
Borjas and Breznau﻿, Sci. Adv. 12, eadz7173 (2026)     1 January 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

1 of 11

S O C I A L  S C I E N C E S

Ideological bias in the production of research findings
George J. Borjas1,2* and Nate Breznau3

When studying policy-relevant topics, researchers’ policy preferences may shape analytical decisions and results 
interpretations. Detecting this bias is challenging because the research process is not normally part of an observed 
experimental setting. Our study exploits an opportunity to observe 158 researchers working independently in 71 
teams during an experiment. After being asked their position on immigration policy, they used the same data to 
answer the same empirical question: Does immigration affect public support for social welfare programs? The re-
searchers estimated 1253 alternative regression models, and the estimated impacts ranged from strongly negative 
to strongly positive. We find that teams composed of pro-immigration researchers estimated more positive impacts 
of immigration on public support for social programs, while anti-immigration teams estimated more negative im-
pacts. The differences arise because different teams adopted different model specifications. The underlying research 
design decisions are the mechanism through which ideology enters the process of producing parameter estimates.

INTRODUCTION
Consumers of empirical research in the social and behavioral sci-
ences are accustomed to variation in estimates of important theo-
retical and policy-relevant parameters. For example, existing 
estimates measuring the impact of a rise in the minimum wage on 
the employment rate of affected workers (1, 2) or the impact of im-
migration on native worker opportunities (3–5) range from strongly 
negative to strongly positive. Metascience offers insights in how the 
research process generates these dispersions in findings (6). There is 
evidence of confirmation bias, where researchers attempt to hack 
their results to find what they wanted in the first place (7–9); publi-
cation bias, where editors and reviewers filter out findings for rea-
sons that are not purely scientific (10, 11); the “file drawer problem,” 
where some research findings never get submitted for publication 
(12); the use of questionable data and faking of results (13); and the 
noise and errors that enter the research production function be-
cause of human judgment and fallibility (14). In this study, we focus 
on how the political ideology of scientists may bias their policy-
related research results and interpretations (15–17).

As the production of research findings does not take place in an 
observed experimental setting, it is difficult to isolate the potential 
role of ideological bias. The problem is further confounded because 
ideological bias can enter the research process in many ways at dif-
ferent stages, including the framing of the hypothesis and the design 
of the research methodology.

Despite its potential importance, few studies directly examine the 
role of ideology in the research process. Instead, some experiments 
document ideological bias in peer review of the research process. In 
the classic study by Abramowitz et al. (18), a sample of psychologists 
reviewed one of two randomly assigned manuscripts that were oth-
erwise identical except for the conclusion. In particular, the relative 
well-being of college student activists who occupied a campus build-
ing was either higher or lower than a nonactivist sample of the same 
student population. Left-leaning psychologists gave a significantly 

higher ranking to manuscripts where activists reported higher levels 
of well-being. Similarly, Finseraas et  al. (19) conducted an experi-
ment where a sample of Norwegian researchers evaluated a fictitious 
study on majority-minority relations. Although all reviewers evalu-
ated the same research design, the conclusion of the study had been 
randomized to either support “left-liberal” implications or not. The 
researchers who evaluated the version with the left-liberal conclusion 
ranked that research design as being of higher quality. Finally, one 
study examined ideology more directly in the research production 
process via a textual analysis of published studies in economics (17). 
It found a correlation between the language used in the articles and 
the political partisanship of the researchers.

We document the role of ideology in the production of research 
findings by taking advantage of the unique crowdsourced experi-
ment designed by N. Breznau, E. Mark Rinke, and A. Wuttke (20) 
(henceforth BRW). In their experiment, 71 research teams (com-
prising 158 researchers) received the same data to test the specific 
hypothesis that immigration reduces support for social policies 
among the public. The teams had no control over the data to be used 
or the hypothesis to be tested. Past research on this hypothesis is 
interdisciplinary and vast. Collectively, it suggests that the correla-
tion between immigration and support for social programs may be 
negative (21–25), may be zero (26, 27), or may be positive (28–30). 
As part of the experiment and before any empirical analysis was 
done, the participating researchers were asked about their attitudes 
toward immigration; specifically, whether immigration laws “should 
be made tougher” or “should be relaxed.”

The research teams produced wildly different estimates of the impact 
of immigration. As BRW [page 5 of (20)] note, “no two teams arrived at 
the same set of numerical results or took the same major decisions dur-
ing data analysis.” Our study examines this variation to determine 
whether the dispersion depends on researcher priors about immigra-
tion. Our analysis documents that such a correlation exists, a correlation 
overlooked by BRW in their analysis of the data for substantively inter-
esting and important reasons (discussed shortly). Research teams that 
had strong pro-immigration sentiments were more likely to obtain posi-
tive parameter estimates, suggesting that immigration increases public 
support for social programs, which social and behavioral scientists con-
sider to be an indicator of increased social cohesion (31). Conversely, 
strongly anti-immigration teams were more likely to obtain negative es-
timates, potentially suggesting that immigration reduces social cohesion.
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We demonstrate that the combinations of five specific research de-
sign decisions account for about two-thirds of the difference in the 
impacts reported by pro- and anti-immigration teams. The research 
design choices that could uniquely produce large negative effects were 
taken almost exclusively by anti-immigration teams and vice versa for 
pro-immigration teams. In short, research design is endogenous and 
provides the mechanism through which ideology enters the process of 
producing research findings. Last, dispersion in the quality of the 
model specifications adopted by different teams, as measured by a 
random and double-blind review of each modeling strategy by other 
researchers in the experiment, shows that anti- and pro-immigration 
teams received lower peer referee scores than moderate teams.

As noted above, our finding that ideology matters conflicts with 
the BRW [page 5 of (20)] conclusion that “researcher characteristics 
do not explain outcome variance.” The reason for the difference is 
substantively important: The preferred statistical analysis in BRW 
was a regression model [(20), BRW’s Supplemental Appendix, and 
table S5] where the dependent variable—the team’s estimate of the 
impact of immigration on social cohesion—was regressed on a 
variable measuring the team’s ideology jointly with a vector of many 
other variables that described characteristics of the model specifica-
tion used by the team [e.g., logit or ordinary least squares (OLS), 
inclusion of country and year fixed effects, etc.]. The ideology vari-
able was not statistically significant in this expanded specification. 
Our analysis, however, documents that this regression model is 
misspecified if its purpose is to determine whether ideology plays an 

independent role in the production of research findings. The vari-
ables indicating various aspects of the regression specification are 
endogenous and are the mechanism through which ideology influ-
ences statistical estimates. Different researchers choose different 
specifications, and this choice is influenced by ideology. In hind-
sight, the “kitchen sink” regression specification of BRW, while use-
ful in measuring how much of the variance in the estimated impact 
of immigration is explained by “researcher characteristics,” cannot 
identify the impact of ideology on the estimated parameters.

In summary, our exploratory analysis documents that ideology 
has a statistically significant effect on the production of research find-
ings that is robust across model specifications, that much of this effect 
works through the decision-making process that leads researchers to 
choose different modeling strategies for examining the same data and 
answering the same question, and that the identification of the ideol-
ogy effect requires a careful statistical analysis where the potential 
endogeneity of the research process is explicitly considered.

RESULTS
Baseline evidence
The raw data suggests that pro-immigration teams tend to adopt re-
search strategies that lead to the conclusion that immigration increases 
social cohesion, while the opposite is true for anti-immigration teams. 
The average marginal effect (AME) density distributions in Fig. 1C il-
lustrate the pattern. There is much more mass in the negative (positive) 

Fig. 1. Ideology and policy-related estimates from experiment involving 71 teams. The experiment of BRW measured ideological policy positioning of 158 researchers 
in 71 teams (A) who then tested the hypothesis that immigration reduces support for social policy using the same data leading to 1253 estimates of the AME (B). There is a 
strong distributional association between ideology and AME (C). This pattern remains after weighting by the number of models per team and adjusting for covariates (D).
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tail for the anti-immigration (pro-immigration) teams. The summary 
statistics reported in table S1 further document differences in the esti-
mated AME across team types. The raw differences in the mean AME 
are small: It is slightly positive (0.014) for pro-immigration teams, 
slightly negative (−0.008) for moderate teams, and most negative 
(−0.019) for the anti-immigration teams. Differences are starker if we 
focus on the tails of the distributions and significance of the estimates. 
Among the AME estimates produced by pro-immigration teams, for 
example, 5.9% are positive and significant at the 5% level in a one-
tailed test (i.e., |t| > 1.645), and 2.8% are negative and significant. In 
contrast, among anti-immigration teams, 3.7% are positive and signifi-
cant, and 11.9% are negative and significant.

Note that regardless of the team’s ideology, the AME frequency 
distributions tend to cluster around zero. As noted earlier, the starting 
task in the empirical analysis conducted by all teams was to reproduce 
the Brady-Finigan (27) null finding. It would not be surprising if the 
distributions are influenced by the results from that initial task. Some 
of the deviation we observe from the null finding arises because 
anti-immigration teams seem to have made the effort to extend that 
initial analysis in ways that produced negative estimates of the AME, 
while the opposite is true for the pro-immigration teams.

The direct link between ideology and the AME can be docu-
mented by estimating regressions that relate the estimated AME to a 
vector of team-specific variables. The regression model is

where AME
rs

 is the estimate obtained by team r using regression 
specification s and I

r
 gives a measure of team r’s ideology toward 

immigration. The regressions are weighted by the inverse of the 

number of models estimated by the team, and standard errors are 
clustered at the team level.

The regressions include controls for team size and researcher ex-
perience using relevant empirical methods and conducting research 
in the topical area (with detailed descriptions of all variables given 
in the Supplementary Materials). The regressions also include con-
trols for the (sometimes mixed) disciplinary background of the 
team members (e.g., sociology, political science, economics, etc.). 
This variable is crucial because the educational trajectory of a re-
searcher may have a causal association with their political ideology 
(and/or the processes that develop this ideology) and expressed 
policy preferences. It is also evident that different discipline and de-
gree programs expose researchers to different approaches to model 
specification and data analysis. Disciplinary background, therefore, 
may be a confounder variable that should be included in any cor-
rectly specified model to avoid omitted variable bias.

Most researchers are either sociologists (55.4%) or political sci-
entists (27.4%). However, 57 of the 71 teams have more than one 
researcher, and 36 of those 57 combine myriad disciplines. Our 
baseline specification includes fixed effects indicating the discipline 
of the lead author, fixed effects for two-person teams with research-
ers from different disciplines, and fixed effects for three-person 
teams indicating if the majority are sociologists or political scientists 
and if the lead author’s discipline differs from that of the others

Columns 1 to 3 in Table 1 report key regression coefficients using 
three alternative specifications for the ideology variable. Column 1 
shows that going from one extreme of the mean sentiment index to 
the other (from a “1” to a “6” in the scale) increases the estimated 
AME by 0.054 points (with a standard error of 0.029). Column 2 

AMErs = αIr + controls + error (1)

Table 1. Impact of ideology on the estimated AME. Note that *P < 0.1 and **P < 0.05. Full regression results are in tables S2 to S4. Standard errors reported in 
parentheses and are clustered at the team level. Columns 1 to 3 use AME as the dependent variable, columns 4 to 6 use extreme negative and significant effects 
(<10th percentile and P < 0.05) and linear probability models (LPMs), and columns 7 to 9 use extreme positive and significant effects (>90th percentile and 
P < 0.05) and LPMs. For alternative ideology measures, we use the mean score for each team on the ideology question (columns 1, 4, and 7), the percent of each 
team that are anti- or pro-immigration (columns 2, 5, and 9), and the categorization of teams as pro-immigration, moderate, or anti-immigration (columns 3, 6, 
and 9). All regressions have 1253 observations. The regressors also include the team’s index of statistical skills, topical experience, team size fixed effects, and the 
discipline composition of the team members. The unit of observation in the regressions is a model estimated by a particular team. We weigh all regressions by 
the inverse of the number of models reported by the team. If all covariates are constant within a team, then the regression coefficients would be numerically 
identical to those obtained when the regression is estimated using team-level data instead. R2, coefficient of determination.

﻿ Dependent variable

AME Extreme negative and significant AME Extreme positive and significant AME

 Variable: (1) (2) (3) (4) (5) (6) (7) (8) (9)

 Mean immigration sentiment
0.011* – – −0.051** – – 0.019* – –

(0.006) ﻿ ﻿ (0.021) ﻿ ﻿ (0.012) ﻿ ﻿

﻿% of team that is anti- immigration
– −0.050** – – 0.081 – – −0.130* –

﻿ (0.025) ﻿ ﻿ (0.103) ﻿ ﻿ (0.057) ﻿

﻿% of team that is pro- immigration
– 0.023 – – −0.161** – – −0.016 –

﻿ (0.019) ﻿ ﻿ (0.064) ﻿ ﻿ (0.041) ﻿

 Anti- immigration team
– – −0.057* – – 0.150 – – −0.070*
﻿ ﻿ (0.031) ﻿ ﻿ (0.123) ﻿ ﻿ (0.037)

 Pro- immigration team
– – 0.027* – – −0.124** – – 0.017

﻿ ﻿ (0.015) ﻿ ﻿ (0.044) ﻿ ﻿ (0.034)

Difference: Pro − Anti
– 0.074** 0.085** – −0.242* −0.274* – 0.114* 0.087*
﻿ (0.024) (0.031) ﻿ (0.107) (0.125) ﻿ (0.045) (0.035)

﻿R 2﻿ 0.062 0.065 0.071 0.096 0.115 0.133 0.087 0.090 0.089
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relates the AME to the percentage of the team members that are ei-
ther pro- or anti-immigration. The larger the representation of anti-
immigration (pro-immigration) researchers in the team is, the lower 
(higher) the estimated AME is. The difference in the estimated AME 
between teams composed exclusively of either pro- or anti-
immigration researchers is 0.074 (0.024) points. Last, column 3 esti-
mates the difference in the adjusted AME across the three types of 
teams defined above. The AME estimated by pro-immigration teams 
is 0.027 (0.015) points higher than the estimate of the moderate 
teams. In contrast, the AME estimated by anti-immigration teams is 
−0.057 points lower. The difference between the pro- and anti-
immigration teams is 0.085 (0.031) points and statistically significant 
(with a P value of 0.008). The impact of ideology on parameter esti-
mates is not only statistically significant but also numerically impor-
tant.  Figure  1D shows that the difference in the estimated AME 
between an anti-immigration team and a pro-immigration team is 
equivalent to moving from the 16th percentile of the (adjusted) AME 
distribution to the 63rd percentile (with point estimates −0.057 and 
0.027, respectively). This shift represents 68% of the distance between 
the 10th and 90th percentiles shown in Fig. 1B.

The remaining columns of Table 1 report the coefficients from lin-
ear probability models where the dependent variable is a binary indi-
cator set to unity if the estimated AME is in one of the tails (either 
below the 10th or above the 90th percentile) and statistically signifi-
cant at P < 0.05 (and zero otherwise). The statistical impact of ideol-
ogy is notable. Anti-immigration teams are less likely to estimate 
significant effects in the positive tail, while pro-immigration teams 
are less likely to estimate significant effects in the negative tail. The 
probability that an anti-immigration team estimates a sizable nega-
tive AME is 27.4 (12.5) percentage points higher than that of a pro-
immigration team. Similarly, the probability that a pro-immigration 
team estimates a sizable positive AME is 8.7 (3.5) percentage points 
higher than that of an anti-immigration team (columns 8 and 12 
in Table 1). These results reinforce the insight that given the starting 
point of replicating the Brady-Finnigan null result, it is the most ide-
ological teams that tend to depart from this finding and adopt speci-
fications that produce an AME estimate in either tail.

The Supplementary Materials present additional regressions doc-
umenting that our results are robust to various specifications. Ta-
bles S2 to S4 show that the baseline results in Table 1 are unchanged 
if the regressions also include a variable measuring prior belief in the 
validity of the hypothesis being tested (panels A and B) or if the re-
gressions are weighted by “referee scores” from a blind peer review of 
each model specification (panel B), a process discussed in more detail 
below. Table S5 reestimates the regressions using a dependent vari-
able that simply indicates if the estimated AME is positive or negative 
(excluding the models that estimated an AME numerically very close 
to zero, i.e., between −0.015 and  +0.015). This table confirms our 
substantive conclusion: Positive (negative) coefficients are more like-
ly to be estimated by pro-immigration (anti-immigration) teams.

Tables S6 and S7 examine the sensitivity of the evidence to con-
trolling for the role of disciplinary background. Table S6 shows that 
the baseline results are similar when we use two alternative strate-
gies for summarizing the team’s disciplinary background (e.g., using 
only the discipline of the corresponding author or fixed effects that 
capture all discipline combinations among the up-to-three research-
ers per team). Table S7 documents step-wise robustness when add-
ing the control variables and illustrates the potential role of omitted 
variable bias in specifications that exclude disciplinary background. 

Recall that the summary statistics indicated that the unadjusted dif-
ferences in the mean AME across the three types of teams were rela-
tively small. Nevertheless, the regressions show the differences 
become large and significant after controlling for the team’s disci-
plinary composition, statistical skill, and topic experience (as well as 
team size). The key control that produces the large and significant 
ideology impact is the vector of discipline fixed effects. As table S7 
shows, the baseline regressions reported in Table 1 would be almost 
identical if the only other regressors were those fixed effects. As 
noted earlier, this vector partly accounts for the fact that the various 
disciplines differ in their methodological training and in their pre-
ferred methods, expectations, and evaluation systems (32). The 
large differences may also be related to the (unobserved) existence 
and formation of different ideological viewpoints in different disci-
plines. The disciplinary fixed effects then help isolate the ideology 
effect by comparing the research findings produced by researchers 
who have different immigration sentiments after accounting for the 
potentially confounding interactions between disciplinary training 
and ideological perspectives.

The last three tables in the Supplementary Materials examine if the 
evidence is sensitive to how the team’s ideology is defined. Table S8 
reports the difference in the estimates between pro-immigration 
teams and all other teams, bypassing the need to separate out the 
small number of teams with anti-immigration sentiments. It is evi-
dent that pro-immigration teams are more likely to estimate positive 
AMEs than all other teams. To further probe into the robustness of 
the ideology effect, table S9 relates the estimated AME to the immi-
gration sentiments of the most senior member of the team (defined as 
the researcher with the highest level of statistical skills). This exercise 
allows for the possibility that senior researchers have a disproportion-
ate influence in determining the nature of the team’s research product. 
The data again reveal a strong ideological effect, with a significant dif-
ference in estimated AMEs between teams “led” by persons with anti-
immigration and pro-immigration preferences. Table S10 shows that 
the substantive results are unchanged if the data are restructured so 
that the unit of observation is a researcher-model dyad (rather than 
the team-model level). This restructuring allows the analysis to di-
rectly relate the estimated AME to a single researcher’s ideology or 
discipline. The regressions show that individual researchers who are 
at the anti- or pro-immigration extremes of the immigration senti-
ment distribution were more likely to be in teams that reported nega-
tive or positive effects of immigration, respectively.

The regression models used in our analysis represent a cross sec-
tion of the logically justifiable models that would be normally used 
in this type of exercise in empirical social science. As an agnostic 
robustness check, we estimated the ideology effect in the 883 models 
that represent all combinations of the regression specifications used 
in Table 1 and tables S2 to S10. We find that ideology has a statisti-
cally significant effect (with P < 0.10) in 88.2% of the models (with 
the fraction increasing to 92.4% if we exclude the models that may 
suffer from omitted variable bias because the disciplinary fixed ef-
fects are not in the regression). Figure  S3 shows the specification 
curve. The aggregated evidence, therefore, seemingly satisfies a stan-
dard of robustness that follows a Bonferroni logic: In the presence of 
a true effect, a handful of models (~10%) will not reveal it.

Endogeneity of research design
The regression analysis implies that teams at the extremes of the immi-
gration sentiment distribution use different regression specifications. It 
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is important to emphasize that the regressions estimated in Table 1 do 
not include any variables that describe the actual specification of the 
regression model used to produce a particular estimate of the AME. 
After “playing around” with the data, a researcher might infer how par-
ticular variables and estimation techniques influence the sign and mag-
nitude of the estimated AME. For example, the International Social 
Survey Program (ISSP) asked several questions about the government’s 
responsibility to provide specific services, such as housing or health 
programs. The results could be sensitive to which subset of programs is 
used as the dependent variable. Similarly, the immigrant supply shock 
can be measured as a share of the population that is foreign-born or as 
net migration per year. The choice of variables and estimation tech-
niques is one mechanism through which ideological bias might influ-
ence the estimate of the AME. Put simply, research design is endogenous.

The BRW experimental data record the outcome of 103 different 
specification decisions taken by more than one team, such as the 
exact definition of the dependent variable; the measure of the im-
migrant shock; the set of European countries and the waves of the 
ISSP used in the analysis; and the choice of statistical methods such 
as linear probability models, multinomial logit, random effects, etc. 
It turns out that unique combinations of decisions made along five 
dimensions produce much of the variation in the mean AME esti-
mated by the three types of teams. These key decisions are:

1. The ISSP records public attitudes toward the government pro-
vision of various types of programs (jobs, health, etc.). Are these 
responses aggregated to form a single dependent variable (e.g., by 
averaging or estimating a factor index)?

2. Is immigration measured as a stock or a flow?
3. Does the analysis use multilevel modeling to account for varia-

tion in country-year units?
4. Do the regressions use data for all countries in the ISSP?
5. Does the analysis use the 2016 wave of the ISSP (in addition to 

the 1996 and 2006 waves used in the original Brady-Finnigan study)?
The combination of these decisions produces 58 alternative re-

gression specifications with nonempty cells (see table S11 for sum-
mary statistics). For each of these specifications, we calculated the 
“expected AME,” defined as the mean AME in the subset of models 
using that specification. Figure 2A ranks the 58 specifications from 
lowest to highest expected AME and shows the frequency of adopt-
ing each specification. Notably, anti-immigration teams were the 
only ones that used specifications producing the lowest expected 
AMEs and that pro-immigration teams were the only ones using 
specifications that produced the highest.  Figure  2B illustrates the 
frequency distribution of the expected AME for each type of team. 
The density function for the anti-immigration teams has little mass 
for expected AMEs above 0.0, while the density function for pro-
immigration teams has little mass below −0.1.

We reestimated the basic regression models to determine how 
the team’s immigration ideology affects the expected AME distribu-
tion. The coefficients reported in Table 2 are roughly similar to the 
analogous coefficients reported in columns 1 to 3 of Table 1 (from 
regressions that use the actual AME). Column 3 of Table 2 shows 
that anti-immigration teams choose specifications that, on average, 
have an expected AME that is −0.044 (0.024) points lower than the 
typical model estimated by a moderate team, while pro-immigration 
teams choose specifications that have an AME that is 0.014 (0.008) 
higher. The difference in the AME estimated by the two extreme 
types of teams is 0.058 (0.025) points (P = 0.025).

The rough similarity between Tables 1 and 2 suggests that inter-
team differences in research design decisions along five dimensions 
account for much of the (mean) AME difference between team 
types. The regression in column 3 of Table 1 implies that the differ-
ence in actual AMEs between the two extreme types of teams is 
0.085, while the corresponding regression in column 3 of Table 2 
implies that the difference in expected AME is 0.058. Hence, the five 
design choices account for 68% (or 0.058 ÷ 0.085) of this difference. 
The analogous calculation using the coefficients from the regres-
sions reported in columns 2 of Tables 1 and 2 that use the fraction of 
the team’s members that are pro- or anti-immigration implies that 
those choices account for 54% of the difference.

In summary, the endogenous research design choices made by 
teams with immigration ideologies in either tail of the immigration 
sentiment distribution happen to produce parameter estimates that 
seem consistent with the teams’ pre-existing ideological priors. Note 
that we are careful to say “choices” as plural here because a key find-
ing of the original BRW study was that no single specification choice 
mattered much (e.g., logit or OLS). A more recent study, which sim-
ulates the multiverse of all possible choices in the BRW experimen-
tal data, confirms that indeed no single specification choice explains 
much of the variation, but that higher-order interactions of those 
choices explain much of the meaningful variation in outcomes (32). 
Put differently, research design decisions that influence the results 
must be the result of combinations of specification decisions, not 
single decisions. Our analysis of these combinations thus provides a 
straightforward depiction of the mechanism through which ideolo-
gy influences research outcomes.

As noted earlier, our finding that ideology affects the estimate of 
the AME (because ideology influences the team’s research design) 
conflicts with the original BRW conclusion [page 5 of (20)] because 
our empirical analysis explicitly accounts for the possibility that 
variables indicating research design choices are endogenous to the 
process. The examination of any data by any researcher will likely 
reveal certain patterns that become accentuated or less visible as the 
researcher explores alternative statistical models. We have shown 
that the final specification decisions made by researchers are corre-
lated with pre-existing priors about the topic being examined.

Although it would be of interest to conduct a study of exactly 
how researchers end up using a specific “preferred” specification, 
the experimental data do not allow examination of this crucial ques-
tion. For example, we do not know if researchers “consciously or 
unconsciously” gravitate to models that support their preferred con-
clusions. Although the study of the production of research findings 
is in its infancy, our study raises crucial questions that are important 
for understanding the partly subjective nature of empirical research.

Last, each team’s research design was reviewed anonymously by 
four or five other researchers participating in the experiment, and 
BRW constructed a “referee score” for each model by averaging 
these reviews. These data allow us to examine the possibility that 
immigration ideology not only biases the estimated AME, but that 
some of that bias arises because ideology affects research quality. If 
this conjecture is correct, then the impact of immigration ideology 
on research quality may not be monotonic but might instead show 
up in both tails of the immigration sentiment distribution.

Figure 3 illustrates the distribution of standardized referee scores 
for each of the three types of teams. It shows that both the anti- and 
pro-immigration teams have raw distributions of referee scores that 
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Fig. 2. Expected outcomes of AME based on five central modeling decisions. (A) distribution of model specifications by team ideology ranked by order of expected 
AME, calculated as the mean AME for these models. The decisions are: (i) scaling: A = composite dependent variable; (ii) test variable: B = immigration measured as stock 
(% foreign-born), C = immigration measured as flow (net migration); (iii) model structure: D = multilevel modeling for variation at country-year level; (iv) countries: E = all 
available countries in the data included; and (v) data waves: F = data from the 1996 wave included, G = data from the 2006 wave included, and H = data from the 2016 
wave included. (B) distribution with unique specifications plotted by expected AME.

D
ow

nloaded from
 https://w

w
w

.science.org on January 01, 2026



Borjas and Breznau﻿, Sci. Adv. 12, eadz7173 (2026)     1 January 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

7 of 11

Table 2. Determinants of expected AME. Note that *P < 0.10 and **P < 0.05. Standard errors in parentheses are clustered by number of models per team. 
Regressions weighted by the inverse of the number of models reported by the team. All regressions have 1253 observations. The regressors also include the 
team’s index of statistical skills, topical experience, team size fixed effects, and the discipline composition of the team members. The unit of observation in the 
regressions is a model estimated by a particular team. See table S10 for full regressions and robustness checks.

Specification

Variable: (1) (2) (3)

 Mean immigration sentiment
0.007* – –

(0.004) ﻿ ﻿

﻿% of team that is anti- immigration
– −0.026 –

﻿ (0.019) ﻿

﻿% of team that is pro- immigration
– 0.014 –

﻿ (0.014) ﻿

 Anti- immigration team
– – −0.044*
﻿ ﻿ (0.024)

 Pro- immigration team
– – 0.014*
﻿ ﻿ (0.008)

Difference: Pro − Anti
– 0.040* 0.058**
﻿ (0.020) (0.025)

﻿R 2﻿ 0.104 0.110 0.140

Fig. 3. Distribution of standardized referee score by type of team. The figures present the raw distribution of standardized peer review scores for 1215 models across 
71 teams by team ideology; the vertical dotted lines represent the raw means for each type of team.
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lie to the left of the distribution of the moderate teams. The moder-
ate teams obtain the highest mean score of 0.35, as compared to 0.03 
for the anti-immigration teams and −0.33 for the pro-immigration 
teams. Table S12 shows that these differences in referee scores across 
the various types of teams remain even after controlling for the set 
of regressors introduced earlier (i.e., statistical skills, topic experi-
ence, and discipline fixed effects). Note that the documented differ-
ences in research quality across the three types of teams are not 
affected by potential ideological bias on the part of referees. The re-
viewing process was double-blinded and random, so that even if 
referees preferred specifications that would confirm their own bias-
es, the average referee score achieved by any model would not be 
affected. Further, the reviewers did not have access to the actual re-
sults of other teams, only to a verbal description of the statistical 
model and variables to be included. The evidence thus suggests that 
peers in the experiment were aware that “nontraditional” design 
choices might produce outlier results and graded those research de-
signs accordingly.

One possible interpretation of this finding is that “run of the 
mill” specifications, which tended to confirm the Brady-Finnigan 
null results that all teams had reproduced, received the highest ref-
eree score, while the different specifications used by the ideological 
teams (in either direction) received worse scores. This does not nec-
essarily imply that the run-of-the-mill approaches provide an unbi-
ased estimate of the true parameter, as the unconventional approach 
may better approximate the data-generating process.

Result limitations
We view the regressions reported in the text and in tables S2 to S10 
in the Supplementary Materials as covering a large part of the uni-
verse of models that could logically represent the true (and un-
known) data-generating process. Put differently, these regression 
models embody many of the analytical choices that researchers 
could justifiably and reasonably make in any examination of the ex-
perimental data. In a time of increasing concerns over the robust-
ness of empirical social science research, the consistency of the 
substantive finding that ideology influences estimates of the impact 
of immigration suggests that our results qualify as evidence in sec-
ondary data analysis. Nevertheless, our examination of the experi-
mental data has several limitations that are worth noting.

First, the original experiment was not designed to test (neither 
hypothetically nor based on a power analysis) the specific hypothe-
sis examined in our paper: That ideology influences the production 
of research findings. The key motivation for the original experiment 
was to document the “hidden universe of data analysis,” rather than 
identifying which factors create that universe. Although our statisti-
cal analysis reveals robust and strong differences in research find-
ings across different kinds of researchers and/or teams, this 
limitation should not be ignored. Our findings may be considered a 
prior for future research as they provide exploratory evidence of the 
existence of ideological bias, but not a confirmatory test of any spe-
cific ideological bias hypothesis.

Second, although practically all our estimated ideology effects 
are statistically significant, the confidence intervals are often rela-
tively large. As empirical social science shifts away from strict re-
liance on P values, a humbler interpretation of the evidence is not 
that ideology has a significant (rather than an insignificant) effect. 
Instead, it is that, under the assumption that the data-generating 
model implicitly adopted in our analysis is correctly specified, the 

ideology impact ranges from numerically small to large (though al-
ways in the same direction). This dispersion makes it difficult to 
draw a conclusion about the magnitude of this potential form 
of bias.

Third, few researchers revealed strong anti-immigration senti-
ments in the initial questionnaire (before any empirical analysis be-
ing done). This implies that relatively few teams can be classified as 
anti-immigration teams (only 9 teams of the 71 in the specifications 
that specifically allocate teams based on the immigration sentiment 
of their members). Our empirical analysis is then underpowered to 
identify a true effect between anti-immigration sentiments and the 
production of a negative impact of immigration on social cohesion. 
Nevertheless, our substantive conclusion is the same when the anal-
ysis instead compares the research findings produced by the 31 pro-
immigration teams with the findings of all other teams (so that the 
comparison is based on larger sample sizes). The results of our study, 
therefore, may be more reliable when inferring the impact of pro-
immigration sentiments on the production of research findings. Re-
gardless, the key insight of the evidence is the same: Ideology plays 
a role in the production of research findings.

Fourth, it is possible that individual responses to the survey 
question on immigration sentiments were affected by social desir-
ability bias and by concerns about being exposed as someone with 
strong anti-immigration sentiments (particularly in the academic 
environment where most of the individual researchers reside). Al-
though the survey data collected from the individual researchers is 
anonymous publicly and within the group of the 158 researchers 
participating in the study, it was clear from the outset that the re-
sponses would be known to the principal investigators of the crowd-
sourced experiment. A sensible response to these social pressures 
implies that our sample of moderate or pro-immigration teams may 
contain some persons with anti-immigration sentiments. This con-
tamination might help explain why the confidence intervals are so 
large if the hypothesis is true. Future studies analyzing similar ques-
tions could account for these social pressures during the design 
phase of the experiment, minimizing the potential bias introduced 
by misleading responses.

Last, although we have documented that ideology affects the 
choices researchers make in how they examine the same data, there 
is a fascinating and important question that remains unexplored: 
How exactly do researchers work their way through the maze of re-
search design choices and end up with very specific specifications 
that lead to very specific empirical findings? The experimental data 
do not contain information on the extent to which researchers ex-
perimented with alternative specifications and why/when some 
specifications were discarded along the way. The careful observation 
and documentation of scientific workflows—i.e., the documenta-
tion of a researcher’s “garden of forking paths”—may perhaps be the 
most exciting and promising avenue for future research in this area. 
In fairness, the mental gymnastics within a researcher’s mind are 
inherently difficult to observe and document and might require an 
ideal experimental setting where every single step of an empirical 
exercise conducted by the researcher is tracked and recorded.

DISCUSSION
We analyzed data generated by an experiment, where 71 research 
teams (comprising 158 individual researchers) used the same publicly 
available surveys to answer the same question: Does immigration 
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reduce the level of public support for the social programs that make 
up the welfare state? To anyone familiar with the mechanics of em-
pirical work in the social and behavioral sciences, it is expected that 
there were as many estimates of this impact as there were alternative 
regression models (1253 to be exact). Each team had a way of selecting 
the sample for analysis, defining the key dependent and independent 
variables, and specifying the statistical analysis.

The data suggest that the team’s pre-existing preference toward 
immigration restrictions plays a role in producing some of the ob-
served differences. The estimated effect of immigration on social 
cohesion is more positive if the researchers are pro-immigration 
and more negative if the researchers are anti-immigration. Further, 
different combinations of five key design decisions between pro- 
and anti-immigration teams account for much of these results. 
These modeling choices also get lower “grades” from their peers 
than the specifications adopted by researchers who have moderate 
immigration sentiments. In other words, immigration ideology in-
fluences research quality in a way that happens to produce evidence 
that seemingly reflects the team’s pre-existing ideology and is judged 
as worse suited to testing the hypothesis. Although our study is not 
the first to document a link between ideology and research findings, 
our analysis reveals that there is ideological bias across disciplines 
and even in a setting where the stakes are relatively low: The re-
search was not part of a policy-oriented analysis and was not de-
signed to culminate in stand-alone publications by the research teams.

One benign interpretation of our findings is that the time and 
effort devoted to research activities are limited resources, and re-
searchers allocate their time and effort in the same way as everyone 
else. Namely, it is costly to develop an idea into a well-crafted em-
pirical study, and researchers face many trade-offs when making 
this labor supply decision. Given the opportunity cost, it would be 
expected that once a researcher starts examining the data and finds 
a particularly appealing result that can be easily assembled into a 
compelling narrative, the researcher stops the empirical search for 
alternative stories. Metascience research reveals that this behavior is 
not uncommon (13, 33). In this interpretation, researchers who are 
predisposed to favor a particular narrative about the impact of im-
migration begin to craft publishable results once the data seem to 
confirm an internally appealing story.

Even if this interpretation of the research process was correct, it 
highlights a problem. To precisely identify the causal impact of an 
exogenous shock on economic or social outcomes, the literature is 
increasingly dominated by policy evaluation studies. The shocks 
that are easy to find and examine empirically are typically shocks 
created by policy changes. This kind of policy-oriented research, 
however, may well attract a select group of researchers who really 
care about the consequences of the specific policies they plan to ex-
amine. Combined with the trade-offs in time and effort, the strong 
policy focus that motivates much of current empirical research 
could easily amplify the role of ideological bias in estimates of rele-
vant parameters.

We recognize that the conclusions drawn from any analysis of 
this specific experiment are based on a moderately sized sample of 
71 teams. Moreover, ideology was not a treatment variable random-
ly assigned in a controlled setting but simply a question asked to 
learn about researchers’ background characteristics. This limits our 
ability to draw causal inferences. Nevertheless, comparing the re-
search outcomes produced by teams who differ in their immigration 
sentiments across all our regression models (and hundreds of 

permutations of those models), we reject the statistical null hypoth-
esis that ideology has a zero effect on the production of research 
findings in about 90% of the cases. We also recognize that although 
our results may not be generalizable, there probably are ideological 
differences among researchers examining any important issue in so-
cial policy, and our analysis may provide a better understanding of 
the evidence in those contexts. Our findings build a case for further 
development and testing of a theory of ideological bias in the pro-
duction of research findings.

The ongoing revolution in artificial intelligence (AI) will likely 
influence the research process itself. The revolution introduces an 
additional source of ideological bias as the output of any AI algo-
rithm may reflect the bias of its creators and certainly of the data 
that it is trained on (34, 35). Moreover, the revolution may markedly 
lower the costs incurred by ideologically motivated researchers as 
they search across research designs for the model that confirms their 
priors. At the same time, however, just as an AI has already been 
trained to spot statistical errors (36), a future AI could theoretically 
be trained to identify ideological bias.

METHODS
The Supplementary Materials give a detailed description of all variables 
used in the study and present additional tables and figures. Our work-
flow is online (https://github.com/nbreznau/ideology_specification).

The 2018 call for researchers to participate in the BRW experi-
ment stated [SA, page 41 of (20)]: “We seek researchers to partici-
pate in a crowdsourced replication project on a high-profile social 
science question: How does immigration shape public opinion? 
… Participating researchers will (a) replicate and (b) expand a pre-
viously published cross-national quantitative study. We plan to 
distribute the results … and prepare them for publication in a high 
visibility social science journal. All participants who complete the 
analytical tasks will be co-authors on the final paper … We invite 
teams of 1-3 researchers to independently analyze the data” (bold 
in original).

The teams were instructed to first computationally reproduce re-
sults from Brady and Finnigan (27), a classic study of the hypothesis 
that correlated public attitudes toward the government provision of 
social programs with the level of immigration in 17 European coun-
tries using data from the 1996 and 2006 waves of the ISSP. The ISSP 
records attitudes toward government provision of social programs 
by asking: “Do you think it should or should not be the govern-
ment’s responsibility to…provide” these programs as old-age sup-
port, health, housing, and unemployment benefits [SA, page 7 of 
(20)]. The Brady-Finnigan study concluded that immigration did 
not affect public support for social programs.

After the reproduction of this null finding, the teams were then 
instructed to extend the analysis in the best way they saw fit. Each 
research team was given five waves of ISSP data (spanning 1985–
2016), updated measures of immigration levels including percent 
foreign-born in the population and net immigration flows, and an 
updated array of country-level macro-indicator data. By the end of 
the project, BRW received results from 158 researchers in 71 teams.

Researcher information was collected by BRW in four survey 
waves, including educational background, familiarity with statistical 
methods, and prior experience in immigration or social policy re-
search. A key question in these self-completed questionnaires (asked 
in the first wave, prior to any data analysis) ascertained the researcher’s 
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stance toward immigration: “Do you think that, in your current coun-
try of residence, laws on immigration of foreigners should be relaxed 
or made tougher?” [SM, page 87 of (20)]. The researchers were given a 
seven-point scale (from 0 to 6) to answer the question, with the ex-
tremes being “immigration laws should be made tougher” and “im-
migration laws should be relaxed.” Figure 1A illustrates the frequency 
distribution of the researchers’ responses, which skew heavily toward 
a pro-immigration stance: Nearly half strongly support the proposal 
that immigration laws should be relaxed, choosing a “5” or a “6” as 
responses to the question, no researcher responded with a “0,” and 
only 7.7% percent chose a “1” or a “2.”

In their efforts to extend the Brady-Finnigan analysis, the teams 
estimated a total of 1253 regression models. The median team sub-
mitted 12 models, (10th/90th percentiles are 3 and 36, respectively). 
BRW converted the reported results into an “AME”, giving the change 
in the probability of support for the government providing social pro-
grams resulting from a one percentage point increase in the immi-
grant population share.  Figure  1B shows that although the AME 
frequency distribution clusters around zero, it also includes many 
numerically sizable and significant results. For example, the 10th per-
centile estimate is −0.071 (standard error = 0.019), and the 90th per-
centile is 0.052 (0.011). The 10th and 90th percentile estimates imply 
that social cohesion might be very responsive to immigration: A one 
percentage point change in the immigrant share (say, from 10 to 11% 
of the population) might reduce or increase the fraction of the popu-
lation that supports social programs by −7 or +5 percentage points. 
Of course, the interesting question is whether the variation in the es-
timated effect of immigration is strictly random or can partly be at-
tributed to pre-existing and observable researcher characteristics.

One measure of a team’s immigration sentiment is the mean of the 
index illustrated in Fig. 1A across the (up to three) team members. It is 
obvious, however, that a simple averaging of this index may not com-
pletely capture the ideology of a particular team: Two three-person teams 
could both have a mean of 4.0, but this outcome could describe a team 
where all researchers responded with a “4” or a team where one research-
er responded with a “6” and the other two responded with a “3.” To allow 
for the possibility that some team members feel strongly about immigra-
tion (one way or the other) and to establish the robustness of our results, 
we use two additional measures of a team’s ideology. The first is a two-
variable vector giving the fraction of the team that is pro-immigration 
(“5” or “6”) and the fraction that is anti-immigration (“1” or “2”). The 
second classifies teams into distinct categories (and this classification 
also helps visualize the evidence). A pro-immigration team is one where 
more than half the members respond with at least a “5” in the scale, and 
(given the relative rarity of anti-immigration sentiments) an anti-
immigration team is one where at least one member responded with a 
“1” or “2”. These definitions classify 31 of the 71 teams (43.7%) as pro-
immigration and 9 teams (12.7%) as anti-immigration, with the remain-
ing 31 (43.7%) as “moderate.” Although this definition implies that 
relatively few teams are anti-immigration, we show below that the evi-
dence is robust to alternative ways of describing immigration sentiments 
and that the evidence is robust to whether we measure these sentiments 
at the individual or team levels.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S3
Tables S1 to S13
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