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ABSTRACT
Across all scientific fields, there is an increased focus on the impact

of scientific research: what academic and societal benefits does it

provide? This question has spurred the development of a variety

of different approaches to impact assessment, each appropriate

in different circumstances. In this paper, we study the academic

impact of the CHIIR community through a comprehensive analysis

of the work published in the 2016-2023 CHIIR conference series. We

collect citation counts, citing documents, and altmetrics scores for

all CHIIR publications to determine their academic impact across a

variety of different attributes of the CHIIR publications. In addition,

we analyze a subset of citation contexts in the papers that have

cited CHIIR publications to analyze how they are being used and

what that means for their potential impact. Finally, we attempt to

predict which properties of CHIIR publications are most predictive

of future impact.

CCS CONCEPTS
• Information systems → Presentation of retrieval results;
Test collections; Users and interactive retrieval.
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interactive information retrieval, sharing, re-use, citation analysis,

impact
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1 INTRODUCTION
Across all scientific fields, there is an increased focus on the impact

of scientific research: which academic, health, and socio-economic

benefits does it provide? This question has spurred the development

of a variety of different approaches to impact assessment, each ap-

propriate in different circumstances [13]. Estimating the academic
impact of scientific research may be the most mature of these three

types of impact assessment, as demonstrated by the abundance of

different indicators of academic impact [36, 38]. However, which

metrics are most appropriate can be dependent on the research

field, as are the factors that influence whether a paper has impact

[13]. In this paper, we study the academic impact of the CHIIR com-

munity through a comprehensive analysis of the work published in

the 2016-2023 CHIIR conference series. We collect citation counts,

citing documents, and altmetrics scores for all CHIIR publications

to determine their academic impact in a variety of across differ-

ent attributes of the CHIIR publications. In addition, we analyze a

substantial subset of citation contexts in the papers that have cited

CHIIR publications to analyze how they are being used and what

that means for their potential impact. Finally, we attempt to pre-

dict which properties of CHIIR publications are most predictive of

future impact. Here, we build upon earlier work on describing and

prescribing the practices for documentation, re-use, and sharing of

research resources in the CHIIR community to analyze how this

may have influenced their impact.
1

In this paper, we take the Conference on Human Information

Interaction and Retrieval (CHIIR) conference as our object of study,

which is one of the premier publication venues and communities for

Information Interaction and Retrieval (II&R) research. We present

the results of an analysis of eight years of CHIIR publications and

address the following research questions.

The main question addressed in this work is: What is the impact

of CHIIR work? This requires a definition of impact as well as

an operationalization of it. Therefore, this paper addresses the

following more specific research questions:

1
The code to extract citation contexts and link them to CHIIR paper metadata is

available at https://github.com/biirrr/chiir-2024-citations. We published the datasets

on Zenodo: https://zenodo.org/records/10450344
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RQ1 How do we operationalize impact in the CHIIR commu-

nity?

RQ2 What is the reception of CHIIR work inside and outside

the CHIIR community?

RQ3 In what context are CHIIR papers cited?

RQ4 Do empirical, resource and theoretical papers have differ-

ent impacts?

RQ5 Does resource sharing and re-use have an influence on

impact?

The remainder of this paper is structured as follows: In Section 2

we present related work on traditional analyses of citation purpose

and context. The influence of alternative measures such as altmet-

rics and open access is highlighted. We then describe our research

design in Section 3 and present the analyzed CHIIR paper charac-

teristics in Section 4. This is followed by an evaluation of citations,

citation contexts and altmetrics scores as indicators for publica-

tion impact in Section 5. The paper concludes with a discussion on

possible correlations of paper types and their (predictable) impact,

limitations of this approach and suggestions for future work.

2 RELATEDWORK
2.1 Citation Purpose & Context
Citation-based factors continue to be the most important and es-

tablished indicators for the evaluation of research impact. Starting

with Merton [24], the purposes of citations in research publications

remain an often discussed topic. While a normative theory of sci-

ence states that references in publications point to prior scholarly

work that influenced, impacted or supported the work described in

a publication, many more purposes for citations have been identi-

fied [28]. In line with the continued interest in citation purposes,

the number of studies identifying and measuring citation purposes

in different fields of research is large.

In 2006, Teufel et al. [32] presented a citation function categori-

sation with four top-level categories and 12 sub-categories. Since

then, this taxonomy has been used widely. Citation purposes and

contexts have been either studied from the authors’ perspective

and motivations [11], based on actual citation discourse or context

[37] or through a combination of both [39].

A large number of other categorization schemes have also been

developed over time, which are reviewed and compared by meta-

studies [22]. The review reveals that limited access and documenta-

tion of individual data sets as well as different annotation schemes

and procedures are major challenges in citation classification work

and generalization of results [22]. For example, there is no clear

consensus on the optimal window size for the citation context (i.e.

the number of words or sentences around a reference) [9, 22]. Au-

tomatic procedures for the identification of citations contexts have

been proposed to overcome limitations of earlier manual annota-

tions methods [12, 33].

Our particular research interest in documentation, re-use and

sharing of research resources in CHIIR guided our review of clas-

sification schemes and category choices for this study. Our main

selection criteria were parsimony (the taxonomy should cover only

what we need and at the level of detail that is useful to us) and

the inclusion of documentation and re-use purposes (the taxonomy

should have a category that covers re-use). Based on these require-

ments, the proposed taxonomy by Pride and Knoth [27] serves as

a basis for the annotation scheme used in this paper which will

be further introduced and discussed in the section on research

design. Pride and Knoth [27] propose six main categories: (1) Back-

ground, (2) Uses, (3) Compare/Contrast (with three sub-categories:

similarities-differences-disagreement), (4) Motivation, (5) Exten-

sion and (6) Future Work. In their study, from 11,233 annotations

provided by more than 800 authors, 54.61% belong to the category

Background as part of the literature review or background section

in a paper. The category Uses (the citing paper uses the methodol-

ogy or tools created by the cited paper) is particularly interesting

for this work when it comes to the identification of re-use cases

and will be extended to distinguish different types of re-use.

2.2 Measuring Research Impact through
Alternative Factors

Traditional citation-based measures have been criticized for years

with accompanying suggestions for alternative or complementary

indicators for research impact evaluation. So called altmetrics sug-

gest alternative factors that include societal and cultural impact of

research output. Altmetrics refer to a very broad group of metrics,

capturing various parts of impact a publication can have beyond

citation-based impact. Publication of research output as open or

closed access is also hypothesized to have an effect on research

impact.

2.2.1 Altmetrics. The idea and usage of altmetrics aims at comple-

menting traditional citation metrics with a broad set of indicators

for measuring the impact of scientific publications in social media

contexts.While there is no clearly agreed or standardized set of mea-

sures or indicators, providers like Altmetrics.com
2
offer aggregated

scores based on different sources.

The Altmetrics score is a weighted count of the amount of at-

tention that has been picked up for a research output. Mentions in

some sources, such as news, blogs, policy documents or Wikipedia

contribute a relatively high score, whereas mentions from other

sources, such as social media and YouTube, contribute relatively lit-

tle.
3
Altmetrics scores can decrease over time due to deleted posts or

due to down-weighting of X (formerly known as Twitter) accounts

in case of high bias or excessive focus on scholarly content.
4

Using these scores, an increasing body of research has investi-

gated the relationship between altmetrics and citation data with the

result of limited correlation between both [10, 16]. Similarly, Costas

et al. [10] found that through the usage of altmetrics, highly-cited

publications could be identified with a higher precision rate but

with lower recall than journal scores. This suggests that traditional

citations still provide a better overview of related research while

altmetrics allow a quicker and alternative entry point into research.

While citation contexts have been studied in extensive detail,

this is only partly done for social media contexts. To better un-

derstand how altmetrics scores are impacted, Haustein et al. [16]

2
https://www.altmetric.com/

3
https://help.altmetric.com/support/solutions/articles/6000233311-how-is-the-

altmetric-attention-score-calculated-

4
https://help.altmetric.com/support/solutions/articles/6000241983-faq-why-has-the-

altmetric-attention-score-for-my-paper-gone-down-
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investigated if and how publication properties and collaboration

factors (discipline, author number and background, paper type,

length, references) have an effect on altmetrics scores. In contrast

to citation counts that are typically affected by longer papers and

higher numbers of references, this could not be observed for social

media outlets, which prefer document types such as editorials or

short reports [16]. Other studies have focused on specific platforms

such as Mendeley or X, finding a higher correlation between cita-

tions and Mendeley reads than for citations and tweet mentions

[17].

One of the main challenges for alternative research impact in-

dicators is that altmetrics scores are still only available for a low

percentage of papers. Disciplinary differences can be observed with

social sciences and humanities at the top of altmetrics and computer

science and natural sciences with the lowest scores [10, 16].

In summary, altmetrics seemnot an alternative but rather provide

complementary perspectives to citation information.

2.2.2 Open Access. The relationship between publishing research

as OpenAccess (OA) and the impact on science, for example through

citation counts, remains unclear [23]. While some studies report

an Open Access citation advantage (OACA) [25], the majority of

analyses report limitations or warnings against selection biases.

Differences between studies based on the selected samples and

different disciplines do not allow a generalization with respect to a

correlation between OA publications and citation rates [19]. Some

also argue that OA publication impact might be better or comple-

mentary represented by altmetrics such as downloads, mentions,

likes etc [23].

As shown above, research impact is a multi-faceted concept that

has been studied from different perspectives. For this project we

investigate the impact of CHIIR papers based on three main factors:

(1) citation counts, (2) citation contexts in which the papers have

been used and (3) altmetrics scores.

3 RESEARCH DESIGN
In this study, the CHIIR conference papers serve as a proxy for a

research community. CHIIR is an interesting research community

to study for research impact and citation contexts as it represents

the intersection of several fields of research, in particular informa-

tion retrieval and human computer interaction while forming a

nucleus around which the community shapes itself. It is expected

that CHIIR research reaches both the information retrieval and

human computer interaction research communities, which could

be seen in citations from outside CHIIR. However, since the first

CHIIR conference in 2016, the interactive information retrieval

research community has also grown, so that we may see CHIIR

papers referencing other CHIIR papers. It remains to be seen how

these different impacts appear and whether this changes over time.

3.1 Data Collection
The basis of the analysis was Bogers et al.’s 2023 dataset [6], which

we extended to include the CHIIR 2023 papers. The additional

papers were annotated and categorized by research type, method,

focus, sharing, and re-use using the same methodology as for the

original dataset. The resulting, extended dataset contains 407 full,

short, perspective, demonstration, and resource papers from the

CHIIR conference series between 2016-2023. This allowed us to

analyze whether sharing, re-use, or paper type have an influence

on the paper’s impact.

Citation data. To analyze academic impact in terms of citation

counts, we collected the citations of each CHIIR paper from Google

Scholar using SerpApi.
5
Computer science fields in general—and

conferences in particular—are poorly covered in traditional journal-

based citation indexes such asWeb of Science and Scopus, which led

us to use Google Scholar, even though we are aware of the hetero-

geneous data quality. We used SerpApi to query Google Scholar for

each of the 407 CHIIR papers by their DOIs. Next, we downloaded

the snippet information for each of the 3,816 citing publications

using SerpApi and extracted the relevant paper metadata, including

publication year (if available) and their citation counts. All citation

data was collected on August 22, 2023.

Altmetrics. Using the Altmetric API,
6
we were able to collect

altmetrics data for 33.4% of the 407 CHIIR papers. According to

Banshal et al. [4], coverage of Altmetrics varies considerably by

discipline. CHIIR can be seen as a combination of the information

sciences (33.5%) and arts & humanities (27.3%) examined by Banshal

et al. [4], which is similar to the 33.4% of CHIIR papers that could

be matched against the Altmetric API.

Additional data. Weused the OpenAlex API
7
to collect additional

data about the CHIIR papers and the publications citing them. Ope-

nAlex is an open catalog of scholarly papers, authors, institutions,

venues, and concepts with a free API service. We were able to match

all 407 CHIIR papers to their corresponding OpenAlex records us-

ing their DOIs. For the citing publications collected in our Google

Scholar crawl, we searched for their matching OpenAlex records by

title, as Google Scholar and SerpAPI do not return DOIs. For each

matching publication, we collected their Open Access status, de-

tailed information about author affiliations and scientific concepts

assigned by an automatic classifier.
8
We were able to match 2,656

out of 3,816 total citing documents (69.6%) using OpenAlex. When

we present results using OpenAlex data for citing documents, they

were calculated on this subset.

3.2 Data Annotation of the CHIIR Conference
Papers

For this part of the study, we re-used the process developed by [6]

to extend their dataset with the CHIIR 2023 papers. For clarity, we

briefly recap the process here.

For sharing and re-use, the annotation schema distinguished

between the three types of research resources defined by [14]: data

(“any data that has been collected, observed, generated or created

during or as a result of the research process”), design (“the methods

and techniques used to collect and analyze empirical data”), and

infrastructure (technical infrastructure providing “access to an IR

system as well as the application of the data collection techniques”).

Re-use is defined as any use after the initial publication and sharing

5
https://www.serpapi.com/

6
https://www.altmetric.com/solutions/altmetric-api/

7
https://docs.openalex.org/

8
https://docs.openalex.org/api-entities/concepts
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is defined as providing access to any of the resource types after the

initial publication.

For the research types there are three categories, which were

based on and adapted from Kelly’s definitions of exploratory, de-

scriptive and explanatory research [21]: empirical, theoretical and

resource. While empirical research commonly gathers, processes

and analyzes some form(s) of data to confirm a hypothesis or an-

swer a research question, theoretical research uses deductive and

literature-based approaches to introduce new research questions,

define research concepts or summarize the state-of-the-art. Re-

source papers present or demonstrate a dataset or tool.

For the research methods, the existing annotation codes were

re-used and where necessary, we extended them with new or more

detailed codes. For the analysis, the annotated methods were con-

solidated into larger categories, e.g. expert interviews, focus groups

and user interviews were consolidated into a single category inter-

view / focus groups.

3.3 Data Annotation of the Citation Contexts
for CHIIR Papers

3.3.1 Data Collection and Extraction. We used the SerpAPI to

download all available PDF versions of publications that cite CHIIR

papers (citing publications). In total, 2,799 PDFs were downloaded

for 1,465 citing publications (38% of all 3,816 citing papers). The

distribution is skewed, with a mean of 1.91 (𝑀𝑑 = 1, 𝑆𝑑 = 1.26) PDF

versions per publication and a maximum of 9 versions.

We used grobid [1] for transforming the PDFs to TEI (Text En-

coding Initiative), with XML markup for section, paragraph and

sentence boundaries, and for extracting references and the text

citations to these references. Some PDFs could not be parsed by

grobid, resulting in 2,163 TEI versions of 1,147 citing publications,

with a total of 109,644 citations in 1,125 citing publications (for 22

publications, grobid identified no citations). For publications with

multiple PDF versions, we selected the version with the highest

number of extracted citations. There are several drawbacks to using

these automated steps to identify citation contexts and motivations.

First, errors were present in each of the steps. The publications

metadata (e.g. title and author) was incorrect for a handful of publi-

cations, which leads to incorrectly identified links between citing

and cited paper. The same goes for the citation matches, i.e. Google

sometimes incorrectly identified a CHIIR paper as being cited by a

citing publication. Second, grobid extracted incorrect publication

metadata for some publications, and missed some citations in the

text, as well as references in the reference list. Third, grobid only

extracts explicit citations, but there are also indirect and implicit

citations [3, 18]. For instance, the references to grobid in the pre-

vious two sentences and in this one are implicit references. In this

paper we limit ourselves to the explicit references identified by

grobid, but note that the implicit references can have additional

motivations or meanings.

To identify which citations in the TEI versions of citing publica-

tions reference a CHIIR publication, we compared the titles in the

reference lists of citing publications to the titles of the CHIIR pa-

pers that the SerpAPI linked to the citing publications. To measure

similarity between the title of a publication in the reference list 𝑡𝑟
and the title of the linked CHIIR paper 𝑡𝐶 , we used edit distance

between the two titles and computed similarity as the inverse ratio

of the edit distance 𝑒𝑑 (𝑡𝑟 , 𝑡𝐶 ) to the length |𝑡𝐶 | of the CHIIR pub-

lication title in number of characters: 𝑠𝑖𝑚(𝑡𝑟 , 𝑡𝐶 ) = |𝑡𝐶 |−𝑒𝑑 (𝑡𝑟 ,𝑡𝐶 )
|𝑡𝐶 | .

The similarity distribution between all pairs showed that scores

were either above 0.6 or below 0.35. A manual check found that

all scores above 0.6 were correct pairs, while a random sample of

title pairs with a score below 0.35 contained only non-matching

pairs. As a result, the similarity threshold for equivalence was set

at 𝑠𝑖𝑚(𝑡𝑟 , 𝑡𝐶 ) ≥ 0.6.

We were able to extract 2,698 citation contexts for 264 cited

CHIIR papers (65% of all CHIIR papers and 74% of cited CHIIR

papers according to Google Scholar) from 952 citing publications

(25% of all citing papers, and 85% of citing papers for which grobid

identified at least one citation).

Earlier work on citation context classification found that in most

cases, the sentence containing the citation is enough to classify its

motivation [35, 40], but in some cases the surrounding sentences are

needed [2]. We use two types of representations of citation contexts,

1) the sentence containing the citation, and 2) the citing sentence

with the preceding and following sentence, when preceding and

following sentence were part of the same paragraph as the citing

sentence. Annotators were given both types of contexts.

3.3.2 Citation Context Annotation. Through the review of existing

annotation schemes it appeared that their granularity is mostly too

detailed for this analysis, while at the same time generally being

under-defined with respect to our interest in re-use. To address

this, a classification system based on [27] was developed, with

extensions for re-use of research data, design, and infrastructure

(Table 1).

In total, two annotators categorized 1,492 citation contexts, with

each citation context processed by one annotator. Annotators were

instructed to annotate each citation context with all matching cate-

gories. The annotators initially used the sentence within which the

citation occurs as the justification for the categorisation. For 214

citations, the citation sentence did not provide enough context and

for these the annotators also considered the sentences before and

after the citation sentence. For each citation context, the annotators

were asked to indicate their confidence as low, middle or high.

A third annotator checked all citations that had initially been

marked as low confidence, as well as all citations that had been

marked as unclear and added their annotation to confirm or reject

a category. The validation process identified a total of 32 citations

that were identified incorrectly by grobid. These were excluded

from the analysis.

One limitation of the citation context analysis is that, in the

interface the annotators used to classify, the citations were grouped

by paper, but the papers were in no specific order. Due to arte-

facts in the ordering and the fact that only approximately half of

the contexts were annotated, demonstration and short papers are

significantly under-represented in the annotated data (chi
2
con-

tingency with Bonferroni correction at 𝑝 < 0.001). In particular,

this impacts the analysis by paper type, where resource papers are

under-represented.
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Table 1: Citation context categories for CHIIR papers.

Category Description (adapted from [27] & [14])

Background The cited paper provides relevant back-

ground information or is part of the body

of literature.

Uses The citing paper re-uses resources created

by the cited paper.

Design The citing paper re-uses methods and tech-

niques, including research environment,

data collection protocols aswell as data anal-

ysis methods and measures.

Data The citing paper re-uses any data that has

been collected, observed, generated or cre-

ated during or as a result of the research

process.

Infrastructure The citing paper re-used the IR system (i.e.

software, interfaces, collections) or applied

data collection tools for user and tasks man-

agement, questionnaires,interaction log-

ging, etc.

Compare/Contrast The citing paper expresses a relationship to

the cited paper.

Similarities The citing paper uses a similar approach or

shows similar results.

Differences The citing paper contrasts or differs from

the cited paper in any aspect.

Disagreement The citing paper disagrees with the cited

paper or with parts of it.

Motivation The citing paper or research question is di-

rectly motivated by the cited paper.

Extension The citing paper builds upon and extends

the methods, tools or data etc. of the cited

paper.

Future Work The cited paper may be a potential avenue

for future work.

4 CHARACTERIZING THE CHIIR PAPERS
This section presents a brief overview of the characteristics of

the 2016-2023 CHIIR conference proceedings collection. While the

overall distributions are comparable to the Bogers et al. study [6],

resource sharing and re-use fluctuates more widely because of the

small frequencies observed.

4.1 Research Type and Research Method
The CHIIR proceedings contain 185 short papers, 169, long papers,

30 demo papers, 20 perspective papers and 3 resource papers.

Figure 1 shows the distribution of research types for the com-

plete data set. It shows that CHIIR predominantly covers empirical
research (𝑛 = 336, 82.6%), followed by a smaller number of resource
papers (𝑛 = 56, 13.8%) and theoretical research (𝑛 = 40, 9.8%). Note

that this is based on the manual annotation of the research types

by [6] of the CHIIR papers until 2022 and by one author of this

paper for CHIIR 2023 papers, not the CHIIR paper categories, which

are not equivalent. For example, while all 3 papers categorised by

Figure 1: Frequency of research types. Papers can adopt mul-
tiple research types, so total count exceeds the total number
of papers (𝑁 = 407).

Figure 2: Frequency of data collection methods. Papers can
adopt multiple data collection methods, so total count ex-
ceeds the total number of papers (𝑁 = 407).

CHIIR as "Resource paper" are annotated as research type resource,
the annotated research type resource contains a further 53 papers,
drawn primarily from the "Short" and "Demo" paper categories.

Similarly, papers with the research type theoretical can be found in

the long, short and perspective CHIIR paper categories.

Figure 2 shows the prevalence of empirical research reflected in

the data collection methods used in CHIIR papers. Questionnaires

are the most commonly used method, probably because they are

often included as part of other research designs such as controlled

experiments, usability tests, or other mixed-methods design. Of the

ten most popular methods, only one (literature review at rank 9) is

not exclusively associated with empirical research.

4.2 Sharing vs. Re-use
Over the eight years of CHIIR, 28.5% of papers re-used existing data,

29.0% re-used research designs, and 12.0% re-used infrastructure.

At the same time, 11.8% shared (part of) their research data, 13.5%

shared elements of their research design (e.g. survey questions or

task descriptions), and 9.3% shared at least some infrastructure
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Figure 3: Change in resource sharing and re-use at CHIIR over
time as a percentage of all papers per year. The dotted lines
indicate sharing activity grouped by resource type, while the
solid lines indicate re-use activity.

components. Figure 3 documents the change over time. While shar-

ing and re-use numbers appear to be slowly increasing, they are

still relatively low compared to other research areas [31]. A real

pattern is hard to discern because of the low frequencies per year.

The re-use of infrastructure appears to be particularly difficult.

This is confirmed by anecdotal evidence that most infrastructure

re-use appears from the same research groups that developed the

infrastructure that is being re-used.

5 QUANTIFYING IMPACT
5.1 Citation impact
Using the method described in Section 3.1, we were able to identify

a total of 5,706 citations to CHIIR publications on Google Scholar.

These citations were produced by 3,816 unique publications, indicat-

ing that several publications each cite multiple CHIIR publications.

On average, a citing document contains 1.50 references to a CHIIR

paper (Md = 1), although this distribution is highly skewed, with

only 9.6% of all citing documents citing more than 2 CHIIR papers

in the same publication.

Looking at the academic impact in terms of normalized citation

counts (the total number of verified citations of a publication divided

by the number of years since publication) during the first eight

years of CHIIR, we can see that its publications have received an

average of 3.03 citations per year (𝑀𝑑 = 1.78, 𝑆𝐷 = 4.61). 48 out

of 407 CHIIR publications (or 11.8%) remained uncited at the time

of crawling Google Scholar, although this distribution is highly

temporally skewed. Exactly two-thirds of these publications were

from the most recent (2023) edition of CHIIR and another 12.5%

from 2022. Only 2.5% of CHIIR publications published in 2021 or

earlier still have not accrued any citations. Figure 4(a) shows the

normalized citation counts for all CHIIR papers. While an average

between two to five citations per year may not seem high, it is close

to the impact of the Conference on Human Factors in Computing

Systems (CHI) publications during the same period [26]. It is also

in line with the mean normalized number of citations that the 3,816

citing documents crawled from Google Scholar received, which

is 4.07 (Md = 1.2, SD = 13.5). The substantially greater standard

deviation may be indicative of the less focused topical range of the

citing documents.

The normalized citation count averages by year (Figure 4a) form

a coarse summary of the academic impact of individual papers

based on different characteristics. Bogers et al. [7] identified a small

set of attributes of (CHIIR) publications that could have an in-

fluence on their impact. For instance, it is reasonable to assume

that publications that share some type of resource—data, design or

infrastructure—will accrue more citations as other researchers re-

use those resources. Figure 4b shows the differences in normalized

citation counts by whether a paper shares at least one resource or

none at all. It does not show a clear influence of resource sharing on

academic impact for all three resource types combined. Papers that

simply re-use existing resources versus not re-using any resources

also do not show any meaningful difference (Figure 4c).

Making a publication open access can lower the barriers for other

researchers to engage with that publication, potentially leading to

greater impact. In comparing closed and open access publications,

some studies observe an open access citation advantage, assuming a

higher interaction and impact for those publications [25]. Figure 4d

shows the difference in normalized citation counts in terms of

open access availability. In recent years, a larger number of CHIIR

publications has been made available as open access, which could

be expected to have a positive influence on their impact. However,

in line with Langham-Putrow et al. [23], there does not seem to be

a clear impact of open access status on citation impact.

Finally, it is reasonable to expect that different types of research

have different impact. Figure 4e visualizes the difference in citation

counts between the three different research types. It shows that with

the exception of one year, resource papers have the lowest impact

of the three types on average. Figure 4e also seems to suggests that

theoretical papers have a greater impact than empirical papers,

although this difference is not statistically significant according

to a Mann-Whitney U-test (𝑈 (𝑁empirical = 103, 𝑁theoretical = 304)

= 5727.5, 𝑧 = 1.53, p = 0.13). We revisit these features and their

predictiveness for academic impact in Section 7.

Citation distribution. Figure 5a shows the rank-frequency dis-

tribution of citation counts for CHIIR papers, which matches the

expected long-tail distribution from bibliometrics studies [8]. While

we have not collected complete citation data for other conferences

in the same time period, we can approximate citation distributions

outside of CHIIR by visualizing the citation count distribution of

the publications that cite CHIIR papers in Figure 5b. We can assume

that the citing documents will largely represent the same research

field. These two distributions bear a strong resemblance, suggesting

that the citation patterns for this field are similar inside and outside

of CHIIR and that the two share similar characteristics.

Self-citations. Of the 5,706 citations to CHIIR publications, 382

(6.7%) are from other CHIIR publications while 5,324 (93.3%) come

from outside the CHIIR conference series. This suggests that CHIIR

has a strong impact outside of the conference itself. However, some

of this impactmay be over-inflated due to self-citations. Self-citation

occurs when an author references another of their own publications.

While self-citation can be a legitimate way to build upon earlier

work, sometimes self-citations can be unduly made in attempt to
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Sharing

No sharing

Re-use

No re-use

Experimental

Theoretical

Resource

Open access

Restricted access

After fixing coding mistakes

Figure 4: Mean normalized citation counts with standard error bars for (a) all CHIIR papers (𝑁 = 407) grouped per year as well
as split by (b) resource sharing, (c) resource re-use, (d) open access status, (e) research type. Open access data for 2023 is left out
as all 2023 were erroneously marked as open access in OpenAlex, resulting in an flawed comparison.

Figure 5: Rank-frequency distributions of the citation counts
for (a) CHIIR papers (𝑁 = 407) and (b) all the publications
that have cited CHIIR papers (𝑁 = 3,816).

inflate an individual’s citation count, thereby also over-inflating

the impact a publication has had. In our dataset, 745 of all 5,706

citations (or 13.1%) are self-citations by authors of CHIIR papers

to their own work published at CHIIR, which corresponds to 231

out of 407 papers that were self-cited at least once. Out of all 5,706

citations, 2,294 (or 40.2%) come from citing papers that have no

authors that have ever authored a CHIIR paper before. This also

suggests that CHIIR papers are received outside of the authoring

CHIIR community.

Another relevant question to ask is where these citations are

coming from. Unfortunately, citing sources are hard to identify.

Often, journal and conference names are abbreviated in the biblio-

graphic data, which means that the different variants are difficult

to relate to one another. Therefore, no reliable statement about

top journals and conferences can be made at this time. If we dis-

regard the self-citations and only consider the 4,951 true citations

that CHIIR papers have accrued, we can, for instance, analyze the

institutions of the citing researchers to determine the geographic

distribution. Figure 6a shows that the geographic distribution be-

tween CHIIR papers and citing papers is largely the same with

China (‘CN’) being a notable difference as authors with a Chinese

affiliation cite CHIIR papers much more than they publish there.

While CHIIR papers are concentrated among a smaller number of

countries (mostly Anglo-American) citation impact from CHIIR

papers is more widespread.

Figure 6b shows what type of institutions produce CHIIR papers

and cite them. These distributions are virtually identical, but it

does show that CHIIR’s impact goes beyond academic institutions

Table 2: Number of CHIIR papers with a non-zero Altmetrics
count for 13 features.

Mean Sd Md Max # Non-zero

Feature scores

Redditors 0.0 0.0 0 0 0

Patents 0.0 0.0 0 0 0

Videos 0.0 0.0 0 0 0

Wikipedia 0.0 0.1 0 1 2

Tweeters 0.0 0.2 0 2 3

Policies 0.0 0.1 0 1 4

Facebook Walls 0.0 0.1 0 1 5

Blogs 0.0 0.3 0 4 7

News Sources 0.2 2.2 0 30 7

Forums 1.8 8.6 0 155 129

Accounts 2.1 10.7 0 190 135

Posts 2.7 15.3 0 274 135

Altmetrics Score 3.2 23.5 0 355.9 135

as around twenty percent of the impact is on companies, facili-

ties, non-profit organizations and other non-academic institutions.

This suggests that CHIIR has an impact beyond purely academic

research.

5.2 Altmetrics impact
The Altmetrics API provides data per publication consisting of an

overall score and counts of 12 features, such as mentions on social

media platforms, in blog posts or in Wikipedia articles (see Table 2).

For three features—number of mentions by Redditors, or in Patents
or Videos—all 407 papers have a count of zero, and for six other

features, there are fewer than 10 papers with a positive count. Only

for the three features Forums (count of mentions on forums and

Stack Exchanges), the number of Accounts and Posts (the sum of

users and citations of all other features combined) activities could be

observed. The altmetrics data is thus sparse, and as a consequence,

only 135 of the 407 CHIIR papers (33%) have an Altmetrics score

above zero.

The mean altmetrics scores of CHIIR publications grouped by

year is shown in Figure 7, which shows a peak for 2021 and 2022.

This is due to one or two papers in each of those years having

very high scores: two papers with scores 41.55 and 251.08 in 2021,
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Figure 6: Distributions of the (a) author affiliation countries and (b) institution types for both the CHIIR papers (𝑁 = 407) and
the citing publications (𝑁 = 3,816). Affiliation data is from OpenAlex.

Figure 7: Mean Altmetrics scores with standard error bars
for all CHIIR papers (𝑁 = 407) grouped per year

and one with a score 335.90 in 2022, while all other papers in

those years score close to zero. In other words, the per-year data is

highly skewed and the (arithmetic) means are more reflective of the

extremes than of the bulk of the data. For that reason, we leave out

the per year means differentiated by research type, sharing, re-use

and Open Access. Given that the scores provided by Altmetrics are

already a weighted sum, and previous studies have used arithmetic

means for comparing sets of scores [34], we use the same means

calculation. One alternative is to use a different calculation of the

mean, e.g. geometric mean, or to model the scores as a power-law

distribution.

The relationship between normalized citation counts and altmet-

rics scores is shown in Figure 8. The Pearson correlation between

normalized citation counts and altmetrics scores is 0.29. This shows

that, particularly for publications with higher scores, there is a large

discrepancy between citation counts and altmetrics. The CHIIR

Figure 8: Relationship between normalized citation counts
and altmetrics scores

papers with the highest citation counts do not have the highest

altmetrics scores, although papers with high altmetrics scores also

tend to have relatively high normalised citation counts. This could

be partly due to citation counts having a bias towards older pub-

lications and altmetrics scores having a bias towards more recent

publications, as social media attention is a more recent phenome-

non [30]. But given that the social media channels that are included

in altmetrics were already well established when the first CHIIR

conference took place, and that we use normalized citation counts,

we expect the effect of this time difference to be minimal. It is more

likely that, at least on the case of CHIIR publications, citations

counts and altmetrics measure different aspects of impact.

From these observations it seems that, outside of academic cita-

tions, the impact of most CHIIR papers is limited.

6 CATEGORIZING IMPACT
Publications can be cited for different reasons. To analyze the moti-

vations for citing CHIIR publications, we annotated the contexts of

citations to CHIIR publications using an adapted version of another

citation context classification (see Section 3.3).

The annotated data set contains 1,460 citation contexts. Since an-

notators could annotate each context with more than one category,

the data set contains 1,561 citation-category pairs (see Table 3). The
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data clearly shows that CHIIR citations are mostly used as back-

ground (82%). Two recent large annotated data sets using (almost)

the same classification schema report percentages for background

of 51.8% [20] and 54.6% [27]. Due to the relatively large proportion

of empirical work within CHIIR, this prompts the question why

these papers are mostly cited to provide background information,

and are rarely cited for comparison, motivation or because ele-

ments of the research are used by others. It is possible that this

is an artefact of the annotation process, with the single-sentence

citation context not providing enough detail. However, the anno-

tators noted where they used the extended citation context and of

those citations 73% are classified as background. A further indicator

of annotator influence is that the annotator confidence (columns

2 and 3 in Table 3) for the background category is significantly

higher than for both the uses and compare-contrast categories (chi
2

contingency with Bonferroni correction with 𝑝 < 0.001).

However, while the limited citation context is likely to have an

influence, this is unlikely to be the sole influence. Even when taking

into account a wider citation context, the fraction of background

citations is still around 20 percentage-points higher than in the

previous literature and likely indicates a difference in how the II&R

field works. There is clearly less re-use happening, with only 7.8%

of citations in the uses category, compared to 18.5% and 15.5% in

[20] and [27] respectively. This is possibly influenced by CHIIR

papers often being subject to ethical and commercial limitations,

and thus cannot be shared and re-used as much. However, it may

also indicate that documentation practices could be improved to

enable more re-use. The fact that compare-contrast is also lower at

7% of CHIIR citations, compared to 12.0% and 17.5%, strengthens

the assumption that documentation practices could be improved, as

it is difficult to cite similarities or differences, if not enough detail

is shared in the original paper to make a firm statement.

Finally, the use of CHIIR papers to motivate further research

represents 1% of citations, where previous work showed 10% falling

into that category [27]. We hypothesise that it is the very focused

nature of the primarily experimental publications in CHIIR. These

tend to investigate a single phenomenon under very specific con-

ditions. Unless the citing paper is interested in exactly the same

phenomenon, the work is thus unlikely to be motivational, but will

provide contextual background, leading to the observed pattern.

This is supported by a similar fraction of 1% of citations represent-

ing an extension of the original work, compared to 3.7% and 6.2%

in the literature.

The type of publication (“resource”, “empirical”, “theoretical”)

shows an expected and significant impact on how it is cited (all

pairwise chi
2
contingency tests with Bonferroni correction with

𝑝 < 0.001). Unsurprisingly, theoretical papers are almost exclusively

cited in the background (96%), whereas empirical and resource pa-

pers are used across all categories, with one interesting exception,

namely that no resource paper citation has been categorised as

"Compare / Contrast - Differences". The difference between em-

pirical and resource papers is mainly driven by the "Compare /

Contrast" sub-categories containing a higher fraction of empirical

papers and the "Uses" sub-categories containing a higher fraction

of resource papers. However, if the analysis is repeated with just

the top-level categories, then the difference between empirical and

Table 3: Number of annotations per citation purpose with
High and Medium confidence.

Category High Medium Total

Background 901 385 1286

Uses 60 61 121

- Design 31 37 68

- Data 20 21 41

- Infrastructure 9 3 12

Compare / Contrast 35 74 109

- Similarities 23 41 64

- Differences 12 30 42

- Disagreement 0 3 3

Motivation 13 3 16

Extension 9 11 20

Future Work 3 6 9

Total 1021 540 1561

resource papers is no longer significant (pairwise chi
2
with Bonfer-

roni at 𝑝 = 0.06), although this may be influenced by the fact that

resource papers are slightly underrepresented in this dataset.

7 PREDICTING IMPACT
A logical follow-up to our descriptive analysis of the citation impact

of CHIIR papers is to study whether it is possible to predict the

future impact of CHIIR papers. For this purpose, we performed a

quasi-Poisson regression to predict the normalized citation count of

CHIIR publications based on different sets of variables: (1) whether

they shared one of three different resource types (data, design, and

infrastructure); (2) whether they re-used at least one resource type;

(3) the research type of the publication in question; (4) the open

access status of the paper; (5) the number of authors of the paper;

and (6) the number of unique affiliations associated with the paper.

The latter two were chosen to test the notion that collaboration

could lead to multi-faceted papers and thereby higher impact. We

chose a quasi-Poisson regression, because citation counts are known

to follow a Poisson (log-normal) distribution [8, 29] and because

normalized citation counts are not integer values.We did not choose

to include the separate resource re-use variables into the regression

model, because they are even more likely to be correlated with each

other and because a Mann-Whitney 𝑈 test showed no impact of

resource re-use on citation counts.

Table 4 shows the results of our Poisson regression analysis.

Sharing data resources (𝑝 = 0.026) significantly and positively affects

the number of citations: sharing at least one data resource increases

the citation count by 1.55 extra citations. This suggests that sharing

data has the greatest impact, because it is easier for researchers

to re-use data than to re-use design elements or infrastructure, as

also predicted by Hall [15]. A publication’s research type, resource

re-use, open access status and our proxy variables for collaboration

do not significantly affect the citation counts.

We also performed the quasi-Poisson regression on the Altmet-

rics scores, resulting in no features that have a significant effect.

However, the sparsity of the Altmetrics scores data means that no

firm conclusions can be drawn from this.
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Table 4: Regression values for resource sharing, re-use and
research design type according to a quasi-Poisson regression.
Significance is marked as *** for 𝛼 = 0.001, ** for 𝛼 = 0.01 and
* for 𝛼 = 0.05.

Variable 𝛽 𝑒𝛽 SE p-value

(Intercept) 0.977** 2.657 0.366 0.008

Shared infrastructure -0.150 0.861 0.283 0.598

Shared data 0.437* 1.548 0.195 0.026

Shared design 0.227 1.255 0.195 0.245

Re-used at least one resource 0.177 1.194 0.149 0.236

Empirical paper -0.481 0.618 0.348 0.168

Theoretical paper 0.399 1.490 0.353 0.260

Resource paper -0.475 0.622 0.351 0.177

Open access -0.219 0.803 0.147 0.137

No. of authors 0.086 1.089 0.047 0.067

No. of unique affiliations 0.089 1.094 0.083 0.282

8 DISCUSSION & CONCLUSIONS
In this paper we studied the impact of CHIIR papers via a range

of measures. The first conclusion to draw from the analysis is that

CHIIR is a publication venue with significant impact. Almost all

CHIIR papers are cited within a few years after publication. In terms

of reach, CHIIR is an international conference with a far-reaching

reception in the wider academic community and other domains

such as industry.

The second conclusion is that the impact of sharing resources is

complex. Resource papers on their own generate significantly fewer

citations than experimental and theoretical papers, with theoretical

papers seemingly having the highest impact. At the same time,

papers that explicitly share their data, regardless of the type of

paper, are cited significantly more often. When combined with the

fact that only a small fraction of papers explicitly share their data,

we believe this makes a very strong case that the CHIIR community

can do more to share the data that form the basis for or are the

outcomes of the experiments presented in this forum, with the

potential for significant impact benefits for both the authors and

the community. At the same time we recognise that some research

data cannot be shared for either ethical or commercial reasons. How

to ensure that these groups are not negatively impacted by the push

for more sharing is an important and open question.

In previous work it has been suggested that II&R research is dis-

persed and disconnected, with each study being essentially unique,

resulting in a lower perceived value of sharing and re-use [5]. How-

ever, we are not aware of any study that has explicitly investigated

related communities such as CHI or SIGIR with respect to re-use

and sharing. The nature of studies presented at CHIIR may create

some bias against easily and effectively re-useing, but considering

the low amount that is being shared in the first place, it is impossible

to determine whether this is a causal or just coincidental relation-

ship. Analysing the reasons for citing a CHIIR paper shows that

they are predominantly cited for background information, rather

than for motivation, extension, use, or comparison. The difference

to other areas, where background citations only make up around

50%, is so pronounced, that we believe that it is the lack of sharing

or at least documenting that is driving this difference and that this

is something the community should address.

At the same time citation counts do not tell thewhole story and in

particular the lower level of citations for resource papers should not

in themselves be used as a justification for ignoring them. A paper

with a lower citation count may still have a larger impact, because

it is cited by other publications that make use of some of its shared

resources, rather than just as one of many background citations.

Moreover, it is possible that resource papers increase the visibility

and reuse of the resource, while the subsequent citation does not

go to these resource papers. Instead, the reuse may come with a

reference to the website from which the resource was downloaded,

or to an experimental paper that mentions both the resource and

related findings that are relevant to the citing paper.

While we believe that better sharing and documentation would

improve the impact of the CHIIR community, we do not know

whether the effort required for better sharing and documentation

would justify the increased impact. We thus have to consider that

the current structure is working as desired. If CHIIR publications

are meant to be self-contained and the main purpose of CHIIR

publications is to provide background for later studies, perhaps

we should shift our efforts from encouraging sharing and docu-

mentation to better describing the findings and implications of our

work.

The nature of the work means that there are some limitations.

The citation context annotations cover only a small fraction of the

citing publications and less than half of the cited CHIIR papers, and

only the explicit citations at that. Therefore, it is possible that a

larger sample would reveal different patterns. In particular there

might be a significant shift in the distribution of citation categories.

Also, as mentioned above, citation counts and altmetrics scores

are only proxies for impact, and as a consequence, our analysis pro-

vides only a limited view on research impact. We should therefore

be conservative in drawing conclusions.

One aspect that our analysis does not cover is how impact is

created through research collaborations. If researchers discover

relevant connections between their work and that of others, e.g. by

seeing presentations at a CHIIR conference, and decide to collabo-

rate on joint research, they each bring their previous experiences

and background knowledge to the new work. Although they may

cite some of their previous publications, part of the impact may re-

main implicit, and is thus not reflected in citation counts, purposes

or altmetrics.

Our findings and these limitations suggest directions for future

work. To address the limitations, the citation context dataset should

be extended to cover a larger fraction of the full citations, it should

be fully annotated, and extended with the altmetrics data. Second,

a deeper analysis of research collaborations as another form of

impact may provide a richer picture of research impact. Third, an

analysis with similar conferences would yield comparative insights

into CHIIR’s impact.
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