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A B S T R A C T

People rely on sources with greater credibility when deciding whether to use knowledge. However, the 
moderating role of knowledge proximity, that is, the perceiver’s proximity to the focal knowledge and its source, 
remains unclear. Prior literature suggests conflicting possibilities: individuals with high proximity may bypass 
source credibility, as they can evaluate the knowledge at minimal cost or rely on the credibility signal, as they 
can properly assess the signal. To investigate this, we exploited two natural experiments involving the addition of 
Information Systems (IS) journals to the Association for Information Systems (AIS) Senior Scholars’ List of 
Premier Journals and the Financial Times list. Based on our analyses of over 100,000 citations to 1,882 papers 
over observation windows of up to 20 years using difference-in-differences analysis, we found that papers in FT- 
listed journals receive approximately 30% more citations overall, while papers in AIS-listed journals receive 
approximately 36% more citations from proximate (IS) journals than from distant (non-IS) journals. We conclude 
that knowledge proximity amplifies the impact of source credibility on knowledge use, specifically when the 
knowledge, perceiver, and source credibility signals are closely aligned.

1. Introduction

A vast amount of knowledge is available on most topics, but owing to 
cognitive, time, or expertise constraints, people must exercise caution 
while choosing which knowledge to use. This is applicable to explicit 
knowledge, such as the results of analysis and insights into the re
lationships between concepts available in scientific articles [1,2]. Source 
credibility is an important heuristic when assessing knowledge reli
ability. Source credibility reflects broader reputation in terms of the 
trustworthiness of the process and expertise, indicating whether the 
source is deemed capable of publishing reliable and accurate knowledge 
[3–5]. Prior research shows that source credibility increases the likeli
hood of knowledge use; however, it is unclear whether this effect is 
uniform across knowledge contexts and perceivers.

Knowledge enables the pursuit of several goals. In the context of 
research and scholarly publications, the central goal is the creation of 
new insights through knowledge recombination [6]. For example, 
scholars create new knowledge and publish it in scientific articles based 
on prior published research [7]. However, the proliferation of research 
papers impedes researchers in integrating available scientific work 
when selecting the foundational knowledge to use. Alternatively, to 

identify the most novel, relevant, and rigorously derived knowledge, 
researchers prefer highly credible sources, that is, journals that are part 
of prestigious lists [8,9]. Two prominent examples for Information 
Systems (IS) scholars are the Association for Information Systems (AIS) 
Senior Scholars’ List of Premier Journals (AIS list), which comprises 11 
journals from the IS field, and the Financial Times List (FT list), which 
currently includes 50 journals across various business fields, including 
three IS journals (e.g., [10–12]). Journal lists function as institutional
ized credibility signals, as they reduce cognitive effort by providing a 
prevalidated heuristic of quality and trustworthiness. Yet, it is theoret
ically unclear whether these signals operate equally across domains and 
knowledge contexts.

Besides source credibility, individuals considering which knowledge 
to use may also be influenced by knowledge proximity, that is, how close 
the individuals are to the knowledge in terms of their own knowledge or 
their network [13,14]. Knowledge transfer costs are lower when 
knowledge proximity is high [13,14]. For example, an IS scholar may 
find it easier than a finance scholar to understand IS papers, which 
employ concepts, methodologies, and terminologies that are common in 
the IS field and familiar to IS scholars. However, the moderating role of 
knowledge proximity in the relationship between source credibility and 
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knowledge use remains theoretically ambiguous.
Individuals with high proximity to focal knowledge may not find it 

necessary to rely on source credibility, as they can evaluate the postu
lated knowledge at a low cost, while the opposite holds true for distant 
knowledge (cf., [13–15]). If this is the case, source credibility should 
exert a greater influence on knowledge use when knowledge proximity 
is low. By contrast, it can be argued that individuals with low knowledge 
proximity may not trust source credibility signals and may prefer to 
evaluate the knowledge themselves, while the opposite is true for in
dividuals with higher knowledge proximity, who may better appreciate 
the credibility of the knowledge source (cf., [4]). In that case, source 
credibility will exert a greater influence on knowledge use when 
knowledge proximity is high. These competing mechanisms generate 
opposing predictions regarding whether knowledge proximity attenu
ates or amplifies the influence of credibility on knowledge use. To 
resolve this theoretical ambiguity, we address the following research 
question: How does proximity to focal knowledge moderate the influence of 
source credibility on knowledge use? Specifically, does knowledge proximity 
amplify rather than attenuate credibility effects?

Theoretically, we draw upon the holistic knowledge-use process 
conceptualized by Majchrzak et al. [2] and the elaboration likelihood 
model [16]. Together, these frameworks enable us to understand the 
actions individuals take while deciding what knowledge to use and the 
different routes they may choose. Specifically, we formulate competing 
expectations regarding the circumstances under which individuals 
adopt either an in-depth analysis of focal knowledge or rely on the 
source credibility heuristic. By integrating these perspectives, we 
conceptualize knowledge proximity as a critical boundary condition that 
shapes whether individuals substitute credibility cues for direct evalu
ation or rely on credibility to meaningfully interpret the signal.

To test these hypotheses, we exploit two similar yet distinct natural 
experiments regarding the addition of journals to prestigious journal 
lists, where IS journals were added to the AIS and FT lists, and examine 
how these external events alter citation accrual for papers in the newly 
added journals. Using difference-in-differences (DiD) analyses, we 
compare the number of citations received by papers in the newly added 
journals with that received by matched papers in comparable journals 
that are not included in the lists. We analyze the nature of citations with 
respect to knowledge proximity to focal papers, operationalized by the 
research fields of the journals citing the papers. Our dataset encom
passes 1,882 papers that received over 100,000 citations from other 
journal publications within up to 20 years of the respective list exten
sion. This design allows us to isolate the causal effects of an exogenous 
credibility shock and to observe how these effects vary systematically 
with knowledge proximity.

The results suggest that a journal’s source credibility, as demon
strated by its inclusion in a list, increases the total number of paper ci
tations by approximately 30% in the FT case. In the AIS case, a treatment 
effect is observable only when there is high knowledge proximity, as the 
number of IS citations increases by approximately 36% more than the 
number of non-IS citations. This indicates that source credibility has a 
positive impact on knowledge use and that this relationship is moder
ated by knowledge proximity, so that the outcome is greater when 
proximity to focal knowledge is high. The empirical analysis reveals an 
important boundary condition for the moderation: the effect is strongest 
when close alignment exists between the focal knowledge, the knowl
edge perceiver, and the source credibility signal. The proximity- 
contingent amplification effect emerges when the credibility signal is 
domain-native and, therefore, interpretable by proximate perceivers. 
We test carefully several competing mechanisms that could potentially 
explain our treatment effects, such as authors’ incentives to cite editors 
or reviewers without relying on the proclaimed knowledge. The in- 
depth citation context analysis, based on the full text of >45,000 
open-access papers, supports the conclusion that citations genuinely 
reflect knowledge flow.

This study offers two main contributions to the knowledge use 

literature and the ongoing academic debate centered on the value of 
journal lists. First, we identify knowledge proximity as a theoretically 
grounded boundary condition for the effectiveness of source credibility 
signals. Our results suggest an overlap between people’s native domain, 
focal knowledge, and the source credibility signal for the latter to affect 
knowledge use. Theoretically, this refines the elaboration likelihood and 
knowledge use perspectives, demonstrating that the effectiveness of 
peripheral credibility cues depends on domain-specific signal inter
pretability rather than operating uniformly across contexts. Practically, 
this finding implies that credibility labels and institutional rankings are 
most effective when they resonate with the evaluative frameworks of the 
target audience. For organizations seeking to enhance knowledge ex
change, credibility signals may be particularly powerful among units 
that already share a high degree of knowledge proximity. Conversely, 
such signals may be less effective in fostering knowledge transfer across 
distant domains where the signal is not readily interpretable.

Second, this study contributes to the debate on journal lists, showing 
that list affiliation not only reflects but also shapes subsequent knowl
edge use. By demonstrating that journal list affiliation influences sub
sequent citation patterns, we show that institutional credibility signals 
shape knowledge diffusion processes, transcending pre-existing citation 
trajectories. This finding advances the ongoing discussion on whether 
journal lists passively reflect scholarly influence or actively generate 
self-reinforcing dynamics in academic communication. This suggests 
that institutional ranking systems may shape how knowledge circulates 
beyond intrinsic article characteristics, thereby influencing research 
visibility and evaluative environments. For scholarly associations and 
policymakers, this highlights the responsibility inherent in constructing 
and maintaining journal lists, as list inclusion can alter the diffusion and 
perceived impact of published knowledge.

2. Theoretical development

2.1. The knowledge-use process

To understand how proximity to focal knowledge moderates the ef
fect of source credibility on knowledge use, we build on the knowledge- 
use process conceptualized by Majchrzak et al. [2] and the elaboration 
likelihood model [16].

Knowledge use is a multi-stage process, as conceptualized by 
Majchrzak et al. (see Fig. 1; [2]). In scientific publishing, this process 
aims to acquire in-depth knowledge in a specific field, enabling the 
researcher to build on it and generate novel contributions. Initially, the 
individual must identify the topic of interest to become broadly familiar 
with the relevant expertise [17]. This can be done by conducting an 
initial scientific database search or by scrutinizing other literature based 
on already identified papers [18].

Second, the individual evaluates the identified knowledge in the 
literature to ascertain what warrants further consideration. At this stage, 
they assess knowledge superficially and rely on contextual information 
inherent in the knowledge [19]. This may include source credibility or 
key cues of thoroughness, such as additional documentation. For 
instance, a researcher may only select studies published in specific 
journals as a heuristic for source credibility or consider the presence of 
additional appendices that document a work’s thoroughness [20].

Third, the knowledge deemed worthy of further consideration is 
analyzed in depth. During this stage, the individual may engage rigor
ously with the selected paper’s core arguments, theoretical contribu
tions, and methodological execution. This entails evaluating whether 
the underlying assumptions align with the specific requirements of one’s 
own research context [21]. For example, core results and arguments are 
compared meticulously with the existing literature and empirical evi
dence to determine whether the study’s claims hold up under closer 
scrutiny and the individual’s own prior knowledge.

Finally, based on this analysis, the individual decides whether to 
apply this knowledge in subsequent considerations. Validated 
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knowledge and insights from existing work are integrated into their own 
conceptual work, thereby moving from knowledge evaluation to 
knowledge use. For example, a researcher may determine whether 
another study is suitable for their own research by adopting it as the 
primary measurement tool for an upcoming experiment [22].

The extent to which each step of this knowledge-use process is 
conducted depends on the context and human cognitive limitations. For 
example, a scholar may be unable to locate all relevant papers (step 1) or 
evaluate them briefly (step 2) owing to time constraints or limited prior 
knowledge of a specific topic or methodology to analyze them thor
oughly (step 3), thereby limiting their ability to effectively navigate the 
complex knowledge-use process [17]. Given these challenges, multiple 
psychological models aim to capture the diverse paths humans take 
when evaluating the knowledge they can rely on.

We ground our analysis in the elaboration likelihood model [16], 
selected for its enduring relevance and robust empirical support, making 
it the preeminent framework for understanding information processing. 
The model posits that, when confronted with new knowledge, people 
adopt one of two routes for elaboration. On one hand, individuals can 
take the central route (depicted in the upper part of Fig. 1), engaging 
deeply with focal knowledge and choosing whether to use it following 
an in-depth consideration of its arguments. In the realm of the 
knowledge-use process, this implies that the third stage of analyzing the 
relevant knowledge in depth is carefully executed [23].

On the other hand, individuals may prefer the peripheral route and 
use the knowledge based on peripheral cues, such as source credibility 
(depicted in the lower part of Fig. 1). Higher source credibility increases 
the likelihood of knowledge use [4,5,24]. In terms of the knowledge-use 
process, this implies that individuals may rely on the brief evaluation 
stage and give limited attention to in-depth analysis.

Prior research identifies factors that determine which of the two 
routes (i.e., central or peripheral) individuals pursue. Most prominently, 
high personal involvement in an issue increases the likelihood that the 
central route of knowledge elaboration is activated, leading to deeper 
engagement with focal knowledge [17]. This is primarily attributable to 
the fact that, under conditions of high involvement, individuals may be 
more motivated to invest effort in in-depth cognitive processing [17].

Although the two paths can be taken independently, the peripheral 
and central routes can also influence each other. For example, the pe
ripheral route may serve as a gateway to the central route. Specifically, 
an individual may become aware of specific knowledge because of high 
source credibility. Therefore, they may shift from the peripheral to the 
central route and provide in-depth consideration to high-credibility 
sources (e.g., [25]).

To conclude, the decision to use knowledge is based on a multi-stage 
process that differs depending on whether individuals choose to engage 
deeply with focal knowledge (central route) or rely on peripheral cues 

(peripheral route). Source credibility is, therefore, an essential deter
minant of one’s decision to use that knowledge and engage with it in 
different ways. Importantly, the route individuals adopt may depend on 
their proximity to the focal knowledge, as proximity affects both the 
cognitive cost of central-route processing and the interpretability of 
peripheral credibility cues.

2.2. Knowledge use in journals

Academic journals disseminate knowledge explicitly, including an
alyses and insights into relationships among concepts [1,2]. Other 
scholars build on past ideas and facts to generate new knowledge and 
acknowledge this use by citing the original paper. To support the dis
covery of new or related work, academic journals serve as organized 
repositories that categorize knowledge into searchable collections [18]. 
Furthermore, journals ensure that high-quality papers deemed credible 
are published [7] by determining which papers can be included in their 
volumes through peer review processes.

In scientific publishing, source credibility denotes the evaluative 
judgment of perceivers regarding the trustworthiness and expertise of a 
source [12]. Trustworthiness indicates the reputable intent to publish 
high-quality knowledge in a certain field, while expertise reflects the 
ability of the source [3,5]. Journals commonly deemed highly credible 
are summarized in journal lists curated by experts in the field, such as 
the AIS and FT lists. Journals included in these lists are considered the 
best in their respective fields and are expected to publish the most novel, 
influential, and rigorous research that has undergone an intensive 
peer-review process. These lists allow perceivers to identify highly 
credible journals without the need to assess each journal’s trustworthi
ness, expertise, or processes independently.

Researchers frequently rely on these lists to define the scope of the 
literature review that precedes most research projects [10,11]. 
Furthermore, such lists also play an important role in scholarly career 
decisions, such as hiring, tenure, and promotion, as publications in listed 
journals, along with citations, are crucial [26].

Reflecting their importance, extensive bibliometric studies have 
examined the composition of these journal lists. Lowry et al. [21] con
structed a composite measure to determine a journal’s impact, including 
metrics such as the impact factor, and found that the journals listed in 
the AIS list are indeed the leading IS journals. Further studies largely 
support these initial findings [27,28]. Conversely, some scholars 
recommend focusing on papers rather than journals [29–31], 
concluding that a journal is not the best predictor of a paper’s influence, 
represented by its citation count. For example, Fitzgerald et al. [29] 
show that the 50 most cited J. Manage. Info. Syst. (JMIS) papers (within 
five years after publication and published between 2001 and 2010) 
exhibit citation rates similar to those of a typical Management 

Fig. 1. Theoretical model integrating the knowledge-use process (adapted from [2]) and the elaboration likelihood model [16].
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Information Systems Quarterly (MISQ) article during that period, 
although MISQ was included in the FT list at that time, unlike JMIS, 
which was not included in the FT list.1

Despite these conflicting views, academic journal lists, such as the 
AIS and FT lists, serve as prevalidated signals. Such lists provide a high- 
level heuristic for the quality and trustworthiness of published research 
(e.g., [11]), and researchers may use them to navigate the growing 
volume of papers. Relying on such a list may reduce the cognitive load 
required to identify and evaluate relevant papers [23]. Importantly, 
whether these institutionalized credibility signals influence knowledge 
use uniformly or depend on the perceiver’s proximity to focal knowl
edge remains an open theoretical question.

2.3. Hypotheses

The effectiveness of these credibility signals is not necessarily uni
form across all perceivers but may be moderated by individuals’ char
acteristics. Empirical evidence shows that source credibility signals are 
interpreted differently depending on an individual’s background. For 
example, van der Miesen et al. [4] find that people with greater belief in 
science consider scientists to be credible.

Previous research suggests that the impact of source credibility on 
knowledge use may be contingent on proximity to focal knowledge, as it 
can influence how individuals perceive focal knowledge and relevant 
source credibility signals. Knowledge transfer is easier for recipients 
with greater proximity to focal knowledge because they can more easily 
understand arguments and trace lines of reasoning [13,14]. For 
example, in cumulative scientific work, it may be easier for an IS scholar 
to understand other IS papers, as these documents typically employ 
concepts, methodologies, and terminologies common in the field and 
known to the scholar. Thus, they do not need to start afresh but can 
easily read and understand a research paper with high knowledge 
proximity. These arguments are supported by the notion of common 
knowledge, which comprises all elements of knowledge that are com
mon to all members of a field such as IS, that is, the intersection of their 
individual knowledge sets, including common terminology and jargon, 
shared concepts and meanings, and recognition of individuals’ knowl
edge domains [15,32]. Shared domain knowledge is higher among 
within-field peers and facilitates the sharing and use of heterogeneous 
knowledge more effectively than would be the case with 
cross-disciplinary knowledge transfer between individuals, as they 
would have a lower level of common knowledge.

Drawing on these premises, the resources required to evaluate 
knowledge in depth (the third step in the knowledge-use process, Fig. 1) 
are lower for an individual with high proximity to focal knowledge [20]. 
This should increase the likelihood that an individual with high prox
imity to focal knowledge prefers the central route of knowledge elabo
ration [22]. Pursuing this reasoning, a person with high proximity to 
focal knowledge may prefer to evaluate the knowledge in depth. Un
derpinning this cognitive-cost logic, source credibility should exert a 
weaker impact on knowledge use when knowledge proximity is high, as 
individuals can evaluate the focal knowledge directly rather than relying 
on peripheral credibility cues.

A similar expectation can be formulated when considering low 
proximity to focal knowledge, such as a finance scholar dealing with an 
IS paper. A scholar’s limited knowledge of concepts, methodologies, or 
terminologies in the IS literature would make it costlier to evaluate an IS 
paper in depth and determine whether the proclaimed knowledge is 
worth using in their own work [19]. These costs manifest as cognitive 
load—the mental effort required to decode unfamiliar jargon or verify 
complex methodologies [33]—and temporal investment, where the 
scholar must pause to acquire additional foundational knowledge (e.g., 

reading background literature) before comprehending the focal paper 
[34]. Thus, low knowledge proximity would make the central route for 
knowledge elaboration costly and the peripheral route of relying on the 
source credibility heuristic relatively more attractive. Therefore, some
one with low proximity to focal knowledge may prefer to rely on pe
ripheral cues. Accordingly, source credibility should exert a stronger 
impact on knowledge use if knowledge proximity is low.

Overall, there is a rationale that people with high proximity to focal 
knowledge show an increased propensity for choosing the central route 
of knowledge elaboration, while those with low knowledge proximity 
lean toward the peripheral route. Accordingly, we posit the following 
hypothesis:

H1: The impact of source credibility on knowledge use is weaker if 
knowledge proximity is high.

Contrary to these arguments, there is another aspect of the impact of 
knowledge proximity when evaluating the source credibility signal. 
Specifically, the moderating effect of knowledge proximity may be 
driven by people’s ability to evaluate or trust the source credibility 
signal. Let us reconsider a finance scholar evaluating a research paper 
from a journal on the AIS list. Given their limited proximity to focal 
knowledge, the researcher may not fully understand or trust the credi
bility signal associated with the journal’s inclusion on the list. Specif
ically, the researcher may lack the experience of reading IS papers and 
thus fail to evaluate whether the AIS list is an adequate source credibility 
signal that guarantees the high quality of published papers. This would 
make it difficult for the finance scholar to choose the peripheral route 
and rely on the credibility of the source [23]. A person with low 
knowledge proximity would need to choose the central route and 
examine the knowledge deeply, irrespective of the costs. Therefore, 
source credibility should exert a lower effect on knowledge use if there is 
low knowledge proximity.

The opposite would hold true for people with high knowledge 
proximity, such as an IS scholar evaluating an IS paper [35]. Based on 
their experience in reading and assessing many IS papers, such scholars 
recognize AIS-listed journals as highly credible sources. From the IS 
scholars’ perspective, AIS listing functions as a quality assurance 
mechanism that reduces the risk of relying on flawed information [36]. 
Accordingly, for knowledgeable individuals, source credibility is not a 
mere heuristic for cognitive savings but is also a critical meta-argument 
that validates the potential usefulness and trustworthiness of the 
knowledge prior to engagement with the full text [23]. Put differently, 
the researcher has the necessary background to adequately assess and 
rely on the source credibility signal of a journal’s listing on the AIS list. 
This would make it more likely that someone with high knowledge 
proximity selects the peripheral route and relies on source credibility 
when evaluating postulated knowledge [37]. Thus, source credibility 
should exert a greater impact on knowledge use if there is high knowl
edge proximity.

To summarize, there is a logical rationale for assuming that people 
with low proximity to focal knowledge cannot rely on the source cred
ibility signal; instead, they must engage in central-route information 
processing. By contrast, people with high knowledge proximity can 
assess the source credibility signal and have a higher probability of 
choosing the peripheral route. Accordingly, we propose the hypothesis:

H2: The impact of source credibility on knowledge use is stronger if 
knowledge proximity is high.

H1 and H2 are competing hypotheses, as either can be supported or 
neither can. If H1 (lower effect of source credibility in the case of high 
knowledge proximity) is supported in the empirical analysis, this would 
imply that the moderating effect of knowledge proximity should be 
interpreted in relation to the focal knowledge. Conversely, if H2 (higher 
effect of source credibility in the case of high knowledge proximity) is 
supported, the joint interpretation of knowledge proximity and the 
source credibility signal must be considered more important. Fig. 2
presents the research model, including the hypotheses outlined above.1 Both journals were on the AIS list, which encompassed six to eight journals 

during that period. Currently, MISQ and JMIS are both included in the FT list.
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3. Methodology

3.1. Research design

To test the above hypotheses, we exploited two natural experiments 
involving prominent journal lists that were subsequently extended to 
include IS journals. As these changes were not announced previously, 
they were unknown to the academic community. This lack of prior 
notice reduces concerns that authors systematically adjusted their cita
tion behavior in anticipation of the list extensions.

We examined how list membership influences the use of knowledge 
published in the added IS journals, as measured by how often the papers 
are cited. To measure knowledge proximity between the focal and citing 
papers, we distinguished between citing papers that are published in IS 
journals and those published outside the IS field. If a citing paper is 
published in an IS journal, it connotes high knowledge proximity be
tween the citing and cited papers. We employed a DiD framework to 
evaluate the citation dynamics for papers published in the added jour
nals before and after their inclusion in the target list (our treatment 
group) relative to citations during the same pre–post inclusion periods in 
comparable IS journals that were not included in the respective list (our 

control group). All papers were published before the expansion of the 
respective list. Thus, we investigated the citations to the same papers 
before and after some journals were added to one of the lists.

3.2. Data collection and filtering: treatment sample

The two list extensions central to our analysis are the AIS and FT lists. 
First, the Journal of Information Technology (JIT) and J. Strat. Info. Syst. 
(JSIS) were added to the AIS list on December 6, 2011.2 This is the most 
widely used journal list that is native to the IS field. Second, the FT list 
was extended with nine new journals from various business disciplines 
on September 12, 2016, one of them being JMIS.3 The FT list is a general 
business list that encompasses journals from IS and other business 
disciplines.

For these treatment journals and the selected control journals (see 
Table 1), we collected granular data on the papers published, their 

Fig. 2. Research model.

Table 1 
Summary statistics for added and control journals.

Journal Papers Citations per Paper

Mean Median Min Max SD

AIS Senior Scholars’ List of Premier Journals (Journals added December 6, 2011)
Added journals ​ ​ ​ ​ ​ ​

Journal of Information Technology (JIT) 1,326 57.50 18 2 2,722 139.48
J. Strat. Info. Syst. (JSIS) 706 129.98 52 2 5,590 312.87

Control journals ​ ​ ​
Information & Management (I&M)a 2,757 135.52 54 0 5,792 305.22
Information and Organization (I&O)a,b 456 84.27 42 2 1,662 145.91

Financial Times List (Journals added September 12, 2016)
Added journal ​ ​ ​ ​ ​

J. Manage. Info. Syst. (JMIS) 1,582 167.55 70 2 13,442 489.04
Control journals ​ ​ ​ ​ ​

Eur. J. Info. Syst. (EJIS)c 1,405 99.35 44 0 3,306 205.96
Information Systems Journal (ISJ)c 984 89.33 36.5 0 2,506 184.07
Journal of the Association for Information Systems (JAIS)c 848 109.94 40 2 4,494 268.06

Note: Data as of May 2025. Citations = Citation counts received in journal papers. SD = Standard deviation.
a These journals were added to the AIS list on February 17, 2023, demonstrating their high similarity to the focal papers in this natural experiment. The journal 

Decision Support Systems was added to the AIS list. However, we excluded it from our analysis owing to its specialized focus and distinct publishing strategy, as reflected 
in an exceptionally high publication volume (cf., [40]).

b Information and Organization was called Accounting, Management and Information Technology before 2001.
c These journals were all part of the AIS list since April 23, 2007, demonstrating their high similarity to JMIS.

2 According to the AIS website, the list was “revised on December 6, 2011” 
[38].

3 The article in which the focal journals are listed was published on 
September 12, 2016 [56].
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respective authors, and the nature of the papers citing them. The data 
were gathered from OpenAlex between May and December 2025 [39]. 
We restricted our dataset to citations in journal articles to identify a 
paper’s academic discipline using established expert taxonomies. This is 
essential for testing our competing hypotheses regarding knowledge 
proximity, measured based on a journal’s academic domain (Fig. 2).

3.3. Data collection and filtering: control sample

A significant challenge is identifying a suitable control group for 
papers published in the added journals that approximates how the pa
pers’ citations would have evolved if their host journal had remained 
unlisted, as every paper is unique, varying in topic, writing style, author, 
journal, or publication year, all of which may influence citation counts. 
For example, a paper dealing with an emerging topic may be more likely 
to receive more citations in the future than a paper investigating a 
mature topic. We employed a three-step strategy to identify the best 
counterfactuals for papers in the added journals.

First, as potential controls, we only considered papers published in 
journals analogous to the newly integrated journals with respect to ac
ademic field and credibility but that were not added to the respective 
list. This ensures an overall match between the added and control pa
pers. For the control journals, we selected several journals in the same 
field with a high topic overlap, with journal impact factors showing 
movements parallel to those of the newly incorporated journals prior to 
the list modifications (see Appendix A). Table 1 provides the summary 
statistics of papers published by the added journals and the selected 
control journals. Appendix B provides the same statistics for papers 
included in the main specification (Table 4).

Second, we selected added and control papers that were published 
within the same time window prior to the list extension. This enables us 
to investigate the citations to the same papers in the pre- and post- 
treatment periods while accounting for the sometimes-lengthy aca
demic publishing process.

Fig. 3 displays the identification strategy with respect to the papers’ 
timeline for the AIS case. We selected papers published between 
December 6, 1991, and December 5, 2000, as eligible for analysis. The 
year 1991 is the first year in which all the relevant journals were pub
lished. The period between December 6, 2001, and December 5, 2011, 
served as the pre-treatment period. Thus, we inserted one “buffer year” 
to account for the delay in the academic publishing process, allowing for 
the citation of papers published toward the end of 2000. Similarly, we 
added a “buffer year” after the treatment on December 6, 2011, and 
considered citations to the focal papers between December 6, 2012, and 
December 5, 2022, as the post-treatment period to ensure that authors of 
all papers published in the post-treatment period were aware of the focal 
papers’ list affiliation when writing or revising their manuscripts. 
Overall, we considered a long-term window of 10 pre- and 10 post- 
treatment periods, reflecting the time academics require to work on 
and publish their scientific papers. This period could not be extended 
further, as the AIS list was extended once again on February 17, 2023, 
when the control journals were added to the list. To check the robustness 
of our results, we repeated our analysis with shorter time horizons and 
found similar effects. The results are reported later.

For the FT case, we adjusted the timeline relative to the list extension 
date of September 12, 2016, as illustrated in Fig. 4. We considered the 
longest possible observation period for the case, comprising seven pre- 
and seven post-treatment periods, since data collection started in May 
2025. The focal research papers were published between September 12, 
2000, and September 11, 2008.4 Incorporating the “buffer years,” the 

pre-treatment period was fixed between September 12, 2009, and 
September 11, 2016, while the post-treatment period extended from 
September 12, 2017, to September 11, 2024.

Third, we employed a one-on-one propensity score matching within 
each case to select a control for every added paper, ensuring that it is as 
similar as possible across additional dimensions that may impact cita
tion counts.5 Based on four variables, we matched the added and control 
papers: (1) The paper’s availability in years from its publication date 
relative to the respective treatment date to ensure that the added and 
control papers were available for similar periods. This ensures that the 
results are not biased by potential peaks in citations; for instance, if 
either added or control papers were published later in the publication 
period, they would receive more citations during the observation period. 
(2) The paper’s open access status, as previous research has shown that 
open-access articles are cited more often than closed-access articles 
[41]. (3) Concept scores for the top ten concepts assigned to each paper 
by OpenAlex, such as “Knowledge management” or “Process manage
ment,” to ensure that the added and control papers were conceptually 
similar.6 Thus, we avoided the likelihood that any observed treatment 
effect was caused by structural topical differences between the added 
and control journals. For example, an added journal may have focused 
on certain topics that later became more prominent, leading to a greater 
number of citations received by its papers independent of its list mem
bership. (4) The logged number of total citations in the respective 
pre-treatment period as a proxy for any unobservable factor that may 
influence a paper’s post-treatment citations but is not captured by the 
preceding matching variables. Table 2 presents summary statistics of the 
matching variables for the matched papers included in our analysis. 
Summary statistics for the same variables, considering all eligible papers 
before matching, are available in Appendix C.

Our final dataset comprised 1,882 papers (941 treatment and 941 
control papers) that were carefully selected through matching on char
acteristics that may impact how often a paper is cited. The matched 
papers received >100,000 citations during a time frame of up to 20 
years around the two list extensions.

3.4. Dependent variables

For papers identified through this three-step procedure, we analyzed 
the number of citations (citation counts) to quantify the overall reception 
of the knowledge postulated in the focal papers. Furthermore, we 
distinguished between IS and non-IS citations to examine proximate and 
distant knowledge use. To classify the citations, we determined whether 
the journal of the cited paper was an IS or non-IS journal. To identify IS 
journals, we relied on the JOURQUAL 3 list published in 2015 by the 
Association of German Business Professors (“Verband der Hoch
schullehrerinnen und Hochschullehrer für Betriebswirtschaft”; [42]). It 
rates journals and categorizes them into different business disciplines. 

4 The control journals European Journal of Information Systems (EJIS) and 
Information Systems Journal (ISJ) were first published in 1991, while Journal of 
the Association for Information Systems (JAIS) was first published in 2000. Thus, 
2000 is the earliest year in which all relevant journals were published.

5 We also applied coarsened exact matching, which is a powerful alternative 
to propensity score matching ([57–59]). However, it proved to be less effective 
in reducing differences between treated and control units across the relevant 
matching variables than propensity score matching in our case. This limitation 
may stem from the large number of matching variables—availability, open 
access status, and 10 concept scores—which fragmented the data into exces
sively small subsets, making it challenging for coarsened exact matching to 
identify meaningful matches. Consequently, we decided to rely on propensity 
score matching for our analysis.

6 OpenAlex concepts are organized hierarchically across six levels, following 
a modified version of the Microsoft Academic Graph classification system [60,
61]. To balance generality and specificity, we relied exclusively on 284 
level-one concepts grouped under 19 root concepts, such as “Business” or 
“Computer science.” The top concepts in our matched papers, as depicted in 
Table 2, are all part of the root concepts “Business” or “Computer science,” 
showing the applicability of these concepts to the IS discipline, which is posi
tioned at the intersection of the fields of business and computer science.

J. Schilpp et al.                                                                                                                                                                                                                                  Information & Management 63 (2026) 104413 

6 



We classified a journal as an IS journal if it was part of the IS sub-list 
(“Wirtschaftsinformatik”). To our knowledge, this list provides a 
comprehensive overview of IS journals published by experts in the field, 
approximating our treatment dates.7

Thus, we obtained two dependent variables based on the citation 
counts a paper receives: (1) the total number of citations and (2) cita
tions conditional on whether they occurred in IS (proximate knowledge 
use) or non-IS (distant knowledge use) journals. The former allows us to 

test the overall effect of source credibility on knowledge use in the sci
entific realm, and the latter enables us to test our competing hypotheses, 
H1 and H2. Table 3 displays the corresponding summary statistics.

4. Results

4.1. Model-Free evidence

Fig. 5 plots the mean number of total citations per year for added and 
control papers in both cases, normalized relative to the respective last 
pre-treatment period. For the AIS case, these numbers show similar 
movements for added and control papers during the entire observation 
period. Citation counts increase during the pre-treatment period, peak 

Fig. 3. Time window considered in the analysis for the expansion of the AIS list.

Fig. 4. Time window considered in the analysis for the expansion of the FT list.

Table 2 
Summary statistics of the matching variables for the matched papers.

Matching variable Papers Mean Median Min Max SD

AIS case
Added ​ ​ ​ ​ ​ ​

Total citations pre-treatment 580 12.24 4 0 348 25.89
Availability in years 580 15.15 15 11 19 2.57

Open access status 580 0.04 0 0 1 0.21
Top three concepts Knowledge management, Process management, Management science
Control ​ ​ ​ ​ ​ ​

Total citations pre-treatment 580 20.37 10 0 408 35.6
Availability in years 580 15.27 16 11 19 2.55
Open access status 580 0.05 0 0 1 0.22
Top three concepts Knowledge management, Process management, Marketing

FT case
Added ​ ​ ​ ​ ​ ​

Total citations pre-treatment 361 55.56 25 0 2,189 136.07
Availability in years 361 11.30 11 8 15 2.29
Open access status 361 0.08 0 0 1 0.27
Top three concepts Knowledge management, Marketing, Process management

Control ​ ​ ​ ​ ​ ​
Total citations pre-treatment 361 34.96 21 0 447 49.89
Availability in years 361 11.03 10 8 15 2.42
Open access status 361 0.08 0 0 1 0.27
Top three concepts Knowledge management, Marketing, Process management

Note: SD = Standard deviation. Statistics for total pre-treatment citation counts are reported in non-logarithmic form for ease of interpretation; logarithmically 
transformed values were used for matching. The number of citations displayed for the AIS (FT) case was calculated based on citations between December 6, 2001 
(September 12, 2009), and December 5, 2011 (September 11, 2016), including 10 (7) pre-treatment periods. Focal papers were published between December 6, 1991 
(September 12, 2000), and December 5, 2000 (September 11, 2008).

7 An updated version of the ranking was published in 2024, but it only lists 
selected IS journals. Therefore, we identified journal fields based on the 
JOURQUAL 3 list, which is more comprehensive and was published closer to 
our treatment dates.
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just before the treatment, and decline subsequently. This pattern can be 
explained by the trade-off between novelty and the time required for 
bibliographic curation of forthcoming papers to be published. Closer to 
the publication date, a paper’s knowledge is novel and highly relevant 
for other works. However, the citing works themselves need time to be 
published. The longer a paper has been published, the higher the 
probability that later works have extended its knowledge and are, 
therefore, cited instead (cf., [43]). The peak in the middle of our 
observation window may be the sweet spot between these two coun
tervailing mechanisms. For details of a paper’s citation dynamics over 
time, refer to Appendix D.

In the FT case, the mean number of yearly citations relative to the last 
pre-treatment period for added and control papers shows similar pre- 
treatment trends. In the post-treatment period, citations to added pa
pers relative to the last pre-treatment period increase, while the number 
of citations for control papers declines over time.

To sum up, the model-free evidence suggests that papers from the 
added journals are cited more frequently after treatment in the FT case. 
In the next section, we present the results of multiple regression speci
fications to determine effect sizes and significance levels at the paper 
level while accounting for month, journal, and paper-specific effects.

4.2. Main results

For the regression analyses, we transformed the data into a panel 
structure with one observation per paper and period relative to the 
respective treatment date. The key dependent variable is the total 
number of citations a paper received. The regression specification is:8

ypajt = β1Addedj x Aftert
[
x IS Journalpat

]
+ β2Publjt + β3HighlyCitedp

+ pp + aa + jj + tt + ϵpajt

(1) 

where the dependent variable ypajt denotes the number of citations for 
paper p written by first author a and published in journal j in year t. We 
employed a Poisson model that is well suited for count data, thus 
enabling us to model the number of citations in its untransformed form. 
Furthermore, the model accommodates the inclusion of several fixed 
effects [44]. When specified with robust standard errors, this model is 
highly robust even in the case of overdispersed data and is, therefore, 
preferable to an ordinary least squares model with logged dependent 
variables [45].

Table 3 
Summary statistics for the dependent variables.

Dependent variable Papers Observations Mean Median Min Max SD

AIS case ​ ​ ​ ​ ​ ​ ​
Total citations 1,160 23,200 1.44 0 0 85 3.84

IS citations 1,160 23,200 0.41 0 0 19 1.07
Non-IS citations 1,160 23,200 1.02 0 0 73 3.15

FT case ​ ​ ​ ​ ​
Total citations 722 10,108 6.62 2 0 619 22.51

IS citations 722 10,108 5.03 2 0 585 20.02
Non-IS citations 722 10,108 1.59 1 0 76 3.44

Note: SD = Standard deviation. The numbers of citations are displayed per period. Statistics for the AIS (FT) case were calculated based on citations between December 
6, 2001 (September 12, 2009), and December 5, 2022 (September 11, 2024), including 10 (7) pre- and post-treatment periods, respectively. Focal papers were 
published between December 6, 1991 (September 12, 2000), and December 5, 2000 (September 11, 2008).

Fig. 5. Mean number of citations.

8 To improve accessibility, a simple linear equation is displayed here.
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The variable Addedj is a dummy indicating whether a paper was 
published in one of the added journals (1 = added), and Aftert indicates 
whether the observation month is part of the pre- or post-treatment 
period (1 = post-treatment). The interaction term Addedj x Aftert is 
the DiD term. Thus, β1 is our DiD estimator, which indicates the dif
ference between publishing the same paper in a listed journal and 
publishing it in an unlisted journal. To test our hypotheses, we repeated 
our regression and included a third variable in the interaction to indicate 
citations in either IS or other journals, IS Journalpat (1 = IS). In this 
specification, the triple interaction effect indicates how the treatment 
effect varies for proximate IS citations. With Publjt, we control for the 
number of publications in the publishing journal j in year t to account for 
the possibility that a paper receives more citations from articles pub
lished in the same journal. If this is the case and a journal publishes more 
papers per year (see Appendix D), this will increase the number of ci
tations to older papers in that journal. Finally, publications from well- 
known authors may receive more citations [46,47]; therefore, we con
trol for whether any of the paper’s authors are highly cited. This is 
captured by the dummy β3HighlyCitedp, which equals 1 if at least one 
author of a paper is in the top 10% of most-cited authors in the 
respective sample, ordered by the number of citations received before 
publishing the focal paper.

We also included several fixed effects to account for other factors 
that may impact a paper’s number of citations. First, paper fixed effects 
(pp) ensure that the results are not biased by time-invariant paper 
characteristics. Some papers may attract more citations owing to their 
topic (e.g., literature reviews) or structure (e.g., longer papers), and 
paper fixed effects absorb these differences. Second, publications are 
often identified through their first authors, and some well-known first 
authors may receive more citations. Therefore, we included first-author 
fixed effects (aa). Third, we controlled for journal effects (jj), as a paper’s 
citations can depend on the journal (cf., [21,27,28]). Fourth, year fixed 
effects (tt) were added to account for potential disparities between 
different time periods; for example, special issues may be published in 
certain years to increase the number of citations and visibility for 
selected papers. Furthermore, by adding paper and year fixed effects, we 
implicitly control for the length of time a paper has been published. ϵpajt 

represents the error term, and the coefficients for the variables Addedj as 
well as Aftert are only present in their interactions because the variables 
correlate perfectly with the journal and time fixed effects.

Table 4 presents the results of the corresponding regressions for the 
AIS and FT cases. For every case, we computed the regression on the 
total number of citations (Models 1 and 3) and the regression condi
tional on varying degrees of knowledge proximity, that is, whether the 
citing paper’s journal is an IS (high knowledge proximity) or another 
(low knowledge proximity) journal (Models 2 and 4). The latter enabled 
us to test our hypotheses, H1 (lower effect under high knowledge 
proximity) and H2 (greater effect under high knowledge proximity).

When considering the overall effect, we found the DiD estimators in 
the regressions on total citations to be positive and significant—in the 
AIS case with a magnitude of 0.10 (Model 1: p < 0.05) and 0.26 in the FT 
case (Model 3: p < 0.01). The coefficients in our high-dimensional 
Poisson regressions can be interpreted economically similarly to the 
coefficients in a normal Poisson regression.9 This suggests that the same 
paper receives approximately 10% more citations per year if it is pub
lished in one of the journals included in the AIS list than if it is published 
in a non-listed journal, and approximately 30% more citations per year if 
it is published in the IS journal included in the FT list. This supports our 
intuition based on the model-free evidence, implying that source 

credibility increases knowledge use.
Models 2 and 4 provide insights into the relative development of 

different types of citations by adding a third variable to the 
interaction—a binary indicator showing whether the citations come 
from IS or other journals (Added x After x IS Journal). In the regression 
for the AIS case, the coefficient is positive and significant, with a 
magnitude of 0.31 (Model 2: p < 0.01). This suggests that the treatment 
effect is stronger for citations in IS journals. Put differently, the number 
of yearly IS citations for papers published in listed journals increases by 
approximately 36% more than the number of non-IS citations. This 
finding contradicts H1 but supports H2, suggesting that the source 
credibility effect on knowledge use is higher if there is proximity to the 
focal knowledge. The reason is that we observe a stronger increase for IS 
citations, which have greater proximity to the focal knowledge, than for 
other citations. Moreover, the DiD estimator for the overall effect 
(Added x After) becomes nonsignificant in this regression (Model 2: 
0.06, p > 0.1). This indicates that citations in IS journals are the driving 
force underlying the overall effect observed in Model 1.

We do not observe this additional increase in citations from IS 
journals in the case of the FT list, where the triple-interaction coefficient 
is not statistically significant (Model 4: − 0.06, p > 0.1). This suggests an 
important boundary condition with respect to our hypothesis: the source 
credibility effect on knowledge use is stronger if there is high proximity 
to the focal knowledge but only when the source credibility signal aligns 
closely with the focal knowledge. This is true in the case of the AIS list, 
specifically because the AIS list focuses exclusively on IS journals, while 
the FT list is a general business list encompassing journals from other 
fields, such as finance.

The other coefficients in the extended regressions indicate antici
pated directions. First, the negative and significant coefficients for the IS 
Journal variable imply that more citations originate from non-IS jour
nals (Model 2: − 0.58, p < 0.01; Model 4: − 0.79, p < 0.01), consistent 
with the fact that citations from 88 journals are classified as IS, while 
several thousand other unique journals in our dataset are classified as 
non-IS journals. Second, the coefficient for the interaction between 
added journals and IS citations is positive and significant in the case of 
the AIS list (Model 2: 0.09, p < 0.05). This can be explained by the 
heightened academic significance of inclusion in the added journals 
within the IS community, justifying their addition to the AIS journal 
basket (cf., [21,27,28]). In contrast, alongside the positive and signifi
cant triple-interaction coefficient, this finding could also point to 
self-reinforcing citation “cycles” within a small subset of IS journals, 
which could partly explain the observed treatment effects. To examine 
this possibility, we conducted additional analyses on the number of 
unique journals from which citations originate. The results show that 
this number increases to a similar extent following the treatment. Put 
differently, the list inclusion not only increases the number of citations 
from journals that were already citing the focal papers, but also in
creases the diversity of citing journals. Appendix E reports these details. 
Third, the coefficients for the interaction terms between the 
post-treatment and IS citation indicators are negative and significant 
(Model 2: − 1.08, p < 0.01; Model 4: − 0.80, p < 0.01). This suggests that 
citation frequencies increase in non-IS journals over time, and this may 
be attributable to the overall increase in the output of scientific papers 
published across all other fields combined, which surpasses the effect for 
the IS field alone.

4.3. Validation

The validity of the employed DiD estimations relies on the assump
tion that the treatment and control groups exhibit similar pre-treatment 
trends, as this allows us to infer that any deviation from the parallel 
trend in the post-treatment period can be attributed to the treatment. 
Fig. 5 raises concerns about this for the AIS case. To formally test 
whether the parallel trend assumption holds for our specifications, we 
assessed the development of total citations over time by estimating a 

9 The percentage change of the dependent variable associated with a one-unit 
increase in the independent variable is calculated as Δ% = 100 ×

(
eβ − 1

)
, 

where β is the coefficient magnitude. As exp(0.26) is approximately 1.30, this 
implies approximately 30% more citations per year.
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relative time model in which we included year dummies representing 
the distance in years from the year of the expansion of the respective list. 
The formal regression specification is:10

ypajtd = [β0] +
∑3

d=− 3

β1Addedj x Distancejd + β2Publjt + β3HighlyCitedp + pp

+ aa + jj + tt + ϵpajt

(2) 

where Distancejd is the distance of an observation from the respective list 
extension during the periods considered for the analysis. As we excluded 
the first year after the extension of the list from our analysis as the 
“buffer year” (AIS case: December 6, 2011–December 5, 2012; FT case: 
September 12, 2016–September 11, 2017), d = 1 shows the impact for 
the second year after the treatment (AIS case: December 6, 
2012–December 5, 2013; FT case: September 12, 2017–September 11, 
2018; cf., Fig. 3 and Fig. 4). For the pre-treatment periods, d equals the 
temporal distance from the first day of the observation year to the 
treatment in years. For example, d = − 1 captures the time between 
December 6, 2010, and December 5, 2011, in the AIS case (FT case: 
September 12, 2015, to September 11, 2016). The regressions are 
analogous to our main specifications; thus, we estimated Poisson re
gressions in which the dependent variable represents the total citation 
counts. The DiD term Addedj x Aftert was replaced by the six terms for 
Addedj x Distancejd based on the six values of the dummy variable d. 
Finally, we set the last pre-treatment period (d = − 1) as the baseline 
by normalizing its coefficient to zero. Thus, all other dummy variables 
show the difference between the treatment and control groups relative 
to the baseline. If the parallel pre-treatment assumption holds, the 
dummy coefficients for the remaining pre-treatment periods should be 
nonsignificant, indicating that the number of citations does not signifi
cantly vary between treated and control journals relative to the last pre- 
treatment period. Our main analyses show that the DiD coefficients 
between the simple and extended specifications are similar in direction, 
magnitude, and significance for both cases. Therefore, we estimated this 
specification by omitting the triple interaction effect to ensure mean
ingful interpretation of the results.

Fig. 6 plots the point estimates and 95% confidence intervals of the 
dummy variables. For the AIS case, one pre-treatment period coefficient 
shows a significant deviation, but the pre-treatment coefficients do not 
follow an upward or downward pattern leading up to the treatment. 
Additionally, all but one post-treatment coefficient are positive; how
ever, all of them are nonsignificant. This aligns with the unstable overall 
effect (Models 1 and 2 in Table 4). No deviation from parallel pre- 
treatment trends can be observed in the FT case, as no pre-treatment 
coefficient is statistically significant. Meanwhile, all post-treatment 

coefficients are positive and significant, aligning with the overall find
ings (Model 3 in Table 4). Thus, we conclude that the parallel pre- 
treatment trend assumption is satisfied, validating the findings from 
our main specifications.

4.4. Robustness tests

Our main specifications leverage the longest time frame possible for 
the respective case to reflect the thoroughness scientists apply when 
developing their research papers and the time required to improve them 
through the peer-review process. To ensure that our results are not 
driven by the idiosyncrasies of these specific time frames, we repeated 
our analyses with shorter pre- and post-treatment periods of five years, 
respectively. Everything else followed the same approach detailed for 
the main specifications, including the beginning of the publication 
period, buffer years, and matching. For example, in the AIS case, our 
analysis considered the publication periods between December 6, 1991, 
and December 5, 2005, and the period from December 6, 2006, to 
December 5, 2011, as the pre-treatment period, and the post-treatment 
period between December 6, 2012, and December 5, 2017.

Table 5 presents the results of the corresponding regressions. Here, 
two observations for the AIS case are prominent compared with our 
main specification, which encompasses 10-year pre- and post-treatment 
time windows, respectively. First, the DiD coefficient (Added x After) is 
nonsignificant when the overall effect is estimated (Model 1: 0.06, p >
0.1) but positive and significant in the second regression for the AIS case 
(Model 2: 0.09, p < 0.05). Second, the triple-interaction coefficient 
(Added x After x IS Journal) is not significant (Model 2: 0.03, p > 0.1). 
This is likely due to the shorter time window considered in the analysis, 
which does not provide sufficient time for the elevated credibility 
associated with list affiliation to manifest itself in observable citation 
differences, given the lengthy publication cycle in scientific journals. Put 
differently, the core ideas—and the knowledge authors primarily rely 
on—of research papers published within six years after the list extension 
(buffer year + five years post-treatment) were likely defined when the 
lists were extended, and therefore the source credibility signal had a 
positive in-sample but nonsignificant effect.

For the FT case, all DiD coefficients are analogous to those in our 
main specification with respect to direction and significance, although 
smaller in magnitude (Model 3: 0.11, p < 0.01; Model 4: 0.10, p < 0.05). 
This aligns with the AIS case findings, and the smaller effect size is likely 
attributable to the longer time horizons required for academic journal 
papers to progress from initial submission to final publication and for 
the source credibility signal to have its full measurable effect in terms of 
citations.

Structural differences in publication turnaround times across disci
plines may explain the significance of the DiD coefficients in the FT case 
and in parts of the AIS case, despite the nonsignificant triple-interaction 
coefficient in the AIS case. Specifically, this pattern suggests that 

Table 4 
Results of the difference-in-differences analyses.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.10** (0.04) 0.06 (0.04) 0.26*** (0.04) 0.27*** (0.05)
IS Journal ​ − 0.58*** (0.03) ​ − 0.79*** (0.03)
Added x IS Journal ​ 0.09** (0.04) ​ 0.03 (0.05)
After x IS Journal ​ − 1.08*** (0.04) ​ − 0.80*** (0.04)
Added x After x IS Journal ​ 0.31*** (0.07) ​ − 0.06 (0.08)
Observations 22,200 44,400 9,674 19,348
Pseudo R2 0.57 0.51 0.77 0.71
Mean Added Pre 1.22 0.61 7.94 3.97

Note: The cases and dependent variables are displayed in the first row. All regressions control for the number of publications in the publishing journal per year, whether 
any author of the focal paper is highly cited, and include paper, first author, journal, and year fixed effects. Robust standard errors are reported in parentheses. 
Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations are automatically dropped when they do not 
provide sufficient variation within the fixed-effects structure.
*** p < 0.01, ** p < 0.05, * p < 0.1.

10 A simple linear equation is displayed here to improve accessibility.
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publishing in IS journals takes longer than publishing in non-IS journals. 
Accordingly, the higher source credibility associated with inclusion in 
the respective list may take longer to be reflected in citation counts for IS 
papers. Data available at SciRev.org support this notion, where scholars 
report their experiences with the review process in various journals. For 
example, journals in the broader field of business and economics have 
the longest total review times, averaging 25 weeks, compared with 17 
weeks across all scientific fields [48]. More detailed analyses indicate 
that, within business disciplines, IS journals rank among those with the 
longest average total review times, averaging approximately 30 weeks, 
compared with 19 weeks for marketing journals or 23 weeks for finance 
journals (for details, see Appendix G; [49]).11 Consistent with this 
observation, editors identified this as an area for improvement within 
the IS discipline and launched efforts to reduce overall turnaround times 
for research papers (e.g., [50]).

Overall, the analyses using shorter time windows enrich the main 
results. The source credibility effect of being included in the respective 

list requires several years to be reflected in journal publications. This 
could be explained by the premise that the foundational concepts un
derpinning researchers’ work were established prior to the list extension 
for papers published within shorter time windows. Our corresponding 
analyses exhibit partly nonsignificant and smaller DiD coefficients.

4.5. Competing mechanisms

Our analyses suggest that papers published in added journals receive 
approximately 30% more citations in the case of the FT list, whereas IS 
citations are approximately 36% higher in the AIS case. Our theoretical 
explanation, based on the knowledge-use process and the elaboration 
likelihood model, suggests that this is likely driven by the positive effect 
of source credibility on knowledge use. However, competing mecha
nisms may also explain the observed statistical effects in the context of 
scientific journal lists and citations.

First, the observed treatment effects may be driven by structural 
differences in the type of papers included in the added journals and 
those published in the control journals. Specifically, literature reviews 
might be cited frequently, as they provide convenient access to a wide 
range of knowledge. Thus, if literature reviews are disproportionately 

Fig. 6. Relative-time model difference-in-differences estimators.

Table 5 
Results of the difference-in-differences analysis with a five-year time window.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.06 (0.04) 0.09** (0.04) 0.11*** (0.04) 0.10** (0.04)
IS Journal ​ − 0.91*** (0.03) ​ − 0.74*** (0.03)
Added x IS Journal ​ 0.31*** (0.04) ​ − 0.04 (0.05)
After x IS Journal ​ − 0.61*** (0.04) ​ − 0.64*** (0.04)
Added x After x IS Journal ​ 0.03 (0.06) ​ − 0.02 (0.08)
Observations 16,120 32,240 8,350 16,700
Pseudo R2 0.66 0.59 0.77 0.70
Mean Added Pre 1.87 0.93 7.79 3.89

Note: The first row displays the cases and dependent variables. All regressions control for the publishing journal’s publications per year and whether any author of the 
focal paper is highly cited, and include paper, first-author, journal, and year fixed effects. Robust standard errors are reported in parentheses. Observation counts can 
vary slightly across the high-dimensional fixed-effects Poisson models because some observations are automatically dropped when they do not provide sufficient 
variation within the fixed-effects structure.
*** p < 0.01, ** p < 0.05, * p < 0.1.

11 These figures were calculated exclusively for accepted papers and do not 
account for the time authors spent revising their manuscripts for publication or 
submitting them to any other journal where they were eventually rejected.
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represented in either the treatment or control group, our results might 
be biased. To verify this, we eliminated literature reviews from the 
sampled papers eligible for analysis and repeated the same process as in 
the main specification, including panel preparation, matching, and the 
time window considered in the main analysis.12 The corresponding 
regression results are reported in Table 6. In the AIS case, a single de
viation is prominent relative to our main specification. In the complete 

regression, the Added x IS Journal coefficient is negative and significant 
(Model 2: − 0.09, p < 0.05). This suggests that literature reviews are 
cited frequently by other IS journals. However, with respect to our main 
finding, indicating that the number of annual IS citations to papers 
published in the listed journals increases more compared with non-IS 
citations, no deviation is observable. The triple-interaction coefficient 
is positive and significant (Model 2: 0.35, p < 0.01). In the FT case, all 
coefficients show directions, magnitudes, and significance analogous to 
those in our main specification. Therefore, we conclude that our results 
are not confounded by an overrepresentation of literature reviews.

Second, citations may be influenced by self-citation practices and do 
not necessarily reflect knowledge flow. Researchers typically work on a 
few research streams over the course of their careers and become experts 

Table 6 
Results of the difference-in-differences analyses excluding literature reviews.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.02 (0.03) − 0.03 (0.04) 0.23*** (0.04) 0.23*** (0.05)
IS Journal ​ − 1.30*** (0.02) ​ − 1.50*** (0.03)
Added x IS Journal ​ − 0.09** (0.04) ​ 0.07 (0.05)
After x IS Journal ​ − 0.74*** (0.04) ​ − 0.41*** (0.05)
Added x After x IS Journal ​ 0.35*** (0.06) ​ 0.03 (0.08)
Observations 22,500 45,000 9,786 19,572
Pseudo R2 0.65 0.62 0.82 0.78
Mean Added Pre 2.43 1.21 14.18 7.09

Note: The first row presents the cases and dependent variables. All regressions control for the publishing journal’s number of publications per year and whether any 
author of the focal paper is highly cited, as well as include paper, first author, journal, and year fixed effects. Robust standard errors are reported in parentheses. 
Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations were automatically dropped when they did 
not provide sufficient variation within the fixed-effects structure. Observation counts may differ slightly from the main specification due to rematching after excluding 
the specified articles.
*** p < 0.01, ** p < 0.05, * p < 0.1.

Table 7 
Results of the difference-in-differences analyses excluding self-citations.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.10** (0.04) 0.06 (0.04) 0.26*** (0.04) 0.27*** (0.05)
IS Journal ​ − 0.61*** (0.03) ​ − 0.83*** (0.03)
Added x IS Journal ​ 0.10** (0.05) ​ 0.03 (0.05)
After x IS Journal ​ − 1.07*** (0.04) ​ − 0.79*** (0.04)
Added x After x IS Journal ​ 0.30*** (0.07) ​ − 0.06 (0.08)
Observations 22,080 44,160 9,702 19,404
Pseudo R2 0.57 0.51 0.78 0.72
Mean Added Pre 1.20 0.60 7.71 3.86

Note: The first row displays the cases and dependent variables. All regressions control for the publishing journal’s number of publications per year and whether any 
author of the focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust standard errors are reported in parentheses. 
Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations are dropped automatically when they do not 
provide sufficient variation within the fixed-effects structure. Observation counts may differ slightly from the main specification due to rematching after excluding the 
specified articles.
*** p < 0.01, ** p < 0.05, * p < 0.1.

Table 8 
Results of the difference-in-differences analyses excluding author networks.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.10** (0.04) 0.06 (0.04) 0.22*** (0.04) 0.24*** (0.05)
IS Journal ​ − 0.63***(0.03) ​ − 0.94*** (0.03)
Added x IS Journal ​ 0.09* (0.05) ​ 0.08 (0.06)
After x IS Journal ​ − 1.10*** (0.04) ​ − 0.82*** (0.05)
Added x After x IS Journal ​ 0.32*** (0.07) ​ − 0.04 (0.09)
Observations 22,040 44,080 9,674 19,348
Pseudo R2 0.57 0.51 0.78 0.73
Mean Added Pre 1.17 0.59 7.46 3.73

Note: The first row displays the cases and dependent variables. All regressions control for the publishing journal’s number of annual publications and whether any 
author of the focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust standard errors are reported in parentheses. 
Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations are dropped automatically when they do not 
provide sufficient variation within the fixed-effects structure. Observation counts may differ slightly from the main specification due to rematching after excluding the 
specified articles.
*** p < 0.01, ** p < 0.05, * p < 0.1.

12 To identify literature reviews, we relied on the OpenAlex field “article- 
type” being “review.” As this is a conservative indicator, we complemented it by 
identifying reviews from strongly indicative title patterns such as “literature 
review” or “meta-analysis.”
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in these specific topics. As they are familiar with their own work, they 
may cite their prior works more often than the works of others. Thus, 
higher citation counts may not necessarily be driven by increased 
knowledge use but by researchers citing their own prior works, either 
because of convenience or potentially to promote them. This issue may 
be more pronounced as researchers gain seniority, publish more papers, 
and frequently cite their own prior works. In an additional robustness 
check, we removed all self-citations from our dataset and repeated the 
same process as in the main specification. Table 7 reports the corre
sponding regression results. All coefficients show directions, magni
tudes, and significance analogous to those in our main specification, 
implying that self-citations did not bias our results.

Third, unaccounted citations within the authors’ networks could 
equally bias our results. Scholars may not only prefer to cite their own 
work but also that of their co-authors, as they are familiar with their co- 
authors’ research activities. We addressed this concern by carefully 
reconstructing author networks and re-estimating our main specifica
tions after excluding citations within author networks. We identified 
and excluded all instances in which any author of the focal paper co- 
authored a paper with another author of the citing paper prior to the 
publication of the cited paper. The regression results, reported in 
Table 8, are comparable to those obtained earlier, indicating that our 
findings are not driven by citations within author networks.

Fourth, we filtered the citations even more strictly and removed all 
citations for which the current institution of any author was in the same 
country as the current institution of any author of the cited paper. By re- 
estimating the entire process for our main specification with this 
reduced sample, we checked whether our results were driven by con
nections between scholars that transcend author networks. For example, 
scholars may be familiar with research conducted by academics from the 
same region because they meet frequently at academic conferences, thus 
lowering the setup costs associated with identifying and familiarizing 
themselves with new knowledge. Table 9 reports the corresponding 
results, with coefficient significance and magnitudes analogous to those 
in our main specification. Overall, the preceding analyses suggest that 
our results are not driven by certain properties of the focal papers or 

connections between the cited and citing authors.
Fifth, citations and our observed treatment effects may not solely 

reflect knowledge flows but may be influenced by the norms of academic 
publishing, including journals, editors, and reviewers. Specifically, pa
pers may be cited to comply with the expectations of journals, editors, or 
reviewers, such as when authors cite the work of an editor or reviewer 
even if it is not integral to their paper. This can occur during the review 
process upon the request of the review board, or even prior to submis
sion, as authors anticipate the expectations of prospective journal edi
tors and reviewers. In such cases, these citations are likely to be less 
frequent throughout the research paper and more likely to occur 
together with other citations, as they are not pivotal to the paper’s core 
concepts and are included later during the paper-writing process.

Sixth, by citing a paper, authors may be positioning their own work 
within a particular research domain and signaling this to prospective 
perceivers, rather than drawing on the knowledge presented in the cited 
paper. Source credibility may not directly lead to greater knowledge use 
but rather increase the likelihood that knowledge from credible sources 
is used as a justification for positioning papers within certain research 
streams. Such citations are likely to occur predominantly in the early 
pages of the citing paper, where studies are typically embedded within 
the relevant literature.

Seventh, authors may cite papers to specifically emphasize that they 
are not relying on the cited knowledge. In other words, citations may 
serve to differentiate authors’ own ideas from those of others, and this 
may be particularly important for papers published in listed journals, 
especially those that are more widely known within the academic 
community. In such cases, citations should occur in the main body of the 
paper where core ideas are developed. The three mechanisms outlined 
above could drive citation behavior, potentially even more strongly after 
a journal has been added to the AIS or FT list, which could ultimately 
bias our results. To scrutinize these competing mechanisms, we con
ducted an in-depth citation context analysis. We collected 48,791 open- 
access papers that cited our added and control journals, available via the 
open-access locations provided by OpenAlex. Using the machine 
learning library GROBID (GeneRation Of BIbliographic Data; [51]), 

Table 9 
Results of the difference-in-differences analyses excluding in-country citations.

(1) AIS Case: Total Citations (2) AIS Case: Citations (3) FT Case: Total Citations (4) FT Case: Citations

Added x After 0.08* (0.04) 0.05 (0.05) 0.22*** (0.04) 0.24*** (0.05)
IS Journal ​ − 0.67*** (0.03) ​ − 0.94*** (0.03)
Added x IS Journal ​ 0.14*** (0.05) ​ 0.08 (0.06)
After x IS Journal ​ − 1.11*** (0.05) ​ − 0.82*** (0.05)
Added x After x IS Journal ​ 0.31*** (0.07) ​ − 0.04 (0.09)
Observations 21,900 43,800 9,674 19,348
Pseudo R2 0.56 0.50 0.78 0.73
Mean Added Pre 1.12 0.56 7.46 3.73

Note: The first row displays the cases and dependent variables. All regressions control for the publishing journal’s publications per year and whether any author of the 
focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust standard errors are reported in parentheses. Observation counts 
can vary slightly across the high-dimensional fixed-effects Poisson models because some observations are automatically dropped when they do not provide sufficient 
variation within the fixed-effects structure. Observation counts may differ slightly from the main specification due to rematching after excluding the specified articles.
*** p < 0.01, ** p < 0.05, * p < 0.1.

Table 10 
AIS case: Results of the citation context difference-in-differences analyses.

(1) Total (2) Alone (3) Together (4) First Third (5) Second Third (6) Final Third

Added x After − 0.08 (0.08) − 0.00 (0.11) − 0.23 (0.15) − 0.02 (0.11) − 0.34** (0.16) 0.30 (0.28)
Observations 1,927 1,906 1,733 1,887 1,714 1,258
Pseudo R2 0.06 0.08 0.12 0.08 0.11 0.13
Mean Added Pre 1.70 1.06 0.64 0.90 0.57 0.24

Note: The dependent variable is the mean number of times the focal paper is referenced, as detailed in the first row. All regressions control for the publishing journal’s 
number of publications per year and whether any author of the focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust 
standard errors are reported in parentheses. Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations 
are automatically dropped when they do not provide sufficient variation within the fixed-effects structure.
*** p < 0.01, ** p < 0.05, * p < 0.1.

J. Schilpp et al.                                                                                                                                                                                                                                  Information & Management 63 (2026) 104413 

13 



which is widely adopted for parsing and structuring scholarly PDFs, we 
extracted detailed information on how the citing papers referenced our 
treated and control papers. We counted (1) the total number of times a 
paper was referenced as a general measure of its integral role in shaping 
the citing paper’s ideas, (2) the number of times a paper was referenced 
alone, as a specific metric of its indispensability, and (3) the number of 
times a paper was co-referenced alongside other papers to capture ci
tations that may have resulted from editorial board mandates. Likewise, 
based on the number of words in the PDF file, we calculated the number 
of times a paper was referenced in the (4) first, (5) second, and (6) final 
third of the paper to generate more granular insights into the relation
ship between the citing and cited papers.

Based on this information, we followed the same approach as in our 
main analyses and created a panel dataset by aggregating the above 
citation-context variables for every citation of an added or control 
paper, using mean values at the paper-period level. We then applied the 
same analysis procedure, including matching and Poisson fixed-effects 
regression (because the number of times a paper is referenced follows 
a count-data distribution), for the longest period possible for the 
respective case. To ensure accessibility, we focused on the results for the 
simple specification encompassing only the DiD term.

Table 10 reports the results of the regressions on the six citation- 
context variables for the AIS case. The DiD coefficient in the regres
sion on the total number of times the focal paper is referenced in the 
citing papers is nonsignificant (Model 1: − 0.08, p > 0.1). Interestingly, 
the number of references in the second third of the citing research papers 
shows a declining trend (Model 5: − 0.34, p < 0.05). Thus, the citation 
context analysis for the AIS case suggests that the use of the treated 
papers by the citing articles has changed slightly following the treat
ment. Yet, there is no evidence that this change can be attributed to any 
of the competing mechanisms described above. Specifically, no change 
is observed in the number of references alongside others, indicating that 
treated papers are not employed more frequently as “additional” cita
tions resulting from the anticipated demands of journals, editors, or 
reviewers.

The results for the FT case, presented in Table 11, show a similar 
pattern. Again, the mean number of total references in a citing article 
remains unchanged after the treatment, as indicated by a nonsignificant 
DiD coefficient (Model 1: 0.06, p > 0.1). Interestingly, post-treatment, 
added papers appear to be referenced more frequently in the introduc
tory sections of research articles. This is indicated by a positive and 
significant DiD coefficient for references in the first third of a paper and 
a negative and significant coefficient for references positioned in the 
middle sections of the paper (Model 4: 0.19, p < 0.05; Model 5: − 0.25, p 
< 0.05). This suggests that authors may attribute greater importance to 
papers published in FT-listed journals or consider them more suitable for 
justifying their research directions and therefore reference them earlier 
in their own work.

Overall, the in-depth citation context analysis, which examines how 
citing papers reference the research papers based on the inclusion of 
their hosting journals in the AIS and FT lists, reveals only minor changes 
in the way treated papers are leveraged. Specifically, given the increased 

source credibility, authors appear to assign greater importance to these 
research papers, as reflected in their earlier placement within the citing 
papers. The results do not provide evidence suggesting that the treat
ment effects observed in our main specifications are driven by any of the 
competing mechanisms detailed above.

As our validation and robustness checks support our main findings, 
we conclude that a journal’s perceived source credibility, as reflected by 
its list membership, increases the total citation counts received by its 
papers by approximately 30% in the FT case. In the AIS case, the 
treatment effect is observable only when there is high knowledge 
proximity, as the IS citation counts are approximately 36% higher than 
the number of non-IS citations. This effect is not present in the FT case, 
indicating an important boundary condition: knowledge proximity is 
only pivotal if the source credibility signal aligns with the focal 
knowledge, rejecting H1 and supporting H2.

5. Discussion and conclusions

5.1. Key findings

The moderating role of proximity to focal knowledge in the impact of 
source credibility on knowledge use has received limited empirical 
attention in the realm of scientific journal lists. To address this research 
gap, we exploited two natural experiments in which two prominent 
journal lists in the academic fields of IS and business (AIS and FT lists) 
were extended with IS journals. This represents an important source 
credibility signal for the added journals.

We find that papers whose journals were included in the FT list 
received approximately 30% more citations per year than similar papers 
published in journals that were not added. In the AIS case, the impact 
emerges through moderation: IS citations increased by 36% more than 
non-IS citations after a journal was included in the AIS list. We conclude 
that source credibility positively impacts knowledge use, and this rela
tionship is moderated by knowledge proximity so that the effect is 
greater when there is high proximity to focal knowledge. Our analysis 
further shows that the moderation is subject to an important boundary 
condition: the source credibility signal, focal knowledge, and the per
ceiver’s knowledge must align. Specifically, the effect is stronger when 
close alignment exists between the focal knowledge, the perceiver’s 
domain, and a domain-native credibility signal.

5.2. Contributions and implications

This study makes several contributions to the literature on knowl
edge use. First, we identify knowledge proximity as a theoretically 
grounded boundary condition for determining the effectiveness of 
source credibility signals in the relationship between source credibility 
and knowledge use. We show that the influence of credibility signals 
depends on the alignment between the perceiver’s prior knowledge, the 
focal knowledge, and the credibility signal itself. Theoretically, this re
fines the elaboration likelihood and knowledge-use perspectives by 
demonstrating that peripheral credibility cues are effective only when 

Table 11 
FT case: Results of the citation context difference-in-differences analyses.

(1) Total (2) Alone (3) Together (4) First Third (5) Second Third (6) Final Third

Added x After 0.06 (0.07) 0.10 (0.08) − 0.05 (0.11) 0.19** (0.08) − 0.25** (0.10) 0.23 (0.18)
Observations 3,183 3,169 3,024 3,149 3,027 2,598
Pseudo R2 0.07 0.08 0.10 0.08 0.09 0.11
Mean Added Pre 1.84 1.21 0.63 0.97 0.65 0.22

Note: The dependent variable is the mean number of times the focal paper is referenced, as detailed in the first row. All regressions control for the publishing journal’s 
number of publications per year and whether any author of the focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust 
standard errors are reported in parentheses. Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations 
are automatically dropped when they do not provide sufficient variation within the fixed-effects structure.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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they are interpretable in the context of the perceiver’s knowledge, rather 
than operating uniformly across settings. In establishing this, we extend 
prior work suggesting that the impact of source credibility depends on 
the perceiver’s prior knowledge [4] by providing causal evidence of this 
interaction. Researchers should consider this interaction when defining 
boundary conditions, selecting study samples, or interpreting findings in 
studies on the impact of source credibility. Broadly, our findings suggest 
that credibility effects should not be treated uniformly but should be 
explicitly modeled as contingent on knowledge proximity.

Second, by employing a robust identification strategy using two 
natural experiments and directly observing knowledge flow through 
citations, rather than merely assuming it, this study strengthens causal 
claims regarding the relationship between source credibility and 
knowledge use (cf., [13]). Using this approach, we estimated the impact 
of a source credibility signal on knowledge use to be approximately 30% 
in our setting. This result indicates that identical knowledge can have 
substantially different levels of impact owing to its publishing source. 
Beyond academic publishing, these findings suggest that institutional 
credibility signals can shape information diffusion in contexts such as 
rankings, ratings, or media certification systems. In an era characterized 
by abundant information, such signals may have an increasingly deter
minative influence on structuring attention and visibility (cf., [52]).

Moreover, the study contributes to the debate on the value of sci
entific journal lists. By showing that list affiliation causally influences 
citation patterns, we demonstrate that journal lists not only reflect 
scholarly influence but can actively structure it. This challenges the 
assumption that citations alone justify a journal’s placement on a list (e. 
g., [21,29]) and suggests a more reciprocal relationship between 
ranking systems and citation-based evaluations. This implies that 
commonly used bibliometric measures may struggle to assess whether 
lists truly represent the most influential journals in a field, as the strong 
credibility signal associated with list inclusion can greatly impact cita
tions. Our findings show that citation-based evaluations should account 
for the credibility effects associated with list inclusion, as relying solely 
on citation counts may conflate intrinsic knowledge impact with insti
tutional signaling effects. Beyond implications for bibliometric evalua
tion, our findings suggest that institutional credibility signals can 
actively structure patterns of scholarly attention and visibility, thereby 
shaping how knowledge diffuses within and across fields.

Closely related to the previous points, our study provides valuable 
insights for scholars in their daily work. First, our findings imply that 
researchers should not rely exclusively on the source credibility heu
ristic when determining which knowledge to use; instead, they should 
explore knowledge beyond list boundaries and, whenever feasible, sys
tematically identify foundational research that can be built on at the 
individual paper level. Thus, our findings support arguments from critics 
of journal lists who advocate a more paper-centric approach to knowl
edge construction [29–31]. Second, these findings emphasize the 
importance for associations to maintain their lists meticulously, as a 
journal’s list affiliation can influence the impact of its published 
research, thereby shaping the trajectories of knowledge diffusion and 
authors’ career advancement. This is especially important given that 
publications in listed journals, along with citations, play a crucial role in 
scholarly career decisions such as hiring, tenure, and promotion [26].

An important implication emerges for organizations, as our findings 
offer insights into enhancing knowledge use. For instance, if organiza
tions are keen on strengthening knowledge exchange between units, 
they may consider establishing a clear source credibility signal while 
recognizing that such signals are most effective when aligned with 
existing knowledge proximity. Thus, a source credibility signal is 
particularly effective in improving exchanges between units that already 
share a foundational understanding and are competent to interpret the 
credibility signal meaningfully. Conversely, this approach may be less 
effective in creating entirely new channels of knowledge transfer.

5.3. Limitations and future research

Future research could address the scope and depth of the limitations 
of this study. First, this study is positioned in an academic context 
revolving around scientific papers and their citations. This allows the 
precise tracking of knowledge use through citations, although it must be 
considered when interpreting the results regarding knowledge use. 
Specifically, it is important to recognize that paper citations, as a mea
sure of knowledge use, are subject to potentially confounding factors 
idiosyncratic to the academic community. Through our in-depth citation 
context analysis, we excluded various competing mechanisms that could 
have biased our results. Yet, with the available data, some additional 
factors could not be fully tested. These include the proximity of the 
paper’s authors to authors of other works, attributable to collaborations 
in other areas and prior or current collegial or teacher-student re
lationships. Further research is needed to examine the impact of these 
aspects, although such data are difficult to collect due to the dynamic 
nature of individuals’ work locations and the time required for papers to 
develop as well as progress through the review process. Therefore, it 
would be interesting to conduct a similar study in an organizational 
setting, such as by using internal knowledge-sharing platforms.

Second, our paper focuses exclusively on knowledge proximity 
conceptualized as how close individuals are to knowledge in terms of 
their own knowledge or networks [13,14]. Future research may com
plement this by incorporating broader definitions of proximity, such as 
its locational, relational, or temporal dimensions (cf., [53–55]).

Third, given the empirical limitations, this study does not provide 
deeper insights into the exact theoretical mechanisms driving the 
observed effects. We could not identify whether source credibility in
centivizes people to choose the peripheral route of knowledge elabora
tion or if it triggers the peripheral route that leads into the central route, 
where individuals become aware of knowledge based on its source 
credibility but continue to explore the knowledge in depth. An experi
ment is a promising avenue to scrutinize these mechanisms.

Fourth, empirical challenges inherent to our setting are acknowl
edged. Review times between listed and non-listed journals differ such 
that a journal’s inclusion in one list could reduce the journal’s review 
times to enhance competitiveness. If this were the case, it could bias the 
results observed in our empirical analysis. Preliminary data from SciRev. 
org as well as anecdotal evidence from the field of IS do not support this 
notion (e.g., [50]); however, comprehensive data on journal turnaround 
times are not available to verify this. Researchers with exclusive access 
to such data could build on our study to examine this possibility. We 
measure knowledge proximity through the classification of IS journals 
by experts, given our focus on the IS community. Future research could 
enhance the robustness of our findings by employing alternative mea
sures of knowledge proximity, for example, based on word 
co-occurrences between papers [43]. Exploring such alternative con
ceptualizations of proximity would deepen our understanding of how 
credibility signals interact with knowledge proximity to determine 
knowledge diffusion across domains.

Overall, our findings suggest that credibility does not operate in 
isolation: its influence depends on alignment with the perceiver’s 
knowledge context. Understanding this interplay is essential for 
explaining how institutional signals structure the diffusion and use of 
knowledge in complex information environments.
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Appendix A Trends of Impact Factors before the Focal Events

Fig. A1, A2.

Fig. A1. AIS case: Impact factors of added and control journals.

Fig. A2. FT case: Impact factors of added and control journals.

Appendix B Added and Control Journals in the Main Specification

Table B1.

Table B1 
Summary statistics for papers included in the main specification.

Journal Papers Citations per Paper

Mean Median Min Max SD

AIS Senior Scholars’ List of Premier Journals (Journals added December 6, 2011)
Added journals

Journal of Information Technology (JIT) 367 42.04 16 2 876 85.69
J. Strat. Info. Syst. (JSIS) 213 77.93 34 2 2,364 191.25

Control journals

(continued on next page)
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Table B1 (continued )

Journal Papers Citations per Paper

Mean Median Min Max SD

Information & Management (I&M)a 469 96.6 48 2 2,084 190.33
Information and Organization (I&O)a,b 111 71.31 32 2 482 97.66

Financial Times List (Journals added September 12, 2016)
Added journal

J. Manage. Info. Syst. (JMIS) 361 300.04 118 2 13,442 905.13
Control journals

Eur. J. Info. Syst. (EJIS)c 202 151.45 88 2 1,664 200.44
Information Systems Journal (ISJ)c 120 153.02 82 2 2,506 275.02
Journal of the Association for Information Systems (JAIS)c 39 295.97 152 2 2,225 433.10

Note: Data as of May 2025. Citations = Citations received in journal papers. SD = Standard deviation.
a These journals were added to the AIS list as well on February 17, 2023, indicating their strong similarity to the focal papers in this natural experiment. The journal 

Decision Support Systems was also added to the AIS list. However, we excluded it from our analysis owing to its specialized focus and distinct publishing strategy, as 
reflected in an exceptionally high publication volume (cf., [40]).

b Information and Organization was called Accounting, Management and Information Technology before 2001.
c These journals have been part of the AIS list since April 23, 2007, confirming their strong similarity to JMIS.

Appendix C Summary Statistics of All Papers

Table C1.

Table C1 
Summary statistics of matching variables for all papers.

Matching variable Papers Mean Median Min Max SD

AIS case
Added

Total citations pre-treatment 657 11.47 4 0 348 24.67
Availability in years 657 15.06 15 11 19 2.57
Open access status 657 0.04 0 0 1 0.20
Top three concepts Knowledge management, Process management, Management science

Control
Total citations pre-treatment 580 20.37 10 0 408 35.6
Availability in years 580 15.27 16 11 19 2.55
Open access status 580 0.05 0 0 1 0.22
Top three concepts Knowledge management, Process management, Marketing

FT case
Added

Total citations pre-treatment 361 55.56 25 0 2,189 136.07
Availability in years 361 11.30 11 8 15 2.29
Open access status 361 0.08 0 0 1 0.27
Top three concepts Knowledge management, Marketing, Process management

Control
Total citations pre-treatment 742 32.06 18 0 517 52.7
Availability in years 742 10.77 10 8 15 2.3
Open access status 742 0.31 0 0 1 0.46
Top three concepts Knowledge management, Process management, Marketing

Note: SD = Standard deviation. Statistics for total pre-treatment citation counts are reported in non-logarithmic form for ease of interpretation; logarithmically 
transformed values were used for matching. The number of citations displayed for the AIS (FT) case was calculated based on citations between December 6, 2001 
(September 12, 2009) and December 5, 2011 (September 11, 2016), thus including 10 (7) pre-treatment periods. Focal papers were published between December 6, 
1991 (September 12, 2000), and December 5, 2000 (September 11, 2008).

Appendix D Citation Dynamics over Time

Fig. D1 depicts the mean number of yearly citations relative to a paper’s publication date for matched and non-matched but eligible papers, that is, 
papers published in relevant journals during the relevant period. The mean number of citations per year is normalized by the maximum number of 
citations within the respective group.

In the AIS case, the number of citations rises sharply after publication, peaks at 4 and 13 years after publication, and declines thereafter. In the FT 
case, a similar pattern is observed, although the citation peak occurs approximately 8–12 years after publication. Importantly, these patterns are 
visible for both matched and non-matched papers, confirming that our matched sample is representative with respect to citation dynamics.

Furthermore, the development of yearly citations aligns with the underlying trend observed in our model-free evidence (see Fig. 5). We attribute 
this to a trade-off between novelty and the time required for citing papers to be developed and published. Put differently, two components may drive 
citation counts over time. On one hand, researchers tend to rely on novel knowledge when conducting their own research and, therefore, cite the most 
recent works available (cf., [43]). On the other hand, citing papers themselves must be developed and published, a process that typically takes several 
years, making it less likely that, at the time of publication, they rely on the most recent papers. Overall, this results in the observed pattern wherein 
citation rates increase after publication, peak several years after the research that relies completely on the focal knowledge has been published, and 
subsequently decline as newer knowledge becomes available and is preferentially cited.

Specifically, the time windows of these movements, as shown in Fig. 5 and Fig. D1, align closely. In the AIS case, on average, matched papers are 
published 15 years before the treatment, and their citations peak just before the treatment, that is, approximately 13 years after publication. This 

J. Schilpp et al.                                                                                                                                                                                                                                  Information & Management 63 (2026) 104413 

17 



corresponds to the 13-year peak shown in Fig. D1. In the FT case, on average, papers are published 12 years before the treatment, and their citations 
peak just before and several years after the treatment, consistent with the 8- to 12-year post-publication peaks observed in Fig. D1.

Fig. D1. Yearly citations since publication.

Appendix E Unique Number of Citing Journals

Table E1 reports the regression results using the number of unique citing journals as the dependent variable. As in our main specification, we 
employed a high-dimensional fixed-effects Poisson regression using the same sample, time window, and set of control variables. The key coefficients 
exhibit the same sign and level of statistical significance as those in the main specification. This suggests that the treatment not only increases the 
number of citations from journals that were already citing the focal papers but also increases the diversity of the citing journals.

Table E1 
Results of the difference-in-differences analyses on the unique number of citing journals.

(1) AIS Case: Total Unique Journals (2) AIS Case: Unique Journals (3) FT Case: Total Unique Journals (4) FT Case: Unique Journals

Added x After 0.04 (0.03) − 0.01 (0.04) 0.16*** (0.04) 0.16*** (0.04)
IS Journal − 0.45*** (0.02) − 0.74*** (0.02)
Added x IS Journal 0.07* (0.04) − 0.08* (0.05)
After x IS Journal − 0.61*** (0.04) − 0.59*** (0.04)
Added x After x IS Journal 0.19*** (0.06) − 0.10 (0.08)
Observations 10,126 13,525 7,478 12,033
Pseudo R2 0.44 0.33 0.71 0.63
Mean Added Pre 2.71 2.00 8.64 5.07

Note: The first row displays the cases and dependent variables. All regressions control for the publishing journal’s number of publications per year and whether any 
author of the focal paper is highly cited, as well as include paper, first-author, journal, and year fixed effects. Robust standard errors are reported in parentheses. 
Observation counts can vary slightly across the high-dimensional fixed-effects Poisson models because some observations are automatically dropped when they do not 
provide sufficient variation within the fixed-effects structure.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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Appendix F Publications per Period for Focal Journals

Table F1.

Table F1 
Results of difference-in-differences analyses on the number of publications per journal.

(1) AIS Case: Publications (2) FT Case: Publications

Added x After − 0.39*** (0.10) − 0.38*** (0.11)
Observations 80 56
Pseudo R2 0.69 0.16
Mean Added Pre 33.00 50.43

Note: The first row displays the cases and dependent variables. All regressions control for journal and 
year fixed effects. The AIS (FT) case encompasses the same 10 (7) pre- and post-treatment periods as 
our main specification.
*** p < 0.01, ** p < 0.05, * p < 0.1.

Appendix G Total Review Durations Across Business Disciplines

Table G1.

Table G1 
Average total review durations across business disciplines.

Discipline (1) Average Total Review Duration in Weeks

Business and management 29.91 (58 journals, 66 reports)
Management information systems 29.57 (7 journals, 24 reports)
Strategic management 24.91 (50 journals, 57 reports)
Organizational behavior and human resources 23.64 (31 journals, 67 reports)
Finance 23.44 (15 journals, 57 reports)
Marketing 18.53 (20 journals, 29 reports)

Note: Based on data from SciRev.org, retrieved on December 21, 2025. Only journals with at least two 
reports are included.
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