitly accounted for (i.e., that is not in - ) is
being captured in the error term Y. In other words, everything about . that is not explained by -

becomes part of the unobservable Y. Or, in yet other words, any causes of . that are not - become
part of Y. Consider again our introductory example. If there are any causes of bug-fix time that go
beyond the politeness of the bug report (which would appear quite likely), then these would all be
part of the error term.

As stated by the Gauss–Markov theorem, OLS is the best linear unbiased estimator when a
variety of assumptions hold [97]. One key assumption is the so-called exogeneity condition, i.e.,
the assumption that the independent variable is exogenous, meaning it is not correlated with the
error term. This is to say that Y has an expected value of zero for any - , or E(Y |- ) = 0 [97].

ACM Transactions on Software Engineering and Methodology, Vol. 33, No. 8, Article 199. Publication date: November 2024.



Accounting for Endogeneity Using Instrumental Variables and Two-Stage Models 199:7

Fig. 1. Unobservable errors versus observable residuals.

Endogeneity is defined as the violation of this assumption, i.e., a situation in which the expected
value of the error is dependent on- . In other words, endogeneity exists when systematic information
from the regressor - is captured in the error term and there is thus a non-zero covariance between
- and the errors, i.e., 2>E (-, Y) ≠ 0. This situation can be described by saying that “- is endogenous.”
In the context of our introductory example, this means that if any causes of bug-fix time beyond the
politeness of the bug report have entered the error term, and if any of these causes are correlated
with the politeness of the bug report, then the politeness of the bug report is endogenous.

Endogeneity is a problem because it renders the OLS estimator inconsistent. This means that,
even for very large data samples, the estimated coefficients do not converge on the true population
parameters, and the regression line, therefore, does not become an approximation of the “true line.”
In other words, the estimated coefficient V1 is not trustworthy.

A key concern about endogeneity that is critical to keep in mind is that it cannot be tested for
without making additional assumptions. Since the true population parameters are unknown (all a
researcher knows is the part of the population she observes, i.e., her sample), it is impossible to know
the error term Y, and thus impossible to assess its covariance with - . Importantly, the residuals
cannot be used as a proxy for the errors, because when the OLS estimator creates the regression
line (and thus determines the residuals), it assumes the absence of endogeneity, and the correlation
between - and the residuals is therefore always zero by construction.
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3.2 Causes of Endogeneity in Regression Models
At least four causes of endogeneity exist [6, 7, 50], namelymeasurement error, selection, simultaneity,
and omitted confounding variables. They are not mutually exclusive and can accumulate in a
research project.2 All can, at least to some degree, be addressed with instrumental variables.

3.2.1 Measurement Error. One cause of endogeneity are errors in variables or measurement
error [7]. Many measurements in software engineering exhibit errors since researchers in the field
are often dealing with latent variables, i.e., they cannot directly measure the true phenomenon
of interest, but they have to measure something that represents it. Such measurement error may
cause endogeneity when a regressor is measured with error, and this error is correlated with the
regressor itself.3 This could be, for example, the case if a measure for programming skill is very
reliable for highly skilled programmers but is systematically less reliable for assessing lower levels
of skill. In our introductory example, it would be a problem if the reliability of the politeness
measurement varies with different levels of politeness. Another example could be found in studies
on the effect of programmers’ health on performance. Programmers with poor performance might
(consciously or unconsciously) misreport their health to have a legitimate explanation for their poor
performance [17].

3.2.2 Selection. There exist two primary types of selection that can cause endogeneity [21]. In
both, certain variables are only observable when other variables take on particular values, because
inclusion in the sample is contingent on those variables [96]. For one, there is sample selection, i.e.,
situations in which a researcher does not observe a random sample of the population. For instance,
a researcher may only be able to observe software repositories of projects that were successful
enough so they were not shut down and the repositories deleted. Related to our introductory
example, the researcher may only observe bug reports of a certain range of politeness in case
there is a moderation system implemented that removes comments that are extremely impolite
or outright hostile. For another, there may be self-selection of individuals or organizations. If a
researcher, for instance, observes programmers contributing to open-source projects, she cannot
readily generalize to the entire population of programmers because those who contribute may be
systematically different (e.g., in terms of skills or personal values) from those who do not. This is
particularly critical to studies of the effectiveness of tools or techniques in software engineering “in
the wild.” Programmers and managers may use certain techniques precisely because they (rightly
or wrongly) believe that these techniques will be effective [20, 43]. If a researcher, for instance,
were to study the performance effects of agile development methods, she would only be able to
observe teams that self-selected into the use of such techniques. Because it is possible that this
decision is influenced, for example, by the prior experience of team members, this means that
the researcher cannot readily make inferences about the true effect of the technique. Importantly,
including prior experience as an additional independent variable does not solve this issue because
more experienced teams may be systematically more or less likely to select into the sample. Notably,
non-response in surveys also represents a case of selection.

2Some authors list additional threats to validity related to endogeneity such as inconsistent inference (e.g., the use of
non-robust standard errors) or model misspecifications [5]. These threats to validity have a more technical rather than
conceptual link to endogeneity and are thus not treated here.
3Measurement error can be viewed as a special case of an omitted variable problem (see Section 3.2.4) because if the
measurement error itself could be included in the regression equation of interest, the endogeneity problem would be
resolved. Under certain assumptions, it can be possible to use one error-ridden measurement of a variable as an instrumental
variable for another error-ridden measurement of the same variable [7, endnote 5].
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Fig. 2. Problematic omitted confounding variable.

3.2.3 Simultaneity. The third cause of endogeneity is simultaneity, sometimes also referred to as
simultaneous causality. Simultaneity denotes the situation in which - causes . , but . also causes
- at the same time, thus leading both to be determined simultaneously. Consider, for instance,
the relationship between the number of users on a platform like Stack Exchange and the quality
of the content of such a platform. The more users frequent the platform, the higher the chance
that some will leave questions and provide answers. At the same time, the more questions and
answers are posted, the more useful the platform becomes and the more likely users are to visit
it. In archival data, it is very hard to determine whether one caused the other, or the other way
around. Consequently, and irrespective of which variable is considered the independent and the
dependent variable in a regression, there will be endogeneity [96].

3.2.4 Omitted Confounding Variables. In many important cases, however, endogeneity is the
result of confounding variables that are omitted from the model. Omitting a variable is sometimes
a conscious choice (when one erroneously believes that the variable is irrelevant to the model),
sometimes simply an oversight (when a relevant variable is forgotten), and sometimes impossible
to avoid (when a variable cannot be measured).

Figure 2 is a directed acyclic graph visualizing the causal structural relationships between
variables in such a situation. Black nodes represent observed variables, whereas white nodes
represent unobserved variables. - and * are two variables that influence . , as indicated by the
arrows between them. If* is omitted from the regression model (e.g., because it was not observed),
the shared variance between* and . is not accounted for and thus enters the error term Y. Because
* is also correlated with - , this means that Y will now also be correlated with - , making -

endogenous. This will make estimations of V1 in Equation (1) inconsistent.
The introductory example about politeness and bug-fix time illustrated this problem. As more

complex bugs may be described using more polite language, one might suspect the complexity
of the bug to drive the results. Specifically, if more complex bugs take longer to fix and are
systematically reported with greater politeness in the bug reports, “bug complexity” would be an
omitted confounding variable in the model. This is because it is not accounted for in the model,
and thus enters the error term Y. Because bug complexity is correlated with bug-fix time, the error
term Y is now also correlated with the dependent variable, creating endogeneity. For a purely
mathematical illustration of how omitted variables cause endogeneity, we refer the reader to more
technical literature [5].

Figure 3 shows the same situation using intuition about the variances of the variables, which are
represented by the circles. The researcher is interested in identifying the shared variance between-
and . because it represents the causal effect of - on . . Since* , however, shares variance with both
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199:10 L. Graf-Vlachy and S. Wagner

Fig. 3. Shared variances with omitted confounding variable.

Fig. 4. Unproblematic omitted non-confounding variable.

Fig. 5. Shared variances with omitted non-confounding variable.

- and . , the researcher’s estimate will not only include the true component of shared variance, but
it will also include an error component in the form of a part of Y that is also related to - , causing
endogeneity and tainting the estimate.

Note that not every variable that is not included in a model causes endogeneity. Figure 4 visualizes
such a situation. The omitted variable � is not confounding because it is not related to - . In this
case, there is no shared variance between � and - that ends up in the error term Y (see Figure 5),
leaving - exogenous, and not creating the problem of endogeneity. In our introductory example,
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the number of developers working on the module in which the bug appears could be such a variable.
While it may be systematically related to bug-fix time, there is no reason to assume that it would
be related to the politeness of a corresponding bug report.

4 Consideration of Endogeneity in Empirical Software Engineering
Many empirical software engineering researchers are aware of potential problems for causal
claims through omitted variables. The “threats to validity” sections of papers frequently discuss
potentially “confounding factors” or “confounders” (e.g., [33]). Consequently, authors often choose
their wording and the claims they make very carefully. Some simply avoid mentioning causal-
ity at all, for instance referring to “correlations” instead (e.g., [33]), and others explicitly high-
light that they merely study associations between variables and do not make claims of causality
(e.g., [72]).

But even where causal relationships are quite clearly the primary interest of the researcher
performing regression analyses, the statistical notion of endogeneity itself is not widely discussed
in the empirical software engineering literature. Further, in the few cases where it is, and where
instrumental variables approaches are employed to address it, it is often hard to judge if these
approaches were implemented correctly. A complete ACM Digital Library search of the ACM Trans-
actions on Software Engineering and Methodology and the IEEE Transactions on Software Engineering
and the proceedings of the three CORE A*-ranked software engineering conferences ASE, FSE, and
ICSE (including co-located events) yielded only four articles for the keyword “endogeneity.” Of
these articles, one claims absence of endogeneity based on a Durbin–Wu–Hausmann test [74],
while another one claims to find endogeneity and uses an instrumental variable approach [73].
Disconcertingly, neither reports the instrumental variable used or any test results. The third article
also claims to address potential endogeneity using instrumental variables but does again not dis-
close them [22]. Only a single article performs an instrumental variable regression while disclosing
the instruments and reporting some information about test statistics (albeit without making any
theoretical argument for the exogeneity of the used instruments, instead relying on empirical clues
that can necessarily only be indicative at best) [8].

Generalizing the search string to “endog*” yields 187 articles, the vast majority of which do
not actually contain any such phrase in the full text at all. In almost all other cases, the term
is used in different contexts, for instance in discussions of “endogenous variables” in structural
equations models, where the term corresponds roughly to what users of regression models would
call dependent variables, or in discussions of “endogenous model transformations,” i.e., situations
in model-driven engineering where source and target models belong to the same meta model. Only
in four previously unconsidered cases was a mention of endogeneity related to causality. One case
[90], however, centered on Granger causality tests, which do not actually test causality but only the
ability of one time series of data to forecast another [39, 51], and two cases deal with defect repair
or fairness improvement in neural networks [87, 100]. The last case [38] uses a type of multi-stage
regression model to address simultaneity but not omitted confounding variables, and the authors
do again not justify the employed instruments.

The picture is similar with regard to the specific remedy for endogeneity this article focuses on.
Searches in the aforementioned outlets for “instrumental variable*,” “two-stage least squares,” or
the common abbreviation “2SLS” yielded only a single relevant result the prior searches had not
already uncovered [2]. In this work, a two-stage model was again used to resolve simultaneity, yet
without any explanation or justification of instruments. Further searches for “two-stage model*”
and “two-stage regression*” yielded no additional relevant articles.
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5 Remedies to Implement Before Using Instrumental Variables
Before researchers resort to instrumental variable approaches, they should consider other measures.
This is because the use of instrumental variable approaches is not free of challenges, as we will
discuss later.

Focusing on endogeneity caused by omitted variable bias, there are two helpful oft-used ap-
proaches. The first is to identify, measure, and include (i.e., control for) potentially relevant omitted
variables. Returning to our introductory example, we might, for instance, wonder if the length of a
bug report might not also be a confounding omitted variable. Longer reports may be a characteristic
of bugs that are particularly hard to reproduce and describe (potentially associated with higher
politeness) and that may also be very hard to fix (potentially associated with longer bug-fix time).
Because of its potential to introduce endogeneity into a regression analysis, the researcher should
thus control for the length of the bug report.

Similarly, academic researchers like Raghuraman et al., who study whether using the unified
modeling language is associated with lower defect proneness in software projects, explicitly control
“for known confounding factors” and suggest that, because of this, their “results should be relatively
robust” [72, p. 103] (although they notably do not claim to have demonstrated causality). A study
by Papadakis et al. shows the importance and effectiveness of such control variables [67]. These
authors take on the question of whether the association between mutant scores and real fault
detection in the testing literature holds when controlling for test suite size, and they find that the
association disappears once this control variable is accounted for. This suggests that their initial
analysis was distorted by endogeneity.

While controlling for relevant variables is always the preferred option because it rules out
confounding effects of omitted variables without making any further assumptions [76], it is not
always feasible. In particular, an omitted variable may be simply be impossible to measure (at least
with sufficient precision).

The second approach only works with what is called “panel data,” i.e., data where the same “panel
unit” is observed multiple times. This could be, for example, a dataset of programmer behaviors that
includes multiple observations for the same programmer working on different tasks or a dataset
of software projects that include multiple observations for each projects (e.g., for every release
of a project). In such situations, it is advisable to include so-called “fixed effects” for the panel
unit. In the programmer example, this would entail including dummy variables in a regression, i.e.,
including one binary variable for each programmer, with each of these binary variables set to one
only for one specific programmer, and to zero for all others. Doing so effectively controls for all
stable characteristics of the programmer (i.e., the panel unit) that do not change between tasks (i.e.,
within the panel unit across the entire panel). Note that using panel fixed effects only works when
there is variance in the independent variable of interest within a panel unit. This is because in the
absence of such variance, no coefficient for this independent variable can be estimated since any
effect of the variable gets absorbed into the coefficients of the dummy variables. These coefficients,
however, are hardly interpretable because they capture the effects of all characteristics of each
panel unit that are constant in the entire panel (e.g., a programmer’s personality or intelligence
over time).

Since the inclusion of a large number of dummy variables quickly makes regression models
computationally costly, there exist specific estimators for fixed-effects models. They are more
computationally efficient while yielding the same results for the variables of interest. They derive
their computational efficiency from the fact that they “demean” the data, i.e., subtract the mean
from each variable within a panel unit, and then perform the estimation without actually estimating
coefficients for panel unit dummy variables at all.
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Importantly, the use of fixed effects in panel data should be accompanied by the use of standard
errors that are clustered at the panel unit. Computing such standard errors accounts for the fact
that the standard errors of multiple observations might be correlated because the observations
belong to the same panel unit.

6 Two-Stage Models with Instrumental Variables
In many situations, the approaches mentioned above will not be sufficient to address all endogeneity
concerns. In such cases, researchers might additionally resort to instrumental variable regressions,
which are, according to Turing Award laureate Pearl “the workhorses of causal inference in practice”
[71] or, in the words of economics Nobel laureate Angrist and collaborator Pischke, the “most
powerful weapon in [the] arsenal” [4, p. 114]. The most common kind of such instrumental variable
regression is the “two-stage least squares” approach. The employed instrumental variables are also
frequently referred to as “instruments.”

6.1 The Two-Stage Model Approach
As the name suggests, the key idea behind two-stage models is to perform coefficient estimations
in two separate stages. For example, assume that we want to estimate the following model, which
we might take to represent our introductory example, with . being bug-fix time, -1 representing
politeness, and -2 being the length of a bug report

. = V0 + V1-1 + V2-2 + Y. (2)

Further assume that-1 is endogenous, i.e., correlated with the error term Y, for instance due to an
omitted variable * , and -2 is exogenous, i.e., uncorrelated with the error term Y. In the first-stage
regression, we would regress the endogenous regressor -1 on all exogenous regressors (only -2 in
our case) and all instrumental variables (in this example, we will only have one instrument, /1).
We would thus estimate the following model (with Z as its error term)

-1 = W0 + W1-2 + W2/1 + Z . (3)

This allows us to calculate a predicted version of -1, which we denote -̂1

-̂1 = Ŵ0 + Ŵ1-2 + Ŵ2/1. (4)

In the second stage, we then estimate the model we are actually interested in (specified in
Equation (2)), but replace -1 with its predicted version -̂1

. = V0 + V1-̂1 + V2-2 + Y. (5)

If we estimate this model, we will obtain consistent estimates for V1. The intuition behind the
approach is that we use information from the exogenous instrumental variable /1 to estimate a
version of -1 that has no correlation with the error term anymore and is thus also exogenous. We
might say that we use the first stage to “partial out” variance that the endogenous regressor -1 and
the instrument /1 share, so that the predicted -̂1 does not include any variance that is shared with
the error term in the second stage. Therefore, the second stage is “cleaned up” and does not suffer
from endogeneity anymore.

Figure 6 shows the intuition again using shared variances between variables (we omit the
exogenous-2 for simplicity). In the two-stage approach, the estimator relies on -̂1, i.e., the variance
that the instrument /1 shares with -1, to estimate the relationship between -1 and . . To this end,
the estimator can only use a part of this variance, specifically the part that is also overlapping with
. . This way, it only uses a part of the overall overlapping variance between -1 and . (making 2SLS
less efficient than OLS), but it can now estimate the relationship consistently because it does so
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Fig. 6. Shared variances with instrumental variable.

Fig. 7. Requirements for instrumental variables.

without being affected by any shared variance with the omitted variable * . This is to say that the
coefficient V1 will be correctly estimated despite using less information. Remember that -̂1 is the
predicted value of -1 that is due to /1, which we obtain from the first-stage regression. The critical
characteristic of this value is that it has no overlap with * and is thus exogenous. This is exactly
what allows us to use -̂1 as the independent variable in the second stage.

Note that the standard errors (and associated p-values) would not be accurate if we were to
actually manually estimate the model this way [4]. Although often done, simply reporting robust
standard errors does not address this issue [43]. Instead, the standard errors must be adjusted, either
analytically or via bootstrapping. All major statistics suites offer commands to estimate the first
stage and the second stage jointly and automatically adjust standard errors. We strongly recommend
using such commands (see the online supplement at https://doi.org/10.6084/m9.figshare.22315174).

6.2 Requirements for Instrumental Variables
The critical challenge in instrumental variable approaches is the choice of instruments. For one, it
is important to understand that to ensure that an instrumental variable regression can cure the
problem of endogeneity, one needs at least one instrument for every endogenous regressor. For
another, all instruments must fulfill certain requirements. Specifically, they must be relevant and
exogenous.

6.2.1 Relevance. The first requirement for an instrument is that it be relevant, or “strong” [4].
Simply put, this means that the instrument must be clearly related to the endogenous regressor (see
left side of Figure 7, where you see the direct influence of / on - , and Figure 6, which shows how
the variance of the instrument overlaps with that of the endogenous variable). Researchers should
do two things to assess the relevance of an instrument. First, they should ideally be able to identify
a theoretical reason that would support a strong correlation with the endogenous regressor. In case
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of our introductory example, we might for instance choose the typical linguistic politeness of a bug
reporter’s country of origin as an instrument because it is likely to substantially influence how
polite—on average—a message from this bug reporter is through cultural imprinting.

Second, and ultimately the decisive criterion, they should empirically establish that there is
a correlation between the instrument and the endogenous regressor, conditional on all other
(exogenous) control variables [64, 65].

Specifically, researchers should consider at least two aspects when assessing the relevance of
instruments empirically. For one, the instruments should be statistically significant predictors in
the first-stage model [55]. The signs of their coefficients should also be of the expected direction,
i.e., positive if a positive relationship between instrument and independent variable was expected
and negative if a negative relationship was expected [55] (also see Section 7, where we demonstrate
this using our introductory example). For another, researchers should consider the partial � statistic
of the instruments in the first stage to rule out “weak identification.” The intuition behind this
test statistic is that it represents a joint test of the significance of the instruments. The larger
the � statistic, the stronger the instruments. In a way, the � statistic can thus be thought of as a
measure of how much variance in the endogenous variables the instruments can explain [80]. The
exact threshold values that allow telling if instruments are sufficiently strong differ depending
on various factors like, for example, the number of instruments used [83]. Stock and Yogo offer
a corresponding table with relevant thresholds [84, p. 100]. As a rule of thumb, and with all the
limitations that naturally come with such rules, it is commonly accepted that � statistics should
always be greater than 10 for the case of a single endogenous regressor and a single instrument,
although higher values are invariably better [83, 86]. Note that there are two different relevant �
statistics, depending on whether regular or clustered standard errors are used. For regular standard
errors, the Cragg–Donald Wald � statistic is appropriate, while the Kleibergen–Paap rk Wald �

statistic is appropriate in case of clustered standard errors.

6.2.2 Exogeneity. The second requirement for an instrument is that it be exogenous [4]. Exo-
geneity requires that the instrument is not correlated with the error term. This implies that any
effect the instrument has on the dependent variable must be through the endogenous regressor,
and not through any other paths (see Figure 7, where you can see that / influences - but the only
way in which it affects . is through - , and Figure 6, which shows how the instrument and* do
not share any variance). If this is fulfilled, the instrument meets the “exclusion restriction” because
the instrument can be said to be excluded from the causal model of interest.

If there are exactly as many instruments as endogenous regressors, the model is said to be
“just-identified” or “exactly identified.” In this case, a justification of the exogeneity of instruments
must rely exclusively on theoretical arguments. This means that there needs to be a justification
that cannot rest on statistical analyses at all for why the instrument is exogenous, consider, for
instance, the instrument candidate of the typical level of politeness in a bug reporter’s country of
origin in our introductory example. There is simply no compelling reason for why it should be
related to whether a specific bug would be fixed faster or slower, except through the politeness of
the bug report for this specific bug.

If there are more instruments than endogenous regressors, a model is “overidentified” and one
may perform so-called tests of overidentifying restrictions [4]. The arguably most popular one
is the Sargan–Hansen test that uses Sargan’s statistic/Hansen’s � statistic. This test assesses the
exogeneity of all provided instruments simultaneously. Note that this means that in case one or
more instruments are not exogenous, the test cannot identify which individual instruments are
problematic. The intuition behind the test is that it regresses the residuals of a two-stage model on
the instruments used in that model. If there is a significant relationship between the residuals and
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the instruments, this indicates problematic instruments. A significant test result is thus a warning
signal to the researcher and casts doubt on the exogeneity of the instruments. It is important to
understand, though, that the Sargan–Hansen test makes the assumption that there is at least one
exogenous instrument (which again, cannot be statistically verified but only theoretically argued).
If this is not the case, the test may provide misleading results and incorrectly suggest exogenous
instruments [61].

When there are two more instruments than endogenous regressors, it may be possible to test
the exogeneity of an individual instrument. Specifically, the � statistic (or difference-in-Sargan
statistic) can be computed, which is the difference between two Sargan or � statistics [7, 45]. Again,
a significant test result indicates endogeneity. Note that this test also operates on the assumption
that the other instruments are exogenous.

6.3 Selecting Instrumental Variables
Finding good instruments is essential to conducting successful two-stage analyses. Unfortunately,
finding good instruments is not trivial. In fact, it takes “a combination of institutional knowledge
and ideas about processes determining the variable of interest” [4, p. 117]. The likely most useful
way to think about instruments is to revisit Figure 7 and ask: Which exogenous variable / affects - ,
but only affects . through - and not through any other causal path? 4

6.3.1 Examples for Instrumental Variables. Since finding good instruments is often a challenge,
we provide a few examples in the following. These examples stem from disciplines outside software
engineering but may give an impression of the tactics and thinking of researchers from fields that
have a longer tradition of using instrumental variable regressions.

Finance scholars Bennedsen et al. study the relationship between the number of directors on the
boards of small firms (which are often family firms) and firms’ financial performance [9]. Since
they are concerned about omitted confounding variables that may influence both the size of the
board and the performance of a firm, they resort to the use of an instrumental variable. Specifically,
they use the number of children of the Chief Executive Officer (CEO) as an instrument since it is
empirically highly predictive of the number of family members, and thus ultimately the number
of directors overall, on a small firm’s board. This establishes the relevance of the instrument. At
the same time, the authors argue that there is no plausible way in which the fertility of the CEO
impacts the firm’s performance. This suggests that the instrument is exogenous.

Garretsen et al. study the relationship between the prevalence of the personality trait neuroticism
and economic growth in regions and cities across the UK using survey data [36]. Since they were
concerned about potential endogeneity, they perform instrumental variable regression to check the
robustness of their results from a non-instrumented model. The instrument they choose is traumatic
childhood experiences as reported by the surveyed individuals. Even though personality is often
deemed largely stable across adult life, childhood experiences can affect personality. Specifically, in
the sample of Garretsen et al., it is correlated with neuroticism, making the instrument relevant.
Further, the authors argue that such individual-specific experiences should be uncorrelated with
the overall economic conditions in the geographic area of residence of each survey participant,
showing the instrument’s exogeneity.

Marketing scholars Germann et al. study whether firms’ adoption of a Chief Marketing Officer
(CMO) position has a causal effect on firms’ financial performance [37]. Since it is conceivable
that an omitted variable, i.e., a focal firm’s culture, might cause both CMO adoption and firm

4Sometimes, researchers use a rule of thumb to identify instruments by seeking out variables that correlate with the
endogenous independent variable but not with the dependent variable (e.g., [8]). However, this rule can be deceiving because
these correlations can themselves be affected by endogeneity [5].
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performance, there is an endogeneity concern. They select the prevalence of CMOs in competitors,
i.e., firms from the same industry, as an instrument. This instrument can be expected to be relevant
since firms in similar market conditions are likely to behave similarly in terms of CMO adoption.
Additionally, this instrument is likely exogenous because there is no apparent link between it and
the omitted variable (and thus the error term). Specifically, the potentially omitted variable of a
focal firm’s culture is unlikely to be observable for competitors, and even if it were, it is unlikely
that most or all competitors would derive a joint strategy to react to the focal firm’s culture by
adopting CMOs.

In a study in strategicmanagement, Gupta et al. examine how aCEO’s political ideology influences
how they allocate capital within their firm [41]. Again, this relationship might be endogenous
because some omitted properties of a firm might influence both what kind of a CEO is appointed
and how capital will be allocated. The authors use the political ideology of the electorate of the US
state in which the firm is headquartered and that of the predecessor CEO as instrumental variables.
They argue and empirically show that both instruments are relevant in that they directly influence
the ideology of the person chosen to be CEO. In addition, they argue that the instruments are
exogenous because there is no direct effect of either instrument on a firm’s capital allocation that
does not flow through the current CEO’s ideology.

A seemingly exotic but very popular instrument in conflict research is rainfall. Bohlken and
Sergenti, for example, study the effect of economic growth on conflict in different states in India
[12]. This relationship may be endogenous because conflict may also influence economic growth.
The authors thus use rainfall as an instrument that is clearly exogenous, i.e., neither economic
growth nor conflict nor any other variable in their model credibly influence rainfall. Additionally,
it is hard to see a causal path from rainfall to conflict that does not go through economic growth.
Finally, they argue for the relevance of the instrument by positing that economic growth in the
relevant regions depends on agriculture, which in turn is affected by rainfall.

Economists Licht et al. study the effects of how individualistic or collectivist a national culture is
on how firms are governed across different countries [57]. They employ an instrumental variable
design and propose to exploit differences in the use of pronouns between the languages of firms’
home countries. Specifically, some languages allow speakers to omit certain pronouns and this
possibility to drop pronouns, especially “I,” blurs the contrast between person and context. For this
reason, one might expect pronoun drop to be more frequent in societies which focus more on the
contextualization of individuals (i.e., are more collectivist) rather than the individuals themselves
(i.e., are individualistic). The researchers present � statistics for the first stage to demonstrate the
instrument’s relevance. They then argue for its exogeneity by explaining that “it does not exert an
influence on governance other than through culture” [57, p. 673].

Other researchers use yet other instruments for which exogeneity is essentially guaranteed.
Economist Angrist, for instance, uses the results of the US draft lottery at the time of the Vietnam
War to study the impact of military service on individuals’ life-time earnings [3]. Given that the
draft lottery is by definition both random, i.e., exogenous, and has a direct connection to serving
in the military, i.e., is relevant, he has a credible instrument. This helps allay concerns that the
direct relationship between military service and earnings might be endogenous due to the fact that
people who voluntarily serve in the military might be systematically different from those who do
not, and that this difference may impact earnings.

As is evident from some of these instrumental variable choices, it may be beneficial to consider
which instrumental variable one might want to select before a study’s data collection begins. Once
a theoretical model is developed and hypotheses are formed, it may make sense to identify potential
endogeneity concerns, consider possible instruments, and collect data on the instruments together
with data collection for the variables of ultimate interest.
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6.3.2 The Role of Theory. Methods researchers frequently highlight the role of prior theory
in the selection of instrumental variables. This pertains to both the identification of potential
instruments and the assessment of their exogeneity [5, 13]. It is easy to see how extant theory
can be helpful in identifying potential instruments, as this is essentially about the identification of
variables that are likely strongly correlated with the endogenous independent variable. Scientific
theory—but also lay theories and mere hunches of an informed researcher or even practitioner—may
provide ideas for such variables and thus for potential instruments. There is little risk of error, as
the relevance of instruments can be easily tested.

In contrast, it may seem curious to use theory in the justification of and instrument’s exogeneity,
given that theory (in the social sciences, at least) is typically understood as—ideally empirically
corroborated—conceptual relationships between constructs. In the case of selecting and justifying
an instrument, however, a researcher needs to plausibly suggest the absence of a relationship
between variables, specifically between the instrument and the dependent variable (except through
the potentially endogenous independent variable). Researchers in this case are thus best advised
to review prior theory from the literature to identify if there are any apparent violations of the
exogeneity assumption of the instrument. As an example, consider the following statement made by
economists Licht et al.: “We find no claims that link [instrument candidate] to [dependent variable]
or to any of the factors mentioned as relevant to [dependent variable] in the literature” [57, p. 673].
In other words, it is their review of prior literature that gives them confidence in their instrument.
Naturally, researchers should not blindly rely on extant work, but will further need to think for
themselves, and might additionally incorporate critical feedback from other researchers into their
considerations of instrumental variables.

Ultimately, however, finding instrumental variables is a creative act—with some methods experts
even explaining that we must expect good instruments to feel “weird” [24]—and making a decision
on an instrument’s exogeneity must typically remain a judgment. We concur with econometricians
Stock and Watson, who write about the exogeneity assumption that it is “incumbent on both the
empirical analyst and the critical reader to use their own understanding of the empirical application
to evaluate whether this assumption is reasonable” [85, p. 417].

6.4 Testing for Endogeneity with Instrumental Variables
As laid out in Section 3.1, endogeneity is by definition not directly detectable and thus cannot
be tested for. However, if one is certain that one has a strong and exogenous instrument, the
Durbin–Wu–Hausman test for endogeneity can be performed [28, 44, 98]. The test assesses whether
there is a significant difference between the coefficients of an OLS model and a corresponding 2SLS
model with instruments.

If the test result is significant and a significant difference in coefficients thus exists, the researcher
may conclude that there is endogeneity in the model (because the correction for endogeneity
actually changed the results). Consequently, the researcher should report the results from the two-
stage model, because these results are consistent in this case. If there is no significant difference,
the researcher should report the OLS results because the OLS estimator is not only consistent in
this case but also more efficient, leading to smaller standard errors.

It is worth emphasizing two points. First, recall again that the exogeneity of an instrument
cannot be tested for without assuming the exogeneity of another instrument. Second, this test
may incorrectly suggest the presence of endogeneity if instruments are used that do not fulfill the
requirements detailed in Section 6.2. In this case, however, reporting the two-stage results would
be no better than reporting OLS results because the two-stage results would be impacted by the
unsuitable instruments. The test should thus only be used when one can reasonably assume the
exogeneity of an instrument.
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7 Illustration Using Simulated Data
To illustrate how to apply the instrumental variables approach, let us return to our simple and
fictitious introductory example. The researcher is interested in studying whether the linguistic
politeness of the natural language in bug reports will influence the time it takes until a bug gets
fixed. Prior research in software engineering has studied politeness, for example, in Stack Exchange
posts [26, 92], Jira issues [27], or GitHub comments [66], or related constructs like incivility in code
review discussion [32]. Similarly, there is a host of prior research on bug-fix time (e.g., in the form
of prediction models [1, 11, 93, 99]).

For this intentionally simple illustration, we will make several assumptions. First, we assume that
the data-generating process, which describes how the true relationships in the overall population
give rise to any data that one might sample, is as follows:

. = V0 + V1-1 + V2-2 + Y. (6)

. is bug-fix time, V0 is the intercept (or “constant”) and takes a value of 1, V1 is the coefficient for
politeness (-1) and takes a value of −0.2, and V2 is the coefficient for the length of a bug report (-2)
and takes a value of −0.3. This means that both politeness and length of a bug report are causally
linked to reduced bug-fix time.

However, we shall also assume that -1 is endogenous, i.e., that there is a correlation between
politeness and the error term. This endogeneity could, for instance, be driven by a variable that
influences both politeness and bug-fix time. A conceivable variable with these properties might be
the severity of the bug or the complexity of fixing it. To keep things simple, we will assume that -2

is exogenous, i.e., the length of the bug report is not related to the error term.
We further consider three variables that might serve as instruments. The first instrument (/1) is

the linguistic politeness typically exhibited in the poster’s country of origin. To obtain such data for
different countries, the researcher might study text corpora with English-language contributions of
individuals from different countries. She might do so, for example, by applying automated tools
for identifying linguistic aspects of politeness [26] to online Q&A websites or forums where the
country of origin of a poster is available, such as Stack Exchange [26, 92]. The typical politeness in
a reporter’s home country must be expected to be—on average—related to how polite a reporter is
in communication with others, for instance when submitting a bug report. At the same time, there
is no obvious reason why the typical level of politeness in a bug reporter’s country of origin would
influence whether a specific bug would be fixed faster or slower, except through the politeness of
the bug report of this very bug. The second instrument (/2) is the politeness of prior bug reports by
others. The “tone” that prior bug reporters struck in their reports might influence the focal bug
reporter. At the same time, it seems unlikely that other bug reports’ politeness would have an effect
on how long a focal bug takes to get fixed. The third instrument (/3) is the number of prior bug
reports by the same reporter. With an increasing number of bug reports, a bug reporter might begin
to strike a less polite tone, for example, because they feel more at ease reporting a new bug. This
is a doubtful instrument since, of course, the number of prior bug reports could conceivably also
have an effect on bug-fix time, for example, if a would-be fixer takes a reported bug more seriously
if it comes from a regular contributor.

We follow prior endogeneity researchers and simulate data with the exact relationships between
the variables we just described [5]. Thus, we know what the results of a correct analysis should
be, and we can compare the results of different analytical approaches to this ground truth. A
replication package with Stata and R code to simulate the data and perform all analyses, as well
as an online supplement discussing the specific Stata and R commands used, is available at https:
//doi.org/10.6084/m9.figshare.22315174.
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Table 1. Simulated Data: Correlations

Bug-fix
time (. )

Politeness
(-1)

Length
(-2)

Error
term
(Y)

Politeness of
reporter’s
home

country (/1)

Politeness of
prior reports
from others

(/2)

Num. of
reporter’s

prior
reports (/3)

Bug-fix time (. ) 1.00
Politeness (-1) 0.11∗∗∗ 1.00
Length (-2) −0.28∗∗∗ −0.00 1.00
Error term (Y) 0.94∗∗∗ 0.30∗∗∗ 0.01 1.00
Politeness of reporter’s home country (/1) −0.17∗∗∗ 0.68∗∗∗ 0.16∗∗∗ 0.00 1.00
Politeness of prior reports from others (/2) −0.08∗ 0.06 0.16∗∗∗ −0.02 0.43∗∗∗ 1.00
Num. of reporter’s prior reports (/3) 0.27∗∗∗ 0.60∗∗∗ 0.05 0.40∗∗∗ 0.19∗∗∗ 0.18∗∗∗ 1.00

∗? < 0.05, ∗∗? < 0.01, ∗∗∗? < 0.001. Num., Number.

Fig. 8. Relationships between variables (unknown to researcher).

Specifically, we make the described assumptions about the relationships and correlations in
the population and draw a sample of 1,000 observations from that population. Table 1 shows the
correlations in the sample between the dependent variable, the two independent variables, the
error term, and the instruments. Figure 8 illustrates the relationships (that are not known to the
researcher). Note that our first instrument has a strong correlation with politeness and none with
the error term. It is thus a relevant and exogenous instrument. The second instrument has a weak
correlation with politeness and none with the error term. It is thus not relevant, yet exogenous. The
third instrument is strongly correlated with politeness, but also has a correlation with the error
term. It is thus, although relevant, endogenous and not exogenous.

Say the researcher from our introductory example conjectures that politeness reduces bug-fix
time because greater politeness in bug reports might show social consideration and avoid a loss of
face [15] on the part of the would-be bug-fixers (who might be the developers who introduced a
bug in the first place), and instead bestow social rewards on them [88]. Consequently, politeness
might compel would-be bug fixers to prioritize such bug reports. If the researcher could establish
this causal link, she would know that users who want their bugs fixed quickly should use more
polite language in the bug reports—a potentially very useful insight for herself and others.

The researcher thus collects the following data for 1,000 randomly sampled bugs (the exact
observations underlying Table 1): bug-fix time, politeness of the corresponding bug report, and
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Table 2. Simulated Data: OLS and 2SLS Models

OLS 2SLS: /1 2SLS: /2 2SLS: /3

Politeness (-1) 0.119∗∗∗ −0.198∗∗∗ −0.592 0.497∗∗∗
(0.032) (0.048) (0.653) (0.056)

Length (-2) −0.287∗∗∗ −0.288∗∗∗ −0.289∗∗∗ −0.286∗∗∗
(0.031) (0.032) (0.038) (0.033)

Constant 0.961∗∗∗ 0.967∗∗∗ 0.975∗∗∗ 0.953∗∗∗
(0.031) (0.032) (0.040) (0.033)

Observations 1,000 1,000 1,000 1,000

Dependent variable: Bug-fix time.
Standard errors in parentheses.
∗? < 0.05, ∗∗? < 0.01, ∗∗∗? < 0.001.

the length of the bug report. The researcher could run a simple OLS model, obtain the coefficient
estimates as reported in the first model in Table 2, and would—based on the results—incorrectly
conclude that there is a positive relationship between politeness and bug-fixing time.

If the researcher suspects -1 to be endogenous, she might collect additional data to use as an
instrument. If she uses the first instrument /1 (relevant and exogenous), she would recover the
actual coefficient for -1 (which we had set to −0.2 in the parameters of our simulation) almost
perfectly, i.e., see that there is in fact a negative effect of politeness on bug-fix time. If she chooses /2

(not relevant and endogenous), the estimated coefficient is very different from the true coefficient,
and it is insignificant. The researcher would thus incorrectly conclude that there is no statistically
significant effect. Finally, if she chooses /3 (relevant and endogenous) as an instrument, she would
incorrectly conclude that her OLS results are understated, and that there is an even stronger
positive relationship between politeness and bug-fixing time. In sum, a model using a relevant
and exogenous instrument yields essentially perfect results for the coefficient for -1, while an
OLS model or problematic instruments lead to incorrect conclusions. The coefficients for the
unproblematic variable-2 are close to the true value (which we had set to −0.3 in our simulation) in
all cases.

To not distract from the key results, we do not tabulate the results of various further analyses, but
they can be reproduced with the code we provide in the online supplement. First, the researcher may
assess the relevance of the instruments. Used separately, all three would be significant predictors
in a first stage. However, /2 can be identified as not relevant because it offers an � value that is
below any relevant cut-off value. Second, the researcher may wish to assess the exogeneity of
the instruments. Since she already knows that instrument /2 is not relevant, she must discard it.
She can perform a test for overidentifying restrictions with the remaining instruments /1 and /3.
The Sargan statistic is highly significant, suggesting that at least one of the instruments is not
exogenous. As the researcher cannot identify which instrument is problematic from this test, she
must rely on theoretical arguments to select the exogenous instrument. When the researcher uses
the relevant and exogenous instrument /1, she can also demonstrate that her OLS model is affected
by endogeneity. Running a Durbin–Wu–Hausman test produces a highly significant result, showing
that the estimates of the OLS model and the 2SLS model differ significantly. Note that this test can
of course not produce interpretable results for the cases in which the instruments are either not
relevant or not exogenous.
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8 Illustration Using Real Data
To further show the applicability of the technique, we now demonstrate its use on a real dataset. In
contrast to the prior illustration, we will also use this as an opportunity to extend our tutorial by
introducing some additional intricacies of instrumental variable regressions. Specifically, we will
use a different type of dependent variable, and we will include fixed effects in our analysis.

Our objective shall be to determine if there is a causal relationship between the number of lines
of code (LOC) in a class and whether there are any defects in it. Note, however, that our focus
lies on the application of the technique, and not on a substantial contribution to the literature on
bugs, which is why we will keep our analysis deliberately simple again.5 For this illustration, we
use the GitHub Bug DataSet, a large publicly available dataset of bugs collected from more than
100 releases of major Java projects hosted on GitHub [89] (version 1.1). It contains information on
bugs and various code metrics at the class level. The replication package with complete Stata code
to reformat the dataset and perform all analyses, as well as an online supplement discussing the
specific commands used, is available at https://doi.org/10.6084/m9.figshare.22315174.

Prior research found that code metrics like LOC are associated with defects, but these studies
were not typically conducted with a focus on causal relationships [23, 25].6 Where regressions have
been used, there was typically no correction for potential endogeneity [42, 62].

To test for a causal link, we will perform a regression with a binary indicator of whether a class
is defective (i.e., contains at least one bug) as the dependent variable and the class’s LOC as one
of multiple independent variable. Since the dependent variable is binary, we cannot use OLS and
2SLS, but instead must use a probit model and a corresponding instrumented version.

As we are concerned that a corresponding regression analysis might be tainted by endogeneity
through omitted variables, we first include several potentially relevant control variables to capture
complexity, cohesion, inheritance, and coupling. Specifically, we add cyclomatic complexity
(CC), lack of cohesion in methods 5 (LCOM5), depth of inheritance tree (DIT), coupling
between object classes (CBOs), and coupling between object classes inverse (CBOI). For
simplicity, we keep this selection deliberately limited.

In addition, as there might be unobserved systematic differences between different projects and
releases, we also include fixed effects at the release level, i.e., a dummy variable for every individual
release of every project, and we cluster the standard errors accordingly. Note that since these dummy
variables identify each release for every project, they control for all time-invariant characteristics
of every project and release. Figure 9 shows the assumed causal relationships between all variables,
with the control variables grouped together for simplicity.

If we are still concerned that there might be one or more omitted variables that might render LOC
endogenous (e.g., unobserved characteristics of the main author of the focal class), we may choose
to use instrumental variable regression. To do so, we need an instrument. A potentially viable
instrument that is not related to whether a given class is defective (exogeneity) but might predict
this class’s LOC (relevance) would be the mean LOC for all other classes in a release. The argument
for exogeneity of this instrument is that there is no apparent reason for why the defectiveness of a
given class should depend on the mean number of LOC in the other classes in a project’s release
(except through the LOC of the focal class). Again, the causal relationships are shown in Figure 9.
To test relevance, we consider the sign and significance of the instrument’s coefficient in the first
stage, as well as the associated � statistic. Unfortunately, the probit instrumental variable estimator
5Various authors have highlighted the “noisiness” of bug datasets, for example, due to dormant bugs [30] and otherwise
incorrectly labeled files [48, 49]. However, since “there is still noise” [48, p. 42] even in datasets that were specifically
designed to fix such issues, and because our aim is not to definitively solve a fundamental question on bugs but merely to
illustrate an econometric technique, we intentionally use the small and simple GitHub Bug DataSet.
6Some works test for Granger causality (e.g., [23]), which, however, is not causality in the sense of this article [39, 51].
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Fig. 9. Relationships between variables (control variables grouped for simplicity).

Table 3. Real Data: Correlations

Defective KLOC (log) CC LCOM5 DIT CBO CBOI

Defective 1.00
KLOC (log) 0.19∗∗∗ 1.00
CC −0.02∗∗∗ −0.02∗∗∗ 1.00
LCOM5 0.06∗∗∗ 0.29∗∗∗ 0.00 1.00
DIT 0.08∗∗∗ 0.07∗∗∗ −0.01∗∗∗ 0.03∗∗∗ 1.00
CBO 0.22∗∗∗ 0.54∗∗∗ 0.04∗∗∗ 0.19∗∗∗ 0.25∗∗∗ 1.00
CBOI 0.09∗∗∗ 0.21∗∗∗ −0.05∗∗∗ 0.09∗∗∗ −0.01∗∗ 0.13∗∗∗ 1.00

∗? < 0.05, ∗∗? < 0.01, ∗∗∗? < 0.001.

we use in this illustration does not produce an � statistic for its first stage. However, the first stage
is essentially identical to the one used in a 2SLS model. Hence, we run such a model, and only
consider its first stage. The first stage we obtain in this way is shown in Table 4. We can see that the
coefficient for the instrument is negative (because if the focal class contains many LOC, all other
classes within the same release are likely to contain relatively less, and vice versa) and significant,
suggesting a relevant instrument. The 2SLS first stage also provides us with a Kleibergen–Paap rk
Wald � value that exceeds the canonical threshold of 10 (remember that since we use clustered
standard errors, the appropriate � value is not the much higher Cragg–Donald Wald � ).

For our substantive analysis, we divide LOC by 1,000 to make the coefficient more interpretable
(yielding KLOC), and take the logarithm to correct for skew. Table 3 reports descriptive statistics.
We also compared the correlations obtained between LOC and other variables to those found in
prior work. We find that our correlations with LCOM5, DIT, and CBO are extremely similar to
those obtained by prior researchers [29]. Table 4 shows the results of a non-instrumented and
the instrumental-variable model. The magnitude of the coefficients and their significance are very
similar. If we perform a Wald test (which is for probit regression what the Durbin–Wu–Hausman
test is for OLS), we do not reject the null hypothesis of no endogeneity.

Overall, our results thus suggest that the independent variable of LOC was not tainted by
endogeneity in our analysis. Therefore, we can be confident that there exists indeed a positive
causal relationship between a class’s LOC and whether or not it is defective.
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Table 4. Real Data: Probit and Instrumental Variable Probit Models

Non-
instrumented

probit

2SLS
first stage

Instrumental
variable
probit

KLOC (log) 0.241∗∗∗ 0.227∗∗∗
(0.017) (0.025)

CC −0.272∗∗∗ −0.153∗ −0.273∗∗∗
(0.065) (0.067) (0.065)

LCOM5 −0.004 0.076∗∗∗ −0.003
(0.003) (0.006) (0.003)

DIT 0.044∗∗ −0.043∗ 0.043∗
(0.017) (0.016) (0.017)

CBO 0.019∗∗∗ 0.076∗∗∗ 0.020∗∗∗
(0.002) (0.003) (0.002)

CBOI 0.002∗∗∗ 0.009∗∗∗ 0.002∗∗∗
(0.000) (0.001) (0.000)

Instrument −0.653∗∗∗
(0.169)

Constant −2.671∗∗∗ 12.331∗∗ −1.560∗∗∗
(0.064) (4.426) (0.116)

Observations 160,240 160,240 160,240

Dependent variable: Class defective.
Standard errors in parentheses.
Release fixed effects included in all models.
∗? < 0.05, ∗∗? < 0.01, ∗∗∗? < 0.001.

9 Challenges and Alternatives
9.1 Challenges of Two-Stage Models with Instrumental Variables
Although theoretically appealing and very useful in practice, there are several challenges when
using two-stage models. First, instruments must be actually relevant. If they are not relevant, and
thus “weak,” 2SLS yields unreliable results in that the coefficients will be biased [14, 63, 83]. In fact,
particularly in smaller samples, weak instruments lead to estimates that are just as biased as OLS
estimates [14]. Importantly, the 2SLS estimator becomes more biased toward the corresponding
OLS estimate if there are many weak instruments [4]. This means that weak instruments cannot be
compensated for by simply more weak instruments [86]. As just-identified 2SLS is approximately
median-unbiased, it is generally advisable to select the single best instrument and use only this one
instrument [4].

Second, as mentioned above, instruments must be exogenous. If this is not the case, results from
2SLS may be biased even more than OLS results [79].

Third, 2SLS should be used only with larger samples. Whereas OLS is consistent and unbiased
(i.e., the estimates are centered on the true population coefficients) even for small samples, 2SLS is
consistent but biased (i.e., it needs large samples for the coefficient estimates to converge on the
population parameters) [4]. Note that samples are typically considered large for statistical purposes
if they exceed 100 observations [85], but the precise bias of 2SLS depends on the number and
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Fig. 10. Guide for how to deal with endogeneity concerns.

strength of instruments used. 2SLS is approximately unbiased in the case that it is just-identified, i.e.,
that there are exactly as many instruments as endogenous regressors. As the number of instruments
increases and as the instruments get weaker, the needed sample size increases [4].

Finally, the discussed 2SLS approach cannot immediately be applied in cases in which endogenous
regressors are binary [4]. Instead, a probit 2SLS model is needed [96].

9.2 Alternative Approaches to Resolving Endogeneity Concerns
Researchers may attempt to demonstrate that there is simply likely no bias due to endogeneity. One
such way is to perform an “Impact Threshold of a Confounding Variable” (ITCV) analysis,
which determines how strongly a suspected omitted variable would have to be correlated with
the independent and dependent variable to invalidate a focal causal inference [34]. This can be
convincing if it can be argued that it is implausible that an omitted variable would exhibit such
high correlations. This may be the case, for example, if the required correlation exceeded that of all
other known confounders which are already included as control variables in a model. A closely
related technique is the “Robustness of an Inference to Replacement” (RIR) [35]. Here, the
researcher can determine which percentage of observations would have to be replaced with null
hypothesis cases to invalidate the focal causal inference.

Depending on the source of the endogeneity concern, researchers may choose yet different
methods or research designs [5]. For example, if selection is the key concern, Heckman selection
models [20, 21, 46] are likely a good choice, although they require a variable with properties very
similar to those of an instrument [16, 95].

10 Recommendations
10.1 Recommendations for Dealing with Potential Endogeneity
The flowchart in Figure 10 represents a guide for researchers on how to deal with endogeneity in
regression analysis. It is based on advice in prior literature [68] and has additionally been validated
with an expert who has published repeatedly on the subject of endogeneity and its remedies.
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If researchers are not interested in making causal claims, they may readily resort to analytical
methods, such as OLS or similar non-instrumented regression, and may largely stop worrying
about potential endogeneity. The same is true if they want to make causal claims, but there is simply
no reasonable endogeneity concern. If there are endogeneity concerns, however, they need to be
addressed. If they can be addressed through control variables or fixed effects, non-instrumented
regression can still be used. If not, researchers will need to find instruments. Each instrument
must be shown to be relevant (e.g., by performing weak identification tests) and exogenous (by
theoretical argument and possibly tests of overidentifying restrictions). If no such instruments
can be found, researchers may resort to either attempting to demonstrate that there is likely no
bias due to endogeneity (using, e.g., ITCV or RIR) or they may use methods that do not require
external instruments (such as the use of Gaussian copulas or heteroskedasticity-based techniques)
which are beyond the scope of this article (but which we briefly discuss in the online supplement).
If researchers have credible instruments, they may estimate both an non-instrumented regression
and an instrumental variable model and compare them (e.g., using a Durbin–Wu–Hausman or
Wald test). If the results differ, they should report the instrumental variable results. If the results are
similar, researchers should report the non-instrumented regression results for efficiency reasons.

10.2 Recommendations for Reporting
When researchers decide to use instrumental variable approaches, we encourage them to provide
certain pieces of information to allow readers to assess if endogeneity concerns were addressed
properly. Specifically, we recommend to report:

—Endogeneity concerns: What are the potential endogeneity concerns? If possible, report specific
concerns about which variables might be omitted.

—Control variables: Which endogeneity concerns are addressed through control variables or
fixed effects? In case of fixed effects, report if standard errors were clustered.

—Assumption to identify causality: Report if the assumption is that the independent variable is
uncorrelated with the error term (no endogeneity) or if the assumption is that one or more
instruments are uncorrelated with the error term.

—Relevance of instruments: Why are the instruments relevant? Provide both theoretical ra-
tionale and empirical test results (in particular full first-stage results and � statistics for all
instruments).

—Exogeneity of instruments: Why are the instruments exogenous? Provide both theoretical
rationale and empirical test results (if more than one credible instrument at hand).

—Robustness: How robust are the results? Report original non-instrumented results and results
of a model with only the strongest instrument. Report results of a test for endogeneity (if
strong and exogenous instruments exist).

11 Conclusion
We explicated the technique of two-stage regressions with instrumental variables and provided
practical recommendations to researchers in the field of empirical software engineering. Despite its
limitations, it is the dominant method to make credible causal inferences in many scientific fields,
including economics, which notoriously has “an obsession with establishing causal relationships”
[78, p. 125]. We hope that our article can serve as a guide for software engineering researchers to
adequately account for the phenomenon of endogeneity in their studies, especially as caused by
omitted confounding variables.
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