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Today’s discussion

2

Theoretical pitfalls1
Variable pitfalls2
Sample pitfalls3

Researcher pitfalls4



How can we minimise the chance of making mistakes 
when creating our research design? 

What theoretical, empirical, and simply human factors 
should we be aware of?

Today’s motivating questions

3



4

Theoretical pitfalls1



1. Is there a credible mechanism connecting X and Y? 

2. Can we rule out Y causing X (endogeneity)? 

3. Is there covariation between X and Y? 

4. Have we controlled for potential spuriousness (Z)?

Four hurdles to establishing causality
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Source: https://tylervigen.com/spurious-correlations

Pitfall #1: Correlation does not equal causation.
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Correlation does not equal causation
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It is a mistake to think there is a causal link when it 
could be because of chance or a third factor.



“A third variable problem occurs when an observed correlation between two variables 
can actually be explained by a third variable that has not been accounted for.”

Pitfall #2: Spurious/omitted variable problem

8Sources: https://www.statology.org/third-variable-problem/ 

1

Y X Z

# dogs # fire hydrants # people

# shark attacks Ice cream sales Temperature

Total natural disaster damage # volunteers showing up to a 
natural disaster Size of the natural disaster

Conflict Trade State capacity

https://www.statology.org/third-variable-problem/


Questions to ask yourself:

Does X cause Y? 

Does Y cause X? 

Do they both affect each other?

Pitfall #3: Endogeneity

9

1



Endogeneity
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POLITICAL ECONOMY

On the endogeneity of political
preferences: Evidence from individual
experience with democracy
Nicola Fuchs-Schündeln*† and Matthias Schündeln*†

Democracies depend on the support of the general population, but little is known about the
determinants of this support. We investigated whether support for democracy increases
with the length of time spent under the system and whether preferences are thus affected by
the political system. Relying on 380,000 individual-level observations from 104 countries
over the years 1994 to 2013, and exploiting individual-level variation within a country and a
given year in the length of time spent under democracy, we find evidence that political
preferences are endogenous. For new democracies, our findings imply that popular support
needs time to develop. For example, the effect of around 8.5 more years of democratic
experience corresponds to the difference in support for democracy between primary and
secondary education.

P
opular support for democracy is critical to
the success of a democracy, especially an
emerging democracy (1, 2). Will support
increase over time when a democracy
emerges and the population gains expe-

rience with democracy? If so, how quickly? Or
are democratic attitudes deeply ingrained in
individuals, such that they are hard to change?
The latest wave of democratizations in theworld,
which started in December 2010 in a movement
often collectively referred to as the “Arab Spring,”
and the subsequent struggles of these countries
provide a recent illustration of the importance
of these questions. However, a study that uses a
clean identification strategy based on an exper-
imental or quasi-experimental setup to identify
the causal effect of accumulating experience
with democracy on support for democracy in a
broad set of countries—or more generally, a study
that identifies endogenous preferences for politi-
cal systems—is missing from the literature.
Indeed, recent research suggests that eco-

nomic preferences are shaped by individual
experiences with markets (3). In particular,
preferences regarding fairness, preferences for
redistribution, and other types of preferences
related to economic behavior vary across socie-
ties in a way that correlates with market char-
acteristics (4, 5). A causal interpretation of these
correlations and the view that economic prefer-
ences are endogenous is founded in theoretical
arguments (6–8) and is empirically supported
by research based on experimental or quasi-
experimental settings, such as the end of commu-
nism in Eastern Europe or the stockmarket return
experiences accumulated over a lifetime (9–11).
Regarding the endogeneity of political prefer-

ences, research has so far shown a positive cor-
relation between experience with political systems

and political preferences at the country level (12),
a positive correlation between attitudes toward
democracy and currently living under a demo-
cratic system (13), and that a longer democratic
experience lowers the probability of exit from
democracy and increases the probability of exit
from autocracy (12). However, a causal influence
of experience with democracy on the support for
democracy, which would imply endogeneity of
preferences, cannot be established from these cor-
relations. The correlations could (partly) be due to
reverse causality (i.e., countries have a democratic
history precisely because the electorate supports
democratic values); or a third, possibly unobserved,
variable, such as historic events or economic con-
ditions, could determine both individuals’ sup-
port for democracy and the political system in place.
Here, we exploited within-country variation at

the individual level in experience with a demo-
cratic regime to establish a plausibly causal im-
pact of experience with democracy on preferences
for democracy, and thereby contribute to a better
understanding of the endogeneity of political
preferences. Because we control for country-
year fixed effects, the observed differences in
attitudes toward democracy do not simply reflect
a reaction to differences in the current quality
of institutions or political environments, but,
under the minimal and plausible identifying
assumption that we state below, constitute a
change in intrinsic preferences due to differ-
ences in the length of exposure to democracy.
For example, if democratic institutions or eco-
nomic conditions improve with the length of
time spent under democracy, this might increase
the support for democracy directly and not
through intrinsic preferences, but it would be
captured in our specification by the country-year
fixed effects, which control for all country-level
unobservables that are specific to a country in a
given year. Any remaining correlation between
experience with democracy and support for
democracy can therefore confidently be attri-
buted to a change in preferences.

SCIENCE sciencemag.org 6 MARCH 2015 • VOL 347 ISSUE 6226 1145
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We base the analysis on two different data
sets: (i) the World Values Surveys, which cover
both developed and less-developed countries
across the world, and (ii) the Afrobarometer
Surveys, which allow us to specifically study
African countries, many of which are still in
the early stages of the transition from auto-
cratic to democratic rule. Our empirical work is
based on more than 380,000 individual-level
observations, coming from 104 countries over
the years 1994 to 2013.
We find that preferences for democracy in-

crease as individuals experiencemore time living
under democratic rule. This result is robust to
different ways of measuring support for democ-
racy and democracy itself, and across the dif-
ferent data sets. Our baseline estimates imply
that 8.5 more years of continuously living under
democratic rule increase support for democra-

cy by as much as going from primary to second-
ary education (as the highest level of education
attained). For new democracies, our findings
thus imply that popular support needs time to
develop.
Both the World Values Surveys (WVS) and

the Afrobarometer Surveys are repeated cross-
sectional surveys at the individual level that
cover a set of questions that is consistent across
countries and over time (details, including a list
of countries and years covered, are in the sup-
plementary text and tables S1 and S2). For our
purposes, the main differences between the two
surveys are in the questions related to support
for democracy. For the analysis based on the
WVS, we mainly used the Inglehart and Welzel
(IW) index introduced in (14), which is based on
four different questions, where higher index
numbers indicate more prodemocratic attitudes;

the index ranges from –6 to 6. The index and the
four questions on which it is based are described
in the supplementary materials. To demonstrate
robustness, we also used all four questions indi-
vidually. For the analysis based on the Afroba-
rometer Surveys, we created a binary variable,
“support for democracy,” which is coded as 1 if
the individual chooses the statement “Democracy
is preferable to any other kind of government”
over the statements “a nondemocratic govern-
ment can be preferable,” “it doesn’t matter,” or
“don’t know” (15).
Our identification strategy relies on exploit-

ing within-country variation in the length of
time that individuals have experienced democ-
racy. To this end, we first identified periods
of democratic rule using the widely used Pol-
ity 2 index from the Polity IV project (16). We
followed the categorization of the Polity IV
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Table 1. Determinants of support for democracy.Question E117 asks whether “having a democratic political system” is “a very good, fairly good, fairly
bad, or very bad way of governing this country.” Question E123 asks whether the respondent agrees strongly, agrees, disagrees, or disagrees strongly with
the statement “Democracy may have problems but it’s better than any other form of government.” Robust standard errors (in parentheses) are clustered
at the country-year level. The omitted age category is older than 60 years; the omitted education category is no education. Columns 1 to 5 show
coefficients from ordered probit estimations, column 6 from a probit estimation.

Determinant

Basis of support for democracy

World Values Survey Afrobarometer

IW index
(2003) (1)

IW index
(2003) (2)

IW index
(2003) (3)

Question
E117 (4)

Question
E123 (5)

Bratton
(2004) (6)

Country democratic at
time of survey

0.339**
(0.141)

0.335**
(0.142)

Country’s democratic
capital

0.063**
(0.030)

0.040
(0.030)

Individual’s democratic
capital

0.021***
(0.005)

0.021***
(0.005)

0.018***
(0.003)

0.021***
(0.004)

0.021***
(0.006)

Age 11–20 –0.162***
(0.044)

–0.066*
(0.036)

–0.053
(0.035)

–0.057**
(0.024)

–0.080**
(0.040)

–0.095***
(0.029)

Age 21–30 –0.101***
(0.039)

–0.023
(0.032)

–0.011
(0.032)

–0.090***
(0.020)

–0.063*
(0.035)

–0.044*
(0.024)

Age 31–40 –0.041
(0.031)

0.007
(0.026)

0.014
(0.026)

–0.069***
(0.017)

–0.047
(0.030)

0.049**
(0.022)

Age 41–50 0.001
(0.025)

0.023
(0.023)

0.031
(0.023)

–0.039***
(0.015)

–0.022
(0.027)

0.078***
(0.021)

Age 51–60 0.038**
(0.019)

0.048***
(0.018)

0.051***
(0.018)

–0.026**
(0.012)

–0.001
(0.021)

0.089***
(0.020)

Male 0.049***
(0.011)

0.050***
(0.011)

0.050***
(0.011)

0.063***
(0.008)

0.042***
(0.012)

0.194***
(0.015)

Primary education 0.073**
(0.033)

0.067**
(0.033)

0.067**
(0.034)

0.029*
(0.017)

0.011
(0.031)

0.215***
(0.022)

Secondary education 0.250***
(0.043)

0.244***
(0.043)

0.233***
(0.043)

0.162***
(0.022)

0.098**
(0.042)

0.448***
(0.036)

Postsecondary education 0.529***
(0.053)

0.523***
(0.052)

0.518***
(0.051)

0.374***
(0.029)

0.275***
(0.051)

0.562***
(0.045)

Country fixed effects Yes Yes
Year fixed effects Yes Yes
Country-year fixed effects Yes Yes Yes Yes
Observations 82,990 82,990 82,990 228,901 92,565 149,035
Number of countries 56 56 56 79 57 31
Survey waves (WVS) 3–5 3–5 3–5 3–6 3–5
Rounds (Afrobarometer) 1–5
Years covered 1994–2006 1994–2006 1994–2006 1994–2013 1994–2006 1999–2013

*P < 0.1, **P < 0.05, ***P < 0.01.
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Before we can even think about running analyses, we need to think theoretically about the 
myriad possible relationships between the outcome we are trying to explain (Y) and the 
factors (X’s) that could affect it. 

Ask yourself the following questions: 

Is there a credible mechanism connecting X to Y? 

Is there a real risk of endogeneity? 

Is there significant covariation between X and Y to explain? 

Have we thought about potential spurious factors (Z’s)?

Theoretical pitfalls—important takeaways
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Variable pitfalls
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Variable pitfalls
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Previously discussed issues

Issue Example

Links between concepts and proxy 
measurements Democracy and Polity IV

Raw numbers vs. ratio variables GDP & GDP per capita

Raw numbers vs. percentages Natural resource rents & rents as a % of government 
expenditure

Raw numbers vs. indices Trafficking victims vs. trafficking index

Mean vs. median vs. mode Individual salaries

Levels of analysis System/country/province/city/individual



Pitfall #4: Multicollinearity

14

2

Perfect multicollinearity definition: “when there is an exact linear relationship between any two 
or more of a regression model’s independent variables.” (Kellstedt and Whitten 2018: 243) 

Multicollinearity is “usually the result of a small number of cases relative to the number of 
parameters we are estimating, limited independent variable values, or model mis-specification.” 
(Kellstedt and Whitten 2018: 246)  

If there are two variables that are perfectly multi-collinear, one will be dropped. 

Think theoretically if both variables are capturing the same underlying trait of the sample you 
are using.



Pitfall #5: transforming (or leaving) variables

15

2

0

5

10

15

Po
pu

la
tio

n 
(Io

gg
ed

)

0 500000 1000000 1500000
Population (in the 1000's)

0

.2

.4

.6

.8

1

Et
hn

ol
in

gu
is

tic
 fr

ac
tio

na
liz

at
io

n 
(1

98
5)

0 .2 .4 .6 .8 1
ELF (squared)

Scholars often transform their variables for theoretical or practical reasons. Why?



Pitfall #6: Stepwise regression
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A regression approach in which you automatically specify a final model through trial and error of 
adding or subtracting independent variables according to some model fit criterion.

Forward selection Backward elimination



Stepwise regression critiques
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Stepwise regression can lead to overfitting.  

It will explain the current data but may not do well with new data. 

It can inflate accuracy estimates and statistical significance.



Pitfall #7: Data mining/garbage-can regressions/overfi
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If we include 20 variables in a model, then on average we will find one statistically 
significant relationship. 

Most variables include missing data. The more variables you include, the smaller 
your sample becomes. 

Some variables may do well with prediction but have only tenuous theoretical links. 

Humans can only conceptualise a small number of moving parts at the same time.



Data mining/garbage-can regressions/overfi
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 338  C. H. Achen

 result is a small, simple, coherent regression, probit, or logit whose observations can be
 looked at with care, whose effects can be modeled with no more than a handful of inde

 pendent variables and whose results can be believed. If this can't be done, then statistical
 analysis can't be done. A researcher claiming that nothing else but the big, messy regression
 is possible because, after all, some results have to be produced, is like a jury that says,"Well,
 the evidence was weak, but somebody had to be convicted."

 Oneal and Russett (2005) suggest that scholarship on the democratic peace has de
 veloped in this way. Naive linear specifications have been replaced by more sophisticated
 nonlinear and interactive models that eliminate more competing hypotheses. That is pre
 cisely the direction of research that the argument of this paper supports, when careful data
 analysis supports the nonlinearities. For the point of this paper is not that linear models are
 somehow wrong, nor that more elaborate nonlinear curve-fitting will save us. To the con
 trary, the more creative our simple models and the fewer elaborate, nonlinear mechanical
 canned statistical outputs we generate, the wiser we will be. But whatever our methods, as
 Oeal and Russett correctly insist, our first loyalty must be to detailed substantive knowledge
 of our observations. As a profession, that is what we are not doing very well now.

 In sum, we need to abandon mechanical rules and procedures. "Throw in every possible
 variable" won't work; neither will "rigidly adhere to just three explanatory variables and
 don't worry about anything else." Instead, the research habits of the profession need greater
 emphasis on classic skills that generated so much of what we know in quantitative social
 science: plots, crosstabs, and just plain looking at data. Those methods are simple, but
 sophisticatedly simple. They often expose failures in the assumptions of the elaborate
 statistical tools we are using, and thus save us from inferential errors. Doing that kind
 of work is slow, and it requires limiting ourselves to situations in which the number of
 explanatory factors is small—typically no more than three. But restricting ourselves to
 subsets of our data where our assumptions make sense also typically limits us to cases in
 which we need only a handful of explanatory factors, and thus where our minds can do
 the creative thinking that science is all about. Far from being a limitation, therefore, small
 regression specifications limited to homogeneous subsets of the data (and their probit and
 logit equivalents) are exactly where our best chances of progress lie.

 References
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Pitfall #8: Dichotomous or categorical dependent variables
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Is it bad that this is above democracy=1?



Addressing limited dependent variables
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Source: Long (1997: 43, 63)



Addressing limited dependent variables
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Source: Long (1997: 41, 63)

 One way to approach modeling with such data is the 
latent variable approach.

 We think that there is an underlying propensity that 
produces the observed outcomes: 0, 1.

y* = Xβ + u 
Where

𝑦𝑖= 
1, 𝑖𝑓 𝑦𝑖

∗ > 𝜅
0, 𝑖𝑓 𝑦𝑖

∗ ≤ 𝜅

MLE Class 4 11



Limited dependent variables regression functions
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Model Maximum likelihood function

Logit

Probit



Variable pitfalls—Important takeaways
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Scholars engage in a daily balancing act when deciding: 

     Which variables to include 

               In what form should we include them 

                         How to estimate our models 

  And which model is appropriate for the distribution of our Y.



Sample pitfalls
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Pitfall #9: Time series vs. cross-sectional sample?
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Image source: https://www.stathelp.se/en/spmap_world_en.html
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It appears that there is an “apparent 
trend in the data that can be eliminated 
or reversed by splitting the data into 
natural groups.”  

(Reinhart 2015:4)

Pitfall #10: Simpson’s Paradox
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A way to evaluate regressions is to run them a 
number of times, each time leaving out a different 
observation and using the results to predict this 
observation (leave-one-out cross-validation). 

Pitfall #10: Overlooking cross-validation

28

3

Image source: https://www.statology.org/leave-one-out-cross-validation/



Along a similar vein to Simpson’s paradox is the danger of thinking your results apply to a 
population that may or not be similar to the sample you used.

Pitfall #11: Extrapolating beyond the data you have
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Source: https://en.wikipedia.org/wiki/Anscombe%27s_quartet#/media/File:Anscombe's_quartet_3.svg

Pitfall #12: Using a regression on a non-linear relationship

30

Assuming linearity can either lead to 
null results or understating true 
relationship (Type 2 errors). 

Anscombe’s quartet —>  

3



Source:  Gleditsch, Nils Petter, Kathryn Furlong, Håvard Hegre, Bethany Lacina, and Taylor Owen. 2006. “Conflicts Over Shared Rivers: Resource 
Scarcity or Fuzzy Boundaries?” Political Geography 25: 361-382. 

Using a regression on a non-linear relationship
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probabilities for shared basin dyads. The shaded areas indicate 90% confidence intervals for the
two lines.18 The figure shows that a shared basin does more to increase the estimated risk of
dispute at the intermediate level of development than for low and high levels. The confidence
bands do not overlap in the middle range, indicating that this difference is statistically signif-
icant for this type of dyads.

These results provide clear support for Hypothesis 10: the more developed a dyad, the less is
the increased risk resulting from sharing a river basin. This is most likely because wealthier
states have the means to cope with resource crises and to make use of advanced water manage-
ment technology. The support is somewhat more ambiguous for Hypothesis 11. Still, they sug-
gest that the benefits to development may not be linear: the estimated initial increase in the
effect of shared basins indicates that resource conflict may accelerate as states develop.

However, the results also indicate that strategies of resource and scarcity management can
develop early in the development process and thus mitigate conflict as basin usage intensifies.
Namibia provides a good example of such policies. It is the very poorest river-sharing dyads,
rather than those at middle income levels, that are most at risk of resource conflicts.

Conclusions

Of the two scenarios invoked to explain the relationship between shared rivers and interstate
conflict in the two earlier studies, the fuzzy boundary does not receive much support. A shared
basin is positively and significantly related to conflict, while a river boundary is not.

Support for the scarcity view of conflict is somewhat ambiguous. As a first test of the
importance of the upstreamedownstream relationship, the number of river crossings is not
significantly related to conflict. The water scarcity and shared water resource variables did
not perform as expected. Drought was not shown to have any effect at all. Dry countries
have significantly more conflict, less so when they share a large river basin.

Fig. 3. Estimated probability of fatal dispute by shared basin and dyad development, 1880e2001. The shaded area
around each line represents a 90% confidence interval.

18 The estimated probabilities and the confidence bands (based on robust standard error estimates) were obtained using
Clarify.
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priorities change and a clean environment is valued more highly, partly because rich countries
can afford to invest in new technology that economizes resource use. The environmental Kuz-
nets curve describes well the pattern of some common forms of pollution, such as SO2 in cities,
but not others, such as greenhouse gas emissions. It underlies the modernization argument that
economic development will eventually improve the environment rather than destroy it (Lom-
borg, 2001; Simon, 1996).

We test this argument here by creating a joint development variable, which measures the to-
tal economic activity in the pair of nations (the variable dyad development is defined as the log
of the total energy consumption in the dyad divided by its total population) and square it to look
for the inverted U suggested by the environmental Kuznets curve. If the environmental Kuznets
curve hypothesis fits this dataset, rich and poor countries should be less stressed by resource
scarcity and therefore presumably less inclined to fight over it. In Model 11, Table 5 we test
this argument by including both the linear and the squared term for economic development16

and the same two terms interacted with Shared basin. The coefficient for dyad development*-
shared basin is significant and negative, supporting Hypothesis 10.

The squared term and the corresponding interaction term are not significant. However, a
likelihood ratio test indicates that they are jointly significant at the 0.05 level.17 Their signs
point in the direction of a Kuznets curve relationship in these data: the estimated probability
of dispute is plotted as a function of dyad development in Fig. 3. The black line plots the
estimated probabilities for dyads that do not share river basins. The grey line plots the

Table 5
Dyad development, regional dummies, and conflict: multivariate analysis, all dyads, 1880e2001

Variable Model 9 Model 10 Model 11

Parameter
estimate

Standard
error

Parameter
estimate

Standard
error

Parameter
estimate

Standard
error

Shared basin 0.69** 0.28 0.62* 0.25 0.64* 0.26
Dyad development 0.059 0.044
Dyad development squared !0.028 0.035
Dyad development*shared

basin
!0.15*** 0.051

Dyad development sq. *shared
basin

!0.036 0.047

Middle East and North Africa 0.37 0.20
MENA*shared basin 0.19 0.28
Sub-Saharan Africa !0.76* 0.38
Sub-Saharan Africa*shared

basin
0.63 0.38

N 107,584 107,584 107,584
Pseudo-R2 0.38 0.38 0.38

*p< 0.05, **p< 0.01, ***p< 0.001.

16 Hibbs (1973) found that a model including a squared economic development term predicted higher levels of internal
violence for middle-income countries. The argument that overcoming dire poverty is necessary to organize violent pro-
test, seems reasonable for interstate violence, too, but we are not aware of any empirical application of it.

17 The likelihood ratio test is not applicable to models using robust estimation of standard errors. The figures reported
here are based on an estimation with ordinary standard errors. The squared terms were not individually significant in this
model either.
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It is easy to get results either counter to your expectations or null effects if your theories are not 
well matched to your data sample. 

Think about whether your theory is more about change within units (e.g. countries or people) 
over time or between units. 

Think about whether the relationship is linear or non-linear. 

Make sure to evaluate the robustness of your findings.

Sample pitfalls—important takeaways
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 Testing for Publication Bias
 in Political Science

 Alan S. Gerber, Donald P. Green, and David Nickerson
 Department of Political Science, Yale University,

 New Haven, CT 06520-8301
 e-mail: alan.gerber@yale.edu

 If the publication decisions of journals are a function of the statistical significance of re
 search findings, the published literature may suffer from "publication bias" This paper
 describes a method for detecting publication bias. We point out that to achieve statisti
 cal significance, the effect size must be larger in small samples. If publications tend to
 be biased against statistically insignificant results, we should observe that the effect size
 diminishes as sample sizes increase. This proposition is tested and confirmed using the
 experimental literature on voter mobilization.

 1 Introduction

 THE DEARTH OF insignificant findings in journals reflects the behavior of both researchers
 and journal editors. Editors and referees look askance at papers that report insignificant find
 ings (Mahoney 1977), and their reputation for doing so creates the "file-drawer problem"?
 researchers elect not to submit their findings when their research fails to reject the null
 hypothesis (Iyengar and Greenhouse 1988; Greenwald 1975).

 If articles that do not reject the null hypothesis tend to go unpublished, surveys of
 published research will create a distorted impression about effect size. To achieve statistical
 significance, studies with a small sample size require larger estimated effects than those

 with large samples. Publication bias against statistically insignificant results is therefore a
 directly testable proposition. One can detect the presence of publication bias by plotting the
 size of the estimated effect by the sample size (Begg 1985, 1994). For one-tailed tests, the
 smaller the sample size, the larger the published effect size (Light and Pillemer 1984).

 Does publication bias inhabit political science? Although the phenomenon has been well
 documented in other fields such as psychology (e.g., Coursol and Wagner 1986), medical
 sciences (e.g., Simes 1986; Begg and Berlin 1988; Dickersin 1990), and economics (e.g.,

 DeLong and Lang 1992), the only extended discussion of publication bias in political sci
 ence is by Lee Sigelman (1999, p. 206) who argues that small sample size is symptomatic
 of poor methodology. According to this explanation, what may appear to be bias toward
 statistical significance may instead be an innocuous process whereby methodologically

 Authors' note: We are grateful for the useful comments from the three anonymous referees. We are also grateful
 to the Smith Richardson Foundation and the Institution for Social and Policy Studies at Yale, which helped fund
 this research, but bear no responsibility for its content.

 Copyright 2001 by the Society for Political Methodology
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including all specifications (full and partial) in the data analysis. We present an example
of how regression coefficients were selected in the appendix.

RESULTS

Figures 1(b)(a) and 1(b)(b) show the distribution of z-scores7 for coefficients reported
in the APSR and the AJPS for one- and two-tailed tests, respectively.8 The dashed line
represents the critical value for the canonical 5% test of statistical significance. There is
a clear pattern in these figures. Turning first to the two-tailed tests, there is a dramatic
spike in the number of z-scores in the APSR and AJPS just over the critical value of 1.96
(see Figure 1(b)(a)). The formation in the neighborhood of the critical value resembles
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Figure 1(a). Histogram of z-statistics, APSR & AJPS (Two-Tailed). Width of bars
(0.20) approximately represents 10% caliper. Dotted line represents critical z-statistic
(1.96) associated with p = 0.05 significance level for one-tailed tests.

7 The formal derivation of the caliper test is based on z-scores. However, we replicated the analyses
using t-statistics, and unsurprisingly, the results were nearly identical. Generally, studies employed
sufficiently large samples, and there were very few coefficients in the extremely narrow caliper
between 1.96 and 1.99.

8 Very large outlier z-scores are omitted to make the x-axis labels readable. The omitted cases are
a very small percentage (between 2.4% and 3.3%) of the sample and do not affect the caliper
tests. Additionally, authors make it clear in tables whether they are testing one-sided or two-sided
hypotheses.
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ABSTRACT

We examine the APSR and the AJPS for the presence of publication bias due to
reliance on the 0.05 significance level. Our analysis employs a broad interpretation
of publication bias, which we define as the outcome that occurs when, for whatever
reason, publication practices lead to bias in the published parameter estimates. We
examine the effect of the 0.05 significance level on the pattern of published findings
using a “caliper” test, a novel method for comparing studies with heterogeneous
effects, and find that we can reject the hypothesis of no publication bias at the 1 in
32 billion level. Our findings therefore raise the possibility that the results reported
in the leading political science journals may be misleading due to publication bias.
We also discuss some of the reasons for publication bias and propose reforms to
reduce its impact on research.

A key objective of political science research is the accurate measurement of causal effects.
Methodological advances (such as increased use of natural, laboratory, and field exper-
iments) have made it much more plausible than in earlier decades that the results of
individual studies are unbiased estimates. Unfortunately, better research design does not
ensure unbiased literatures. For instance, if some results are more likely to be published,
then literatures will be biased even if each study is done well.
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Pitfall #14: Theoretical biases
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Researchers are human, and they often have a tendency of using a particular perspective that 
favours particular populations, opinions, and research questions. 

There are also risks of: 

Confirmation bias—interpret incoming information in light of what you already believe  

Interpretation bias—e.g., hostile attribution bias  

Fundamental attribution error—attribute outcomes as coming more from people’s 
preferences rather than the situation or the structural environment.

4



Pitfall #15: Empirical biases

37

Researchers have a tendency to use the same: 

methods (e.g. OLS or probit),  

data (e.g. Polity IV), and  

interpretation (coefficient significance)  

across papers and (often) research sub-fields.

4
A Birmingham screwdriver

Source: https://www.toolsdiy.co.uk/media/catalog/product/cache/1/image/3318x/9df78eab33525d08d6e5fb8d27136e95/1/0/10372.jpg
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The best research 
involves storytelling 

& indicative  
data/case analysis.

Research is what 
other people do.

I think I can 
formulate a 
falsifiable 

hypothesis.

All I need to do is  
run a regression.



How can we minimise the chance of making mistakes when creating our 
research design? 

What theoretical, empirical, and simple human factors should we be aware 
of?

Today’s motivating questions
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   Important Week 11 terms
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Confi
Data mining 

Dummy variable 
Extrapolation/interpolation 

Fundamental attribution error 
Index/indices  

Interactive effect 
Interactive model

4

 Interpretation bias 
Leave-one-out cross-validation 

Limited dependent variable 
Multicollinearity  
Publication bias 

Stepwise regression 
Transformed variable


