Evaluating interdisciplinary research: Disparate
outcomes for topic and knowledge-base

Sidney Xiang”, Daniel Romero®, and Misha Teplitskiy®

This manuscript was compiled on March 6, 2025

Interdisciplinary research is widely regarded as vital for addressing complex global challenges,
making it crucial to understand whether scientific institutions like journals incentivize it.
Prior work has focused largely on how interdisciplinarity relates to outcomes for published
papers, but which papers get accepted for publication in the first place has remained unclear.
Furthermore, journals may evaluate two key dimensions of interdisciplinarity—topic and
knowledge-base—differently. Topic interdisciplinarity (measured through title and abstract)
may incur evaluation penalties by cutting across disciplinary evaluation standards and
threatening symbolic boundaries, while knowledge-base interdisciplinarity (measured through
references) may incur benefits by combining a large pool of non-redundant information.
Evaluations may also depend on how well these dimensions align with each other and the
intended audience. We test these arguments using data on 128,950 submissions to 62 journals
across STEM disciplines, including both accepted and rejected manuscripts. We find that a
1SD increase in knowledge-base interdisciplinarity is associated with a 0.9 percentage-point
higher acceptance probability, while a 1SD increase in topic interdisciplinarity corresponds to
a 1.2 percentage-point lower acceptance probability. However, the penalty for high topic-
interdisciplinarity diminishes when knowledge-base interdisciplinarity is also high, and
when submitted to journals designated as “interdisciplinary.” These findings challenge the
prevailing narrative of bias against interdisciplinary research and highlight the importance of
distinguishing between its dimensions, as well as their alignment with the intended audience.

Interdisciplinarity | Peer review | Research evaluation

I nterdisciplinary research (IDR) is research that “integrates perspectives, infor-
mation, data, techniques, tools, concepts, and/or theories from two or more
disciplines” (1). For decades, the importance of IDR has been touted for bridging
research communities and fostering knowledge integration across boundaries (2).
Policymakers and institutions have increasingly recognized its importance, creating
new funding streams (3), research centers (4, 5), and departmental structures (6)
to support IDR.

Despite ostensible institutional enthusiasm, many scholars still have doubts
about adopting interdisciplinary research agendas, believing that there are penalties
against interdisciplinarity in evaluative contexts such as hiring, promotion, and
tenure (7-9), as well as peer review (10). Empirical evidence is mixed, with some
existing work finding evidence that IDR is associated with evaluation penalties,
while other work finds either no association or evaluation benefits. Furthermore,
most existing studies are only able to observe published papers and have limited
insight into effects at the journal peer review stage.

In this paper, we resolve these gaps in the literature by leveraging a unique
dataset including both accepted and rejected papers. This allows us to investigate
interdisciplinarity at the journal review stage directly, alleviating much of the
selection bias of observing only published papers. Drawing from literature on
category spanning evaluation and team diversity, we distinguish between two di-
mensions of interdisciplinarity: Topic and knowledge-base. Topic interdisciplinarity
is the interdisciplinarity of the subject matter a work addresses, which we measure
via classification of title and abstract text into disciplines. It may be associated
with lower evaluations because its interdisciplinarity is highly apparent, leading
to difficulties in interpretation or identifying appropriate standards of evaluation.
Knowledge-base interdisciplinarity is the interdisciplinarity of ideas a work uses
to support its claims. We measure it via the disciplinary categories of the focal
work’s references. Knowledge-base interdisciplinarity may lead to higher evaluations
because the work draws from a larger pool of non-redundant
information and demonstrates mastery of a wider range of
literature.
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Significance Statement

Interdisciplinary research is essen-
tial to solving the world’s most press-
ing problems, but do scientific insti-
tutions reward it? Analyzing peer
review data from 128,950 STEM
manuscripts, including those that
were rejected, we found that higher
knowledge-base interdisciplinarity
(measured through references) was
associated with higher acceptance
rates, and higher topic interdisci-
plinarity (measured through title and
abstract text) was associated with
lower ones. These associations
varied based on alignment with the
journal’s focus and interactions be-
tween the types of interdisciplinarity.
Highly topic-interdisciplinary sub-
missions did not fare worse if they
also had high knowledge-base inter-
disciplinarity, and interdisciplinary
journals were more favorable to-
wards both types. This suggests the
importance of distinguishing differ-
ent dimensions of interdisciplinarity
and their alignment with each other
and the audience.
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We explore these arguments using administrative data
from the Institute of Physics Publishing, one of the world’s
largest STEM publishers. The data include metadata and
review outcomes for 128,950 manuscripts submitted between
2018 - 2022 to 62 peer-reviewed journals encompassing a wide
range of STEM disciplines, with titles such as “Neuromorphic
Computing and Engineering”, “Environmental Research: Cli-
mate”, and “Physics Education”. We find that manuscripts
with high knowledge-base interdisciplniarity have better eval-
uation outcomes on average: a 15D higher interdisciplinarity
in references is associated with a 0.7 percentage point higher
probability of positive reviews and a 0.9 percentage point
higher probability of acceptance. However, a 15D higher topic
interdisciplinarity is associated with a 0.4 percentage point
lower probability of positive reviews and a 1.2 percentage
point lower probability of acceptance.

These associations vary asymmetrically with alignment
between the two types. Submissions with high topic inter-
disciplinarity are not penalized when their knowledge-base
interdisciplinarity is also high. However, submissions with
high knowledge-base interdisciplinarity are not associated
with further evaluation benefits when their topic interdisci-
plinarity is also high. Furthermore, these associations depend
on whether the journal is categorized as interdisciplinary
by the publisher, with interdisciplinary journals displaying
no penalty against either form of interdisciplinarity. This
illustrates the efficacy of designated interdisciplinary venues
in promoting IDR.

These findings have important implications for the study
of IDR, as well as research evaluation, strategies, and institu-
tions. This is the first study, to our knowledge, that includes
rejected manuscripts in the study of interdisciplinarity in
journal peer review to attentuate the selection issues in
observing only accepted papers. Additionally, we expand
the conception of interdisciplinarity to encompass multiple
dimensions of a manuscript, a distinction left unmade in
much scholarship on category spanning in creative works.
Our findings suggest that works are better conceptualized as
bundles of elements, each having its own degree of category-
spanning, and that these dimensions and their alignment
may be associated with different benefits and penalties.
These distinctions help bring existing findings into a common
framework.

For researchers, the findings suggest that IDR is not uni-
versally encouraged or discouraged by journals and reviewers—
associations are only of modest magnitude and differ in
direction based on interdisciplinarity type and alignment.
This challenges the dominant view that IDR is widely
penalized. For institutions, the result that journals designated
as “interdisciplinary” give higher evaluations to both types of
interdisciplinarity suggests that top-down efforts to promote
category-spanning creative work can be effective. Preferences
for or against interdisciplinarity are unlikely to be caused
by unavoidable cognitive biases during evaluation (11), but
can be strategically managed. Further research is needed to
understand the extent to which the observed associations are
causal, and what mechanisms drive the evaluation differences
between topic/knowledge-base interdisciplinarity and mono-
/interdisciplinary journals.

2 — www.pnas.org/cgi/doi/10.1073/pnas. XXXXXXXXXX

Background

Evaluation penalties. Following (12), interdisciplinary re-
search products can be viewed as a type of category-spanning
product in a market. Audiences in a market interpret
products through a shared framework of categories, and
their assessments are influenced by a product’s similarity
to prototypical category features. (13). Many studies have
shown that category-spanning entities— those that blend
features of multiple categories— are evaluated less favorably
than those that specialize in a single category. This effect
has been found in domains as diverse as actors (14), feature
films (13), eBay (13), peer-to-peer lending websites (15), and
wines (16).

There are two commonly cited arguments for why these
evaluation penalties arise. First, the effect may be on the
“audience-side,” where audiences discount category-spanning
products because of perceptions of lower quality. Audiences
may use the heuristic that multiple category membership
results in fewer resources being devoted to each category,
leading to a lower quality product (13). Additionally, if
audiences closely identify with a category (e.g. a disci-
plinary journal editor evaluating manuscripts), there may be
gatekeeping: attempts to defend the distinctiveness of their
category against outsiders (17, 18). The cognitive challenges
of processing a category-spanning entity may also lead to
difficulties in evaluation and unconscious biases (19, 20).
Secondly, the penalty may occur on the “producer-side,”
where the resource splitting inherent in category-spanning
actually lowers product quality. This is distinct from the
perception of lower quality, as shown in (15, 16).

In the context of IDR evaluation, single-category products
are monodisciplinary research works, and multi-category
products are interdisciplinary research works. Potential
audience-side penalties include evaluators inferring a lower
level of expertise behind interdisciplinary offerings, gate-
keeping their discipline against perceived outsiders (17),
and being unsure of what set of standards to apply to
interdisciplinary work (as different fields hold different values
and norms) (21). Potential producer-side penalties include
the increased cognitive and collaborative overhead necessary
to integrate knowledge across disciplines and the resultant dip
in productivity (22). Thus, the category-spanning literature
suggests that IDR may incur evaluation penalties because of
audience perceptions of lower quality, along with potentially
actual lower quality resulting from the difficulty of doing
interdisciplinary work.

Evaluation benefits. Category-spanning may also lead to ben-
efits. Studies on team diversity have consistently highlighted
the importance of educational background and expertise
heterogeneity to team creativity and innovation (23). This
relationship appears to be moderated by factors such as
participatory leadership and the extent of advice networks
within and without the group ((24, 25) as cited in (23)).
The importance of participatory engagement and robust
communication networks supports the claim that diverse
teams produce greater innovation through the mechanism
of knowledge integration: the ability to draw upon wider
pools of non-redundant information to solve problems. This
idea is supported by research at the organizational level as
well: slow individual convergence to organizational knowledge
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helps maintain the diversity of information needed to improve
organizational knowledge over time (26).

These conclusions have significant implications for IDR,
where team innovation and collective knowledge-building are
the modus operandi. The diversity of expertise represented
by an interdisciplinary collaboration directly translates into
diversity of information, which contributes to higher levels of
collective knowledge. Accordingly, interdisciplinary research
can be of greater quality in the long run than monodisciplinary
research produced using more homogeneous information. This
quality premium should merit higher evaluations.

Evaluation and alignment. The category-spanning market
framework does not account for the potential role of alignment:
alignment among features of the research product, as well as
alignment between product and audience.

To conceptualize the alignment of research product
features, we can look to the organizational concept of
congruence, or the alignment between “needs, demands, goals,
objectives, and/or structures” of various components within
an organization (27). The importance of congruence (partic-
ularly between marketing and operations) to organizational
effectiveness has been reviewed in (28). They theorize that
a marketing campaign’s effectiveness relies on the alignment
between the campaign and operations, or the ability of
organizational operations to fulfill the campaign’s promises.
Likewise, a research product’s topic, as “marketed” through
its title and abstract, can only be compelling if supported
by an appropriate knowledge-base. The interdisciplinarity of
a topic should be matched by the interdisciplinarity of the
information used to make claims about it.

Beyond alignment within research product components,
alignment between research product and anticipated audience
is also important. This relationship can be viewed through
the lens of strategic framing: the “use of rhetorical devices in
communication to mobilize support and minimize resistance’
(29). Interdisciplinary researchers are especially cognizant of
the importance of strategic framing when presenting their
work for disciplinary audiences (22). Since different disciplines
adhere to different norms, standards, and values, savvy
authors employ strategic framing to present their research
product in a way that aligns with the expectations of their
target audience, thereby enhancing perceived legitimacy and
relevance within disciplinary communities (30). Strategic
framing may thus work to mitigate audience-side penalties
by increasing the perceived degree of membership within one
category while decreasing membership in others. Although
strategic framing is often discussed within the management
and organization science literature for its effectiveness in
market positioning (30-32), its relevance extends to research
evaluation as well, especially when considering the boundary-
spanning case of IDR. Thus, when considering the evaluation
of IDR, we expect that alignment in interdisciplinarity
between the product and the audience should lead to better
evaluation outcomes.

i

Prior research on peer evaluation of IDR. A number of
prior works investigate the peer evaluation of IDR through
direct outcomes like accreditation, grants, and publication;
or downstream outcomes like citation impact. However,
there are two major gaps in the literature this study helps
fill. First, most studies treat interdisciplinarity as a one
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dimensional feature, using a single basis of measurement such
as author-provided labels or disciplines of referenced journals.
The variation in empirical findings suggests that basis of
measurement makes a difference— thus, one contribution is to
measure two distinct kinds of interdisciplinarity that are often
invoked in the empirical literature as standalone measures.
Second, the only works that have studied IDR in the setting
of journal peer review have only been able to do so indirectly
through outcome variables such as time spent in review, and
most suffer from selection bias due to the unobservability
of unpublished papers. This paper addresses this gap by
using a unique administrative dataset provided by a large
STEM publisher that includes decisions for both accepted
and rejected manuscripts.

Mixed findings and measurements. Prior findings are mixed
regarding whether interdisciplinary research helps or hurts
scientists’ careers. IDR has been found to negatively
affect productivity (12), professional advancement (17, 33),
and grant acquisition (34), particularly when evaluation
is structured around disciplinary panels (35). However,
moderately interdisciplinary papers have greater citation
impact (36), especially in the long term (37), although they
experience higher variance (12, 38). Interdisciplinary team
composition has been found to lead to higher impact papers
(39-41). Dai et al’s study measuring more than one dimension
of interdisciplinarity observes inconsistent associations within
the same set of papers, observing that poor semantic fit with
established fields leads to lower chances of publication in a
top journal, while referencing outside of one’s field leads to
higher chances and higher citation impact once published
(42).

We argue that these mixed findings are partially due to
how the evaluation of IDR differs along different dimensions
of interdisciplinarity. The empirical studies mentioned above
use very different features as their basis of measurement. For
instance, (34, 35) use author-reported disciplinary focus areas,
(17, 40, 41) use the disciplines of authors’ prior publications,
(12, 36, 37, 42) use the disciplines of a work’s references,
while (42) uses semantic features of the text. Each of these
quantities captures different dimensions of a project, and
interdisciplinarity within different dimensions may lead to
different evaluation outcomes.

Existing literature falls into two broad categories: those
that measure author-reported disciplines and those that
measure the disciplines of references or prior work. Author-
reported disciplines are a declaration of categories authors
want their work to compete in. When evaluation is structured
around categories, interdisciplinary products incur audience-
side penalties from lower perceived quality, higher cognitive
load, unclear evaluation standards, and categorical gatekeep-
ing. Thus, (34, 35) both find disciplinary evaluation penalties
against IDR when interdisciplinarity is measured in this way.

On the other hand, prior publications and references
represent the pool of knowledge and expertise from which a
project draws. Greater diversity in these should lead to
greater collective knowledge and innovation. Measuring
interdisciplinarity via authors’ prior publications, (40, 41)
both find that this type of interdisciplinarity is associated
with higher citation impact. Measuring via references,
(12, 36, 37, 42) also find better evaluation outcomes for IDR.
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The differing bases of measurement in the literature
motivate the use of two distinct measures of interdisciplinarity:
one that is based on the disciplinary framing of manuscript
content, and one that is based on the disciplinary composition
of manuscript references.

Limited observability of journal peer review outcomes. Existing
evidence on the success of interdisciplinary papers is limited
by the unobservability of the peer review process. Of eight
studies investigating IDR at the paper level, five only use
data on published papers and cannot study peer review
directly (36-38, 43, 44). Observing only published papers
introduces a degree of selection bias— the observed citation
impact effects could partially arise from a penalty against
interdisciplinarity in peer review, allowing only the highest-
quality interdisciplinary papers to reach publication.

Three other studies observe indirect signals of peer review
outcomes: time under review (12), peer review scores in
the UK’s Research Excellence Framework program (45), and
preprints’ appearance in top journals (42). However, both
time under review and REF peer review scores were for
already-published papers, encountering the same selection is-
sues (papers reviewed by REF were also limited to researchers’
best 1-5 works, introducing further selection). Observing
preprints’ eventual appearance in top journals circumvents
this to some extent, but without being able to observe review
decisions directly, it is unclear how outside factors influence
this outcome, such as authors’ strategic assessments about
what journals to submit to.

The only two papers that directly observe peer review
outcomes both pertain to research proposals. Bromham et al.
find that interdisciplinarity is associated with lower funding
success (34), while Seeber et al. find that this penalty is
attenuated in the absence of disciplinary review panels (35).
While these findings could generalize to the context of journal
peer review, there is reason to believe that review mechanisms
and the types of research rewarded differ between ex ante peer
review (of proposals) and ex post peer review (of completed
manuscripts) (46).

Prior research provides preliminary evidence that inter-
disciplinary manuscripts fare slightly worse in peer review
than monodisciplinary counterparts. However, because of
differences between ex ante and ex post review, as well as
limitations of existing evidence on IDR in ex post review,
more empirical evidence is needed. This paper leverages
peer review data for 128,950 manuscripts to provide direct
observational evidence of ex post peer review decisions at
scale.

Topic and knowledge-base interdisciplinarity. Existing liter-
ature measures interdisciplinarity in several different ways,
leading to evidence of both penalties and benefits. To distill
these varied insights, we focus on two key dimensions. First,
works can be interdisciplinary in the topics addressed— the
specific questions or themes they explore. Second, works
can be interdisciplinary in the knowledge-base they draw
upon— the information they rely on to support arguments
and conclusions. The need for this distinction is apparent in
light of different measurement approaches yielding different
findings. We argue that these two dimensions and their
alignment have distinct interactions with research evaluation
processes.

4 — www.pnas.org/cgi/doi/10.1073/pnas. XXXXXXXXXX

First, knowledge-base interdisciplinarity is more clearly
associated with knowledge integration benefits since topic
interdisciplinarity alone does not guarantee the use of diverse
expertise. Second, topic interdisciplinarity is more clearly
associated with category-spanning penalties since its category
spanning is more perceptually obvious. Third, knowledge-
base interdisciplinarity (particularly via references) serves
a rhetorical function by demonstrating alignment with the
intended audience’s intellectual milieu. Finally, a match
between topic and knowledge-base interdisciplinarity should
confer evaluation benefits through the display of congruence.

To explore this distinction between topic and knowledge-
base interdisciplinarity, we measure the two for a large dataset
of manuscripts submitted to the Institute of Physics Publish-
ing between 2018 - 2022. Topic interdisciplinarity is measured
via the OpenAlex concept tags on manuscripts’ associated
OpenAlex records, and knowledge-base interdisciplinarity is
measured via the concept tags on manuscripts’ references.
By measuring them together, we can directly compare their
individual and joint relationship with evaluation outcomes.
Our research questions are:

e RQ 1: Is there a positive or negative association between
manuscripts’ topic interdisciplinarity and evaluation
outcomes?

o RQ 2: Is there a positive or negative association between
manuscripts’ knowledge-base interdisciplinarity and
evaluation outcomes?

¢ RQ 3a: How does alignment between topic interdisci-
plinarity and knowledge-base interdisciplinarity relate to
evaluation outcomes?

e« RQ 3b: How does alignment between each type of inter-
disciplinarity and journal audience relate to evaluation
outcomes?

With our dataset of submitted manuscripts, reviews,
and publication outcomes, we are able to estimate these
relationships in a uniquely direct way.

Results

Descriptive statistics. The distribution of each interdisci-
plinarity measure is shown in Figures 1 and 2 in the SI
appendix. Descriptive statistics for the interdisciplinarity
measures and covariates are shown in Table 1. Notably, topic
interdisciplinarity and knowledge-base interdisciplinarity are
moderately correlated, with a correlation coefficient of 0.56.
This suggests careful interpretation of coefficients when
regressing both variables together (i.e. keeping in mind that
the coefficient for one is conditional on the other being held
fixed), and examination of interaction effects.

Model results. Logistic regression results for final decision are
shown in Table 2, and results for reviewer positivity are shown
in Table 3. Models 1 - 2 exclude covariates and interactions,
models 3 - 5 add covariates, and model 6 adds the interaction.
Coefficients for journal, manuscript type, and year indicator
variables are omitted for readability. Regression coefficients
and standard errors for models 3 - 4 (with covariates but
without interactions) are visualized in figure 1.
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Table 1. Descriptive statistics and correlations. Review positivity statistics are at the individual review level.

Mean SD Topic ID  Knowledge-base ID  Year (20XX) Teamsize = Max author ~ Max author ~ Number of
ID citations publications  references
Topic ID | 0.315 0.215 1.00 0.56 0.02 0.02 -0.01 -0.01 -0.00
Knowledge-base ID 0.474 0.166 0.56 1.00 0.07 0.07 -0.01 -0.01 0.03
Year (20XX) 19.6 1.28 0.02 0.07 1.00 0.03 0.06 0.00 0.09
Team size 4.72 3.16 0.02 0.07 0.03 1.00 0.23 0.22 0.11
Max author citations | 28039 72218 -0.01 -0.01 0.06 0.23 1.00 0.96 0.01
Max author publications 2047 5425 -0.01 -0.01 0.00 0.22 0.96 1.00 0.00
Number of references 39.4 29.2 -0.00 0.03 0.09 0.11 0.01 0.00 1.00
Table 2. Logistic regression, Final decision
Dependent variable: Final decision
(1) () (3) 4) (5) (6)
Constant 0.142%** 0.142*** —2.642%** —2.653*** —2.620*** —2.627***
(0.006) (0.006) (0.071) (0.071) (0.071) (0.071)
Topic ID —0.040*** —0.055%** —0.094*** —0.096***
(0.006) (0.007) (0.008) (0.008)
Knowledge-base 1D 0.020*** 0.040*** 0.089*** 0.102***
(0.006) (0.007) (0.008) (0.008)
Topic ID:Knowledge-base ID 0.042***
(0.006)
Covariates? No No Yes Yes Yes Yes
Observations 128,950 128,950 128,939 128,939 128,939 128,939
Log Likelihood -89,031.640 -89,050.740 -79,621.140 -79,640.350 -79,562.470 -79,541.160
Akaike Inf. Crit. 178,067.300 178,105.500 159,472.300 159,510.700 159,356.900 159,316.300

Note:

Model coefficients
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Fig. 1. Regression coefficients and standard errors for models 3-4, which include
covariates but not interactions.
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*p<0.1; **p<0.05; ***p<0.01

Across all models and outcome variables, topic interdisci-
plinarity has a significant negative association with evaluation
outcomes, whereas knowledge-base interdisciplinarity has a
significant positive association. The average marginal effect of
a 1 SD increase in topic interdisciplinarity is a 1.2 percentage-
point decrease in the probability of acceptance and a 0.4
percentage-point decrease in the probability that a review
recommends acceptance. The average marginal effect of a
1 SD increase in knowledge-base interdisciplinarity is a 0.9
percentage-point increase in the probability of acceptance
and a 0.7 percentage-point increase in the probability that a
review recommends acceptance. Given the widespread belief
in IDR’s evaluation penalties and scholarly benefits, the small
magnitude of these results may be surprising.

These results hold when interdisciplinarity is measured
using level 1 OpenAlex concept tags (SI appendix section
7), for the corresponding linear probability model (section 8)
and using raw numeric control variables (section 9).

We also observe significant positive interaction effects
between topic and knowledge-base interdisciplinarity for
both outcome variables. These interactions are on the
order of the main effect sizes, with coefficients of 0.042 and
0.020 for the final decision and reviewer positivity models,
respectively. While further research is needed to establish
causality, this association suggests that topic and knowledge-
base interdisciplinarity are beneficial when aligned: more
interdisciplinary references alleviate some of the penalty
against interdisciplinary topics, and more interdisciplinary
topics magnify the benefits of interdisciplinary references.
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Table 3. Logistic regression, Review positivity

Dependent variable: Review positivity

(1) (2 (3) (4) (5) (6)
Constant 1.391*** 1.392%*** 0.613*** 0.609*** 0.633*** 0.632***
(0.006) (0.006) (0.070) (0.070) (0.070) (0.070)
Topic ID —0.012** —0.029*** —0.060*** —0.061***
(0.006) (0.007) (0.008) (0.008)
Knowledge-base ID 0.049*** 0.047*** 0.076*** 0.081***
(0.006) (0.007) (0.008) (0.008)
Topic ID:Knowledge-base 1D 0.020***
(0.006)
Covariates? No No Yes Yes Yes Yes
Observations 197,119 197,119 197,090 197,090 197,090 197,090
Log Likelihood -98,435.400 -98,399.480 -95,603.910 -95,592.230 -95,560.340 -95,555.220
Akaike Inf. Crit. 196,874.800 196,803.000 191,437.800 191,414.500 191,352.700 191,344.400
Note: *p<0.1; **p<0.05; ***p<0.01
Predicted probabilities of acceptance
05 T
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Topic interdisciplinarity (standardized) § ,/’ e ~  3rd quartile
§ 0.4 — _ Maximum
Fig. 2. Interaction plot depicting differences in the relationship between topic a L
interdisciplinarity and predicted acceptance probability for different values of
knowledge-base interdisciplinarity.
Figures 2 and 3 show the positive interaction between 03
topic and knowledge-base interdisciplinarity. Figure 2 shows
that higher knowledge-base interdisciplinarity attenuates 3 2 A 0 i 2

the negative relationship between topic interdisciplinarity
and acceptance. Interdisciplinary manuscripts have worse
peer review outcomes when they don’t support their higher
topic interdisciplinarity with high knowledge-base inter-
disciplinarity. In Figure 3 shows that manuscripts with
higher topic interdisciplinarity are evaluated lower at all
levels of knowledge-base interdisciplinarity. In summary,
interdisciplinary references are evaluated positively even when
the topic is not broad, and work on broad topics is not
evaluated negatively unless it fails to cite widely.

Results across mono- and interdisciplinary journals. We
disaggregated our results by journal interdisciplinarity ac-
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Knowledgebase interdisciplinarity (standardized)

Fig. 3. Interaction plot depicting differences in the relationship between knowledge-

base interdisciplinarity and predicted acceptance probability for different values of
topic interdisciplinarity.
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cording to the publisher’s 2022 product catalog. The catalog
categorizes journals under seven subject areas: “Physics,”
“Astronomy and astrophysics,” “Materials,” “Biosciences,’
“Mathematics,” “Environmental sciences,” and “Interdisci-
plinary” We aggregate journals categorized as “Interdisci-
plinary” or under multiple subject areas into one group
(“Interdisciplinary”), and all others into another group
(“Monodisciplinary”). Figures 4 and 5 show model 3-4
coefficients (covariates, no interactions) for these groups. The
corresponding regression tables are given in SI appendix
section 6.

Journals categorized by the publisher as interdisciplinary
or under multiple subject categories have positive associations
between both types of interdisciplinarity and evaluation
outcomes. On the other hand, monodisciplinary journals
have negative associations between interdisciplinarity and
evaluation outcomes, with the exception of knowledge-base
interdisciplinarity and review positivity. These results point
to the importance of alignment between the interdisciplinari-
ties of the manuscript, gatekeepers, and intended audience.

i
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Discussion

This study investigates the evaluation of interdisciplinary
research in the high-stakes setting of scientific publishing. We
conceptualize scientific papers as bundles of several elements—
in particular their topic and the knowledge-base— with
each having its own level of interdisciplinarity and distinct
association with evaluations. We apply this framework to
large-scale administrative peer review data from one of the
world’s largest STEM publishing companies.

Analyzing prepublication evaluations alleviates the se-
lection bias of studies that use only published papers. In
particular, if there is selection for or against IDR at the
prepublication step, the corpus of published papers may
have a disproportionate amount of low or high quality
interdisciplinary papers (47), likely affecting the citation
patterns observed by other studies.

Our results show that knowledge-base interdisciplinarity
is associated with better evaluation outcomes, while topic
interdisciplinarity is associated with worse evaluation out-
comes. The associations were robust to different outcome
variables, the inclusion or exclusion of relevant covariates,
and measuring interdisciplinarity at the level of major fields
or sub-fields, suggesting that the type of interdisciplinarity
measured strongly determines the relationship observed.

These associations varied across journal type, with journals
categorized by the publisher as interdisciplinary giving higher
evaluations to both types of interdisciplinarity, suggesting
that the lower evaluations associated with topic interdisci-
plinarity are alleviated in contexts that seek interdisciplinary
work explicitly. Additionally, we find evidence for the
importance of alignment between topic and knowledge-
base interdisciplinarity within the manuscript: the negative
association of high topic interdisciplinarity with evaluations
is offset when it is matched with a high knowledge-base
interdisciplinarity. One interpretation is that broader topics
require broader conceptual building blocks to be effective.
Another is that papers with broad topics are assigned
reviewers from disparate disciplines, who expect to see their
own disciplines represented in the works referenced.

Addressing limitations.

Disciplinary scope of study population. [IOPP publishes primarily
in the physical sciences, so combinations of very distant fields
(such as those bridging the physical and social sciences) are
scarce. However, it still contains clearly interdisciplinary
journals such as Environmental Research: Health, Physics
Education, and Neuromorphic Computing and Engineering.
The publisher classifies 10 of the 62 journals included in
our dataset as interdisciplinary, and of the remainder, 18
are categorized under multiple disciplinary categories. SI
appendix section 1 shows the number of journals in our
dataset classified under each category. Additionally, the
distributions of interdisciplinarity measures span nearly the
entire range from 0 to 1 (SI appendix section 1). Thus, our
results are generalizable to interdisciplinarity adjacent to the
natural sciences, though whether they generalize to other
sciences is unclear.

Remaining selection bias. Although the administrative data
include final decisions and review recommendations for both
accepted and rejected manuscripts, they do not include
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the submissions’ full text or references. We therefore rely
on matching to OpenAlex data for our interdisciplinarity
measures, which results in differences between our analytic
sample and the full set of submissions (see Materials and
Methods: Analytic sample). The missing data may induce
a selection bias. For example, if high topic-interdisciplinary
papers are more likely to get evaluated poorly, rejected, and
not indexed by OpenAlex, then many such papers will be
unobserved in our analysis, leading to an underestimate of
the association between topic-interdisciplinarity and poor
evaluations. Our conclusions should generalize best to
manuscripts of sufficiently high quality to be accepted
somewhere, or complete enough to be posted on a preprint
server. Further research with even more data access is
necessary to address the potential selection bias.

Despite these limitations, our study still represents a
meaningful improvement in overcoming the selection biases
of prior work, as we are able to observe a large sample of
rejected manuscripts with direct peer review outcomes.

Manuscript quality. Manuscript quality is clearly an important
consideration in publishing, and associations between interdis-
ciplinarity and quality would affect the relationship between
interdisciplinarity and evaluation. A key limitation of our
analysis (and most other studies of scientific evaluation) is
the imperfect ability to account for variation in manuscript
quality. Conventional measures of quality (e.g. publishing
journal or citation impact) are generally available only
after publication, so controlling for them may create post-
treatment bias (48). Even under ideal circumstances, it is
difficult to imagine the perfect experiment that could assign
interdisciplinarity to manuscripts at random without affecting
their other characteristics.

Instead, we follow other studies in focusing on manuscript
authors, data about whom are typically available before
publishing (49, 50). Specifically, we control for authors’
publication volume and citations as a proxy for manuscript
quality and knowledge of the publishing process, reasoning
that authors who have accumulated more publications and
citations prior to manuscript submission are better able to
publish again (51). All of the main results are consistent
after controlling for author experience in this way.

Overlap with novelty. Interdisciplinarity can be highly related
to novelty, depending on how the two concepts are opera-
tionalized. Insofar as disciplines are just clusters of frequently
associated ideas, unusual combinations of ideas are likely to
span disciplines, and discipline-spanning combinations are
likely to be unusual. In fact, Fontana et al. (52) found
that Uzzi et al’s widely used novelty measure (53) is highly
correlated (R = 0.887) with Porter et al’s interdisciplinarity
measure (54), as both measures rely on pairs of concepts
represented in the paper’s references. Consequently, we
expect results from interdisciplinarity measures based on
references, such as our knowledge-base interdisciplinarity, to
correspond to those using Uzzi et al’s novelty measure. Recent
research by Teplitskiy et al. supports this expectation, as
it finds that higher novelty is associated with better journal
evaluations (11).

Conclusion and implications. The literature on the evalua-
tion of interdisciplinary scientific research and other types
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of creative work typically conceptualizes them as having
category-spanning that is one-dimensional, does not account
for characteristics of the evaluators, and is limited by the
non-observability of rejected work. The simplicity of this
conceptualization is certainly attractive, and perhaps even
justifiable when several dimensions of interdisciplinarity
are aligned and audiences homogeneous. However, studies
operationalize interdisciplinarity in inconsistent ways and
yield inconsistent conclusions regarding whether audiences
evaluate interdisciplinarity more or less positively. Addition-
ally, different dimensions of interdisciplinarity may not align,
and the interdisciplinarity of the evaluators may also vary
and affect evaluations.

We argued that it is important to distinguish between
different dimensions of interdisciplinarity when studying IDR.
evaluation. Previous works have also argued for dimensions
of interdisciplinarity, i.e. variety, balance, and disparity
(the three components of Porter et al’s(54)), but applied all
of them to one element of a paper, such as its references,
e.g. (36, 55). Yet a paper’s references (knowledge-base) are
conceptually distinct from its other elements, such as topic.
Using rich and large-scale peer review data from the Institute
of Physics Publishing, we showed that the distinction to
be an empirically significant one, as these dimensions have
consistently opposite associations with evaluation outcomes.

The distinction between topic, knowledge-base, and audi-
ence interdisciplinarity is also theoretically significant because
each type may trigger different organizational or cognitive
processes, leading to different outcomes. Monodisciplinary
audiences (reviewers, editors) apply their discipline’s criteria,
perhaps rigidly. Submissions addressing interdisciplinary
topics may be less likely to meet that discipline’s criteria,
and any merits that stem from or illuminate topics outside
the discipline may not compensate because they are under-
valued or unrecognized. In contrast, an interdisciplinary
audience should be more likely to identify the paper’s
conceptually dispersed merits. Another possibility is that
even monodisciplinary audiences appreciate papers addressing
interdisciplinary topics more fully when they know they are
reviewing for an interdisciplinary outlet.

Unlike topic interdisciplinarity, knowledge-base interdis-
ciplinarity is viewed more positively by monodisciplinary
audiences. One plausible explanation is that the average
reference (on which knowledge-base interdisciplinarity is
based) is simply less consequential and more “fungible” than
a paper’s broad topic (56): it can be easily added or removed
to signal engagement with specific intellectual traditions.
An interdisciplinary knowledge-base may also mean that
more diverse tools and perspectives were used to answer a
disciplinary question.

Finally, the sharp reduction in penalties against topic
interdisciplinarity in the presence of high knowledge-base in-
terdisciplinarity suggests the view that the dimension of topic
may be linked to the research question, while the dimension
of knowledge-base may be linked to the resources used to
answer the question— an ambitious interdisciplinary research
question suffers unless backed by an equally ambitious and
interdisciplinary approach to answering that question.

Our findings suggest several practical implications, al-
though further research is needed to better assess the extent to
which the observed associations are causal. First, manuscripts
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are better received by monodisciplinary journals if their topic
matter adheres to a single discipline or a set of closely related
disciplines. Second, manuscripts benefit from the synthesis
of interdisciplinary literature in their references, regardless
of whether the receiving journal is interdisciplinary. These
patterns suggest that ensuring that one’s topic stays within-
discipline but citing widely is strategic when presenting work
to monodisciplinary audiences. Third, the finding that lower
evaluations for interdisciplinary topics disappear for explicitly
interdisciplinary journals is a sign that creating settings
specifically for interdisciplinary research can be effective.
Finally, and perhaps most importantly, the magnitude of
the associations we found was surprisingly small given the
prevalent impression that interdisciplinarity is penalized
in evaluations. Consequently, the penalties for pursuing
interdisciplinary research, at least in the context of publishing,
should not be a deterrent to pursuing such work.

Materials and Methods

Data. We use administrative data from the Institute of Physics
Publishing (IOPP), a major STEM publishing company based in
the UK. The research was approved by the University of Michigan
Institutional Review Board, protocol HUMO00194927. The full
data comprise metadata on 224,259 manuscripts submitted to 62
physical sciences journals from 2018-2022, including their peer
reviewer recommendations and final decisions. The 62 journals fall
into 7 publisher-defined disciplinary categories: Physics, Materials,
Biosciences, Environmental Sciences, Astronomy and Astrophysics,
Mathematics, and Interdisciplinary (57). Of these journals, IOPP
classifies 10 as “interdisciplinary”, and of the remainder, 18 are
categorized under multiple disciplines. Examples of journals in
our data categorized as interdisciplinary include Neuromorphic
Computing and Engineering and Physics Education, and examples
of journals categorized under multiple disciplines are Biofabrication
(categorized under Materials and Biosciences) and Inverse Prob-
lems (categorized under Mathematics and Environmental sciences).
Although our data is provided by a physical sciences publisher,
there is a high degree of interdisciplinarity present.

We supplement IOPP data with data from OpenAlex (an
open-access database of academic publications, authors, venues,
institutions, and concepts (58)) and Crossref. Data matching and
cleaning is described in the SI appendix (section 2).

Measuring interdisciplinarity. Several measures have been proposed
to quantify interdisciplinarity (59), with researchers increasingly
converging on the integration index (12, 36, 60-62). The inte-
gration index captures three key elements of diversity: variety,
balance, and disparity (54, 63). Variety is the number of categories
represented, balance is the evenness of distribution among the
categories, and disparity is how different the categories are from
each other.

Integration captures these three aspects of diversity for a
collection of disciplinary objects, such as a paper’s references.
It is calculated as follows:

lzl—Zsij~pi~pj [1]
©j
where ¢ and j index disciplinary categories, s;; is a measure of
similarity between categories ¢ and j, and p; and p; are the
proportions of the collection made up of entities in ¢ and j.

In this work, our collections consist of OpenAlex concept tags
(64). The concept tags are a set of 65k Wikidata concepts ordered
in hierarchical levels from 0 to 5, with 0 being the most general
(e.g. Physics, Chemistry, Biology) and 5 being the most specific
(e.g. Magnetic resonance force microscopy). There are 19 level
0 concept tags corresponding to high-level fields such as biology,
political science, and engineering. 99.1% of works on OpenAlex are
tagged with at least one level 0 concept, and each work is tagged
with 7-8 concepts on average across all levels. Concept tags are
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Table 4. Percentage of nonzero level 0 concept tags on a random
sample of 100 IOPP manuscripts that were correct, questionable, or
incorrect

% concept tags
Correct 86.4
Questionable 3.9
Incorrect 9.6

assigned a score between 0 and 1 reflecting their relevance to the
work.

Tags are assigned by a neural network trained on Microsoft
Academic Graph (MAG) concept tags, and assignments are based
on the work’s title, document type (e.g. journal article, book),
journal title, and abstract. The MAG concept tags were generated
by natural language processing models and validated by human
surveys (65). OpenAlex’s validation shows that their tagging
classifier has an F1 score of 0.751 for level 0 concept tags, and that
it achieves the best performance on journal and repository papers,
which includes our population of interest (64). Additionally, their
analysis of incorrect tagging behavior reveals that many “false
positive” tags (i.e. those that were not assigned by MAG) are still
relevant, leading to underestimation of the model’s true precision.

To further assess model performance in our setting, we manually
validated concept tags on a random sample of 100 submitted
manuscripts found on OpenAlex by reading the titles and abstracts.
The sample had a total of 228 level 0 tags with nonzero scores
(tags with scores equal to zero do not affect the interdisciplinarity
metric). Table 4 shows the breakdown of tag validity. Tags were
labeled by one of the authors (SX) as “Correct” if they were relevant
to the paper, “Questionable” if they were not relevant but still
broadly related, and “Incorrect” if they were completely unrelated
to the paper. 197 (86.4%) of the nonzero tags were correct. Of
the 17 nonzero incorrect tags, 8 of them were “Computer Science”,
6 were “Geology”, 6 were other STEM fields, and only 2 were
very far afield (“Psychology” and “Political Science”). There did
not seem to be any systematic trend by discipline or level of
interdisciplinarity in the types of manuscripts that were mistagged;
however, some of the mistagged papers included polysemous words
that may be have been associated with the tags assigned. Examples
include “parameter”, “kernel”, and “error” (computer science), and
“extractive activities”, “structural damage”, and “shear” (geology).
This validation exercise suggests that level 0 OpenAlex concept tags
reflect the disciplinary content of papers in our sample reasonably
well.

We calculate interdisciplinarity scores using level 0 concept tags.
Regression results using level 1 concept tags (roughly corresponding
to subfield) are qualitatively consistent with our main findings and
are provided in the SI appendix (section 7).

Returning to the integration measure (equation 1), for each
concept ¢ in the set of concepts C for a set of papers R, p; is given
by

b — ZTGR score(i,T)
1 T .
Ziec ZreR score(s, )

where score(i,r) gives the score associated with concept i on paper
r. We treat the set of papers as a bag of concepts, where p; is the
weighted proportion of concepts in category 4.

Similarity between concept tags (s;;) is calculated using concept
co-occurrence in a random sample of OpenAlex journal articles for
each year of our analysis. Concept tags that frequently co-occur
will likely be similar. For example, papers are often tagged with
Computer Science and Engineering, suggesting that these fields
are more conceptually similar than, say, Computer Science and
Philosophy, which are almost never co-tagged. From the sample
of articles, we construct a vector for each concept tag using the
concept tag scores. The length of each vector is the number of
articles in the sample, and element i in the vector is the score
associated with the concept on article 7 in the sample. We calculate
the similarity between concepts as the cosine similarity between
these concept vectors.

We distinguish between two types of interdisciplinarity— topic
and knowledge-base— by using equation 1 on different sets of

(2]
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concept tags associated with the paper. Topic interdisciplinarity is
based on the concept tags of the manuscript’s associated OpenAlex
record (inferred from the title and abstract). Knowledge-base
interdisciplinarity is based on the concept tags of the manuscript’s
references. References form the conceptual foundation of a piece
of research and serve as a rhetorical tool, as they demonstrate
membership in a particular research community (66). Thus,
knowledge-base interdisciplinarity represents the interdisciplinarity
of both the conceptual and rhetorical support behind a manuscript.

See the SI appendix (section 4) for example interdisciplinarity
calculations for these measures.

Analytic sample. We exclude manuscript types for which IOPP’s
standard peer review process does not apply (such as invited
articles), reducing our population of manuscripts from 224,259
to 221,702. Secondly, we exclude manuscripts without a final
decision (most of which were submitted in 2021 or 2022), which
may have still been in the review process at the time of data
collection. This reduces the number of manuscripts to 210,868.
Finally, we exclude manuscripts without both interdisciplinarity
measures defined. Manuscripts not matched to OpenAlex will
not have either of these measures since they rely on OpenAlex
concept tags. Even for manuscripts found on OpenAlex, undefined
measures could still result from absent Level 0 concept tags on
the manuscript itself, absent references, or absent Level 0 concept
tags on references. This reduces the number of manuscripts to
128,950. For regression models including author team covariates,
the number of manuscripts reduces to 128,939 due to missing
authorship data in corresponding OpenAlex records.

Figures 1 - 4 in the SI appendix display the distribution of
final decision, submission year, number of authors, and lead author
country by sample inclusion. Notably, rejected papers make up
60.5% of all submissions but only 45.1% of papers in our analytic
sample, while accepted papers make up 33.0% of all submissions but
53.5% of the analytic sample. This is due to the fact that accepted

. National Academy of Sciences, National Academy of Engineering, Institute of Medicine,
Facilitating Interdisciplinary Research. (National Academies Press, Washington, D.C.),
(2004).

. PE Smaldino, C O’Connor, Interdisciplinarity can aid the spread of better methods between
scientific communities. Collect. Intell. 1, 263391372211318 (2022).

. R Rylance, Grant giving: Global funders to focus on interdisciplinarity. Nature 525, 313-315
(2015).

. E Niiler, $150M for Stanford Bio-X center. Nat. Biotechnol. 17, 1148—1148 (1999).

5. Pray, Leslie, Interdisciplinarity in Science and Engineering: Academia in Transition.
Science (2002).

. CM 84, ‘Interdisciplinary strategies’ in U.S. research universities. High. Educ. 55, 537-552
(2008).

7. D Rhoten, A Parker, Risks and Rewards of an Interdisciplinary Research Path. Science 306,
2046-2046 (2004).

. A Paytan, M Lou Zoback, Crossing boundaries, hitting barriers. Nature 445, 950-950
(2007).

9. B Nelson, Interdisciplinary studies: Seeking the right toolkit. Nature 476, 115-117 (2011).

10. Fischer, E.V,, et al., Is Pretenure Interdisciplinary Research a Career Risk?
(http://eos.org/opinions/is-pretenure-interdisciplinary-research-a-career-risk) (2012).

11. M Teplitskiy, H Peng, A Blasco, KR Lakhani, Is novel research worth doing? Evidence from
peer review at 49 journals. Proc. Natl. Acad. Sci. 119, e2118046119 (2022).

12. E Leahey, CM Beckman, TL Stanko, Prominent but Less Productive: The Impact of
Interdisciplinarity on Scientists’ Research. Adm. Sci. Q. 62, 105-139 (2017).

13. G Hsu, MT Hannan, O Kogak, Multiple Category Memberships in Markets: An Integrative
Theory and Two Empirical Tests. Am. Sociol. Rev. 74, 150-169 (2009).

14. EW Zuckerman, TY Kim, K Ukanwa, J von Rittmann, Robust Identities or Nonentities?
Typecasting in the Feature-Film Labor Market. Am. J. Sociol. 108, 1018—1073 (2003).

15. M Leung, A Sharkey, Out of Sight, Out of Mind? Evidence of Perceptual Factors in the
Multiple-Category Discount. Organ. Sci. 25, 171-184 (2014).

16. G Negro, MD Leung, “Actual” and Perceptual Effects of Category Spanning. Organ. Sci. 24,
684-696 (2013).

17. R Fini, J Jourdan, M Perkmann, L Toschi, A New Take on the Categorical Imperative:
Gatekeeping, Boundary Maintenance, and Evaluation Penalties in Science. Organ. Sci. p.
orsc.2022.1610 (2022).

18. M Hewstone, M Rubin, H Willis, Intergroup Bias. Annu. Rev. Psychol. 53, 575-604 (2002).

19. MT Hannan, Partiality of Memberships in Categories and Audiences. Annu. Rev. Sociol. 36,
159-181 (2010).

20. BK Stroube, K Vakili, MA Bikard, The Misfit Bias. Acad. Manag. Proc. 2024, 10170 (2024).

21. K Huutoniemi, | Rafols, Interdisciplinarity in Research Evaluation in The Oxford Handbook

of Interdisciplinarity, ed. R Frodeman. (Oxford University Press), 2 edition, pp. 498-512

(2017).

[N

(&)

IN

o

[e

10 — www.pnas.org/cgi/doi/10.1073/pnas. XXXXXXXXXX

submissions are published by IOPP and are thus more likely to
be indexed by OpenAlex, whereas rejected submissions are only
indexed if they are published elsewhere or uploaded to a preprint
server such as arXiv (which is widely adopted in the physical
science community). The analytic sample also over-represents
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