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Abstract

Bibliometric-enhanced information retrieval uses bibliometrics (e.g., citations)

to improve ranking algorithms. Using a data-driven approach, this article

describes the development of a bibliometric-enhanced ranking algorithm for

legal information retrieval, and the evaluation thereof. We statistically analyze

the correlation between usage of documents and citations over time, using data

from a commercial legal search engine. We then propose a bibliometric boost

function that combines usage of documents with citation counts. The core of

this function is an impact variable based on usage and citations that increases

in influence as citations and usage counts become more reliable over time. We

evaluate our ranking function by comparing search sessions before and after

the introduction of the new ranking in the search engine. Using a cost model

applied to 129,571 sessions before and 143,864 sessions after the intervention,

we show that our bibliometric-enhanced ranking algorithm reduces the time

of a search session of legal professionals by 2 to 3% on average for use cases

other than known-item retrieval or updating behavior. Given the high hourly

tariff of legal professionals and the limited time they can spend on research,

this is expected to lead to increased efficiency, especially for users with

extremely long search sessions.

1 | INTRODUCTION

Legal information retrieval is a form of professional infor-
mation retrieval. Legal research (hereafter “research”) can
consist of several different aspects, for example, finding the
current law that governs a specific situation (in the form of

legal codes or case law), finding information on how to
interpret the law in the situation of their client (interpreta-
tive literature), and finding arguments as to how the law
should be (normative legal scholarship). Legal information
retrieval distinguishes itself from other types of information
retrieval (IR) by (1) the requirements of the users, and
(2) the documents in the collection.

For legal users, missing an item that turns out to be
valuable has a very high negative impact whereas in
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searching scientific articles it has a low negative impact
(Konstan et al., 1997). False positives (reading an irrele-
vant article) have a medium negative impact, and correct
negatives (correctly removing articles from the results
list) have a low/medium positive impact (a cost of 5 min
and medium/high impact respectively for search for sci-
entific articles).

The collections of legal IR systems have diverse docu-
ment types. Lengths may vary 57 words1 to 161 pages.2,3

There is also a variation from the structured form of legal
codes to the free form of blog posts. It is noticeable that
the reliance on legal codes and previous cases for argu-
mentation means that there are a lot of references in
legal documents. The various references can be mapped
to provide an overview of the relations between
documents.

It appears though, that this information is not always
used to the fullest extent possible (Geist, 2016). The
scholarly field of IR focuses a lot on state-of-the-art web-
search, where using citations in relevance ranking algo-
rithms has been a standard (Manning et al., 2008) since
the introduction of PageRank (Page et al., 1999). But
these state-of-the-art techniques are not always imple-
mented IR systems other than web-search (e.g., legal or
archeological4), who may still rely heavily on older
methods.

This article covers the analysis of usage and citation
data in a legal IR system. In preliminary work
(Wiggers & Verberne, 2020) we addressed two data ori-
ented questions: (1) How soon after publication are cita-
tion metrics a reliable predictor of total citations for use
in ranking variables? and (2) To what extent are usage
and citations correlated? We present the updated results
of that data analysis in Section 3. This article builds fur-
ther on those findings and describes the process of balan-
cing the usage and citations to create a bibliometric
ranking variable, as well as balancing this variable with
other existing variables in the ranking algorithm, such as
a term-frequency based variable. Specifically, we propose
a bibliometric ranking variable in Section 4.1, along with
a cost based evaluation metric in Section 4.2, the results
of which are presented in Section 5.

The term “ranking variable” or “boost function”
refers to one factor in the relevance ranking, whereas the
term “ranking algorithm” refers to the whole model for
relevance ranking. In this article, “ranking” or “relevance
ranking” is used to refer to the presenting of search
results in decreasing order of likelihood of relevance for
the user, where relevance is defined in Section 2.1. Rank-
ing on, for example, date falls outside the scope of this
article.

This article addresses the following research question:
Can bibliometrics improve common ranking algorithms in

legal information retrieval? We quantify the improvement
of a ranking algorithm as a reduction in the cost of user
sessions, where the cost is measured as an aggregate of
the actions a user does during a session (querying, refor-
mulating, filtering, inspecting documents) multiplied by
the average time associated with these actions (see
Section 4.2). The contributions of this article compared to
prior work are: (1) we show that ranking algorithms in
legal IR can be improved using bibliometrics; (2) we
show how such a bibliometric ranking variable can be
created; and (3) we set an example of cost-based evalua-
tion of live, domain-specific search engines.

In this article, we use data from the Legal Intelligence
IR system, the largest legal IR system in the Netherlands.
This IR system is based on Apache SOLR. However, we
aimed to describe all the steps taken to tune the boost
function (e.g., the speed with which citations gather), so
that the bibliometric boost factor can also be tuned and
evaluated for other domain specific IR systems. Depend-
ing on the technology behind the system, the step of
hard-coding the boost factor to use only the highest of
the two scores can also be replaced by applying a
machine learning algorithm (e.g., learning to rank) to the
ranking algorithm as a whole and inputting the two
scores as two separate variables. The learning to rank
function will then determine the optimal way to use
these variables as a boost in that situation.

2 | BACKGROUND

2.1 | Impact and relevance

Relevance, in the broadest sense, is a term used to
describe “Connection with the subject or point at issue;
relation to the matter in hand.” (OED, 2019). In everyday
language, it is used to describe the effectiveness of infor-
mation in a given context (Saracevic, 1975, p. 203) It can
also be considered as “a measure of the effectiveness of a
contact between a source and a destination in a commu-
nication process” (Saracevic, 1996, p. 325).

The theory of relevance has several dimensions
(Saracevic, 1996, 2007), including algorithmic relevance
(the matching of query terms with the terms in the docu-
ments returned), topical relevance (“aboutness” [Bruza &
Huibers, 1996], which means that the topic of the query
has to match the topic of the results returned), cognitive
relevance (the relation between what the user already
knows and what is in the document, e.g., novelty), situa-
tional relevance (the relation between the task that the
user is trying to complete, and the information in the
document, e.g., how the information is presented), moti-
vational relevance (the relation between the intent of the
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user and the documents returned, e.g., satisfaction), and,
for legal IR, bibliographic relevance (“isness,” “the degree
to which the documents retrieved actually are those
requested by the user”; Van Opijnen & Santos, 2017). For
information to be as effective as possible, it would satisfy
all these dimensions.

For scientific documents, citations are commonly
used as a proxy for impact (Garfield, 1979). The use of
citations and statistical methods to analyze the impact of
books, articles and other publications is referred to as
bibliometrics. Garfield describes the use of references “to
support, illustrate, or elaborate on a particular point”
(Garfield, 1979, p. 23). This understanding of impact
relates strongly with Saracevic's theory of relevance, stat-
ing: “Communication of knowledge is effective when and
if information that is transmitted from one file results in
changes in another. Relevance is the measure of these
changes.” (Saracevic, 1996, p. 325). A citation can be seen
as a token that the cited document has resulted in
changes in the citing document, and has therefore been
both relevant and impactful.

When placing citation measures in the schema of rel-
evance of Van Opijnen and Santos (Van Opijnen &
Santos, 2017), it is important to consider the role of cita-
tions. Snel (2016) analyses citations in the legal domain
and defines three reasons for citations: to provide context
for the research, to legitimize statements made in the
research, and to allow others to check the quality of the
research. We argue that the reasons to cite embody nov-
elty, utility, authority of the source or author, legal hier-
archy and bibliographical “isness” (Van Opijnen &
Santos, 2017). When placing it in the schema of Van
Opijnen and Santos it touches cognitive, situational, bib-
liographical and domain relevance,5 while not covering
any of these spheres of relevance completely. Garfield
acknowledges that citation metrics as a measure of
importance are incomplete by stating “… there are
undoubtedly highly useful journals that are not cited fre-
quently” (Garfield, 1972, p. 476).

From an IR perspective, Oard and Kim (2001) have
created a framework that describes the different types of
user behavior that could be monitored for implicit feed-
back on the relevance of documents. They have subdi-
vided the behaviors into four groups: examine (read,
view, select), retain (print, bookmark, save), reference
(copy-paste, reply, cite) and annotate (mark up, rate, pub-
lish). Haustein et al. (2016), expanded upon by Erdt et al.
(2016) from a bibliometric perspective, created a frame-
work for user interactions with search results (called
“acts”), and have three groups with increasing level of
engagement: accessing, appraising and applying. Acces-
sing covers views (part of the examine category for Oard
and Kim) as well as downloads and prints (part of the

retain category for Oard and Kim). Appraisal acts repre-
sent comments and links (part of the reference category
for Oard and Kim) and rating (part of the annotate cate-
gory for Oard and Kim). The applying acts represent cita-
tions (part of the reference category for Oard and Kim).

Usage of documents (clicks in the search engine)
could be an additional source of information for measur-
ing impact on readers (Haustein, 2014; Piwowar, 2012).
Clicks indicate perceived relevance by the user based on
the document representation in the search results list.
Clicks are part of the examine category from Oard and
Kim, and part of the accessing category from Haustein
et al. Like citations it touches upon multiple spheres of
relevance without covering any of those completely. Alt-
metrics (in this research defined as “short for alternative
(to citation) metrics—and as such a misnomer—refers to
a new group of metrics based (largely) on social media
events relating to scholarly communication”; Haustein
et al., 2016; e.g., saving documents or sharing documents
with other users) were also considered, but the data avail-
able for these metrics was insufficient to provide conclu-
sive results due to the modest user group. Library
holdings (Maleki, 2022) were considered but only data
from academic and public libraries is available,6 not the
data from the libraries in law firms, which represent
another part of the user group, leading to incomplete cov-
erage/representation. For that reason, we aim to intro-
duce a ranking variable for legal IR systems that
incorporates both usage and citations as indications of
impact for users. These two factors have as additional
benefit that they are widely available in IR systems,
allowing this work to be easily replicated in other
systems.

In referring to the role bibliometrics play in ranking
algorithms we use the phrase “impact relevance,” to refer
to the concept described above which encompasses sev-
eral spheres of impact as defined by Van Opijnen and
Santos (Van Opijnen & Santos, 2017) without covering
any completely.

2.2 | Legal IR

Legal IR systems still rely heavily on algorithmic and top-
ical relevance.7 This does not encompass all aspects of
relevance for the user, as described above. As Barry
(1994) points out, this may lead to poor user satisfaction.

Work has been done on citation analysis in legal doc-
uments in general (Giménez-Toledo et al., 2016;
Hicks, 2004; Zuccala & Cornacchia, 2016), as well as spe-
cifically tailored to the Dutch legal domain (Opijnen
van, 2014; Soetenhorst, 2017; Stolker, 2015; Winkels
et al., 2011; Winkels et al., 2013, 2014; Winkels & Ruyter

1012 WIGGERS ET AL.

 23301643, 2023, 8, D
ow

nloaded from
 https://asistdl.onlinelibrary.w

iley.com
/doi/10.1002/asi.24799 by C

ochrane N
etherlands, W

iley O
nline L

ibrary on [20/12/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



de, 2011), but this work is either done in the context of
bibliometrics rather than IR or is restricted to one docu-
ment type (e.g., only case law or only journal articles).

It has been suggested (Bock, 2000) that the main
focus in legal IR should lie on high recall (that all, or
nearly all, relevant documents are returned to the user).8

Manning et al. (2008, p. 156) suggest that paralegals will
tolerate a fairly low precision (meaning that the result list
includes many irrelevant documents next to the relevant
documents) to obtain this high recall. Precision and recall
are often presented as a trade-off, where one can only be
increased at the expense of the other (Manning
et al., 2008, p. 144). For example, by returning more
results, and thus also results that may be irrelevant, the
user is more certain that they did not miss relevant
results. On the other hand, by showing less results, the
user is confronted with less irrelevant results.

Geist (2016) observes that although high recall is in
theory preferred, the reality of the time pressure that all
legal professionals perform under means that precision is
required. He calls it the “completeness ideal” and the
“research reality.”9

The “completeness ideal” suggests that legal profes-
sionals do not stop their research until they have
achieved full recall (seen all relevant documents). But the
“research reality” suggests that there is a point where the
legal professional is “sure enough” and will stop. Where
this stopping point is depends on the user (e.g., a novice
versus a senior lawyer, or a general practice lawyer ver-
sus a highly specialized lawyer) and the case at hand. A
good relevance ranking can provide users with both high
recall and high precision. Such a relevance ranking
would put the documents the ranking algorithm con-
siders most likely to be relevant (considering all aspects
of relevance) at the top of the results list, followed by doc-
uments that are less likely relevant.

2.3 | Citations and usage in bibliometrics

The use of citations as a proxy for impact was introduced
by Garfield (1979). Kurtz and Henneken describe it as:
“The measurement of an individual's scholarly ability is
often made by observing the accumulated actions of indi-
vidual peer scholars. A peer scholar may vote to honor an
individual, may choose to cite one of an individual's arti-
cles, and may choose to read one of an individual's arti-
cles.” (Kurtz & Henneken, 2017) Piwowar (2012)
describes citations and usage as different flavors of
impact.

As Kousha and Thelwall (2014) indicate, when asses-
sing impact in book-based disciplines, citations in and of
books should be included in the citation analysis. The

legal domain is one where books still play an important
role in the transferring of knowledge (Stolker, 2015).
Thelwall (2020) states that “Research targeting commer-
cial, government, or non-governmental organisations
may be more likely to be cited by grey literature than by
journal articles …” For this reason, as well as the work of
Wiggers, Verberne, and Zwenne (2022), we count cita-
tions from all documents in the system, including govern-
ment publications and gray literature.

2.4 | Correlation between usage and
citations

Because some readers are also authors, a correlation
between usage and citations counts is expected. Priem
and Hemminger (2010) considered that in an online
world, readership information is readily available and
may provide an early alternative to citation metrics for
use in researcher evaluation. Perneger (2004) analyzed
the correlation between usage and citations in the medi-
cal domain (a domain which, like the legal domain, has
an interwoven group of scholars and practitioners), and
found a Pearson correlation coefficient of r¼ 0:50
(p<0:001) between the two variables. Brody et al. (2006),
using arXiv data, found Pearson correlation coefficients
of r¼ 0:270 between 1month of usage data and 2 years of
citation data and r¼ 0:440 between 2 years of usage data
and 2 years of citation data. Haustein (2014, p. 333) con-
cludes: “medium correlations confirm that downloads
measure a different impact than citations. Nonetheless,
these should be seen as complementary indicators of
influence because a fuller picture of impact is provided if
both are used.” Rousseau and Ye (2013) therefore pro-
pose the term “influmetrics.”

2.5 | Usage in evaluation

Next to using clicks as a sign of impact in bibliometrics,
clicks are also used as implicit feedback of relevance for
the evaluation of IR systems (Oard & Kim, 2001; the
examine behavior category on the object level). Cooper
and Chen (2001) describe how multiple reasons exist for
clicking on an article, but all have an implicit assumption
of relevance of the item for that particular user at that
point in time.

This implicit feedback model can be used to create a
test collection, but as Hersh (1994) describes, user satis-
faction is not static, but also influenced by the context
(situational relevance), meaning test collections alone are
not a complete representation of user satisfaction.
Baskaya et al. (2012) analyzed search behavior for 60, 90,
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and 120 s time frames and found that the more time a
user has, the less important the search strategy becomes.
But when under time constraint, which is the case for
legal professionals, the behavior of the user plays an
important role in the retrieval success. This suggests that
measuring user satisfaction requires a combination of
user success and user behavior clues.

User effort is a user-centric evaluation measure that
considers, for example, the time it takes a user to com-
plete a task in an IR system, or the amount of queries the
user enters to complete a task (Baskaya et al., 2012;
Tamine-Lechani et al., 2010). This is a measure of effec-
tiveness of both the user and the system, often combined
with a questionnaire asking the users as to their satisfac-
tion level and their perception of success (e.g., their level
of certainty of the answer or whether the user thinks they
found all relevant results).

Järvelin et al. (2008) developed the Discounted
Cumulative Gain (DCG) measure of ranking quality fur-
ther to the sDCG, a session based DCG score, where the
user effort like reformulating the query is factored into
the discounting of the gain.

Järvelin (2009) state that such a cost/benefit model
should contain at least the following elements:

• Search key generation cost: the mental effort required
to create the query;

• Query execution cost: the cost of conducting the query
and waiting for the results;

• Result scan cost: the cost of scanning the results and
deciding on the next step (e.g., clicking on the docu-
ment or reformulating query);

• Next page access cost: the cost of loading the next page
of results;

• Relevant document gain: the gain of finding a relevant
document.

Järvelin (2009) suggest to sum all costs, and calculate
each cost linearly per unit (second, number of occur-
rences). This sum of costs is then offset to the gains of the
relevant documents found.

McGregor et al. (2021) differentiate between load,
effort, and cost. Load is taken to refer to the total amount
of resources used to complete the task, internally and
externally. Effort represents the internal resources spent
(e.g., cognitive effort), while cost represents the external
resources spent (e.g., time or money). Cost can be mea-
sured in time-orientated cost or interaction orientated/
count based costs.

Maxwell (2019) has described a complex searcher
model. His work distinguishes between good abandon-
ment (where a user is satisfied) and bad abandonment
(where a user stops out of frustration). However, as

shown by the work of Geist (2016) we can assume that a
legal professional will not stop searching until they reach
a point in the “research reality” (Geist, 2016) trade-off
where they are satisfied enough to stop, given that their
professional reputation is on the line.

The underlying assumption of these cost/benefit
models is that if the ratio of cost to gain decreases, that is
to say the effort required of the user to reach the gain
decreases, this increases effectiveness. When expressed in
time, effectiveness can be referred to as efficiency. Effec-
tiveness and efficiency are considered to contribute to
overall user satisfaction (Dan & Davison, 2016;
Hersh, 1994).

3 | DATA ANALYSIS

In this section, we discuss the data analysis that preceded
the creation of the bibliometric ranking variable. We
address two questions:

1. How soon after publication are citation metrics a reli-
able predictor of total citations for use in ranking
variables?

2. To what extent are usage and citations correlated?

The KNAW, the Koninklijke Nederlandse Akademie
van Wetenschappen,10 has indicated that it can take up
to 2 years for documents in the humanities to gather suf-
ficient citations for research evaluation (KNAW, 2005).
For this reason, we decided to use documents from the
Legal Intelligence system from the first half of 2017 for
our analysis.11

From the document index of the legal search engine,
we select all documents that were added to the system
between January 1st and June 30th 2017. This resulted in
a set of 470,938 documents.

For each of these documents, we retrieve a unique
document identifier and a reference number. Using the
reference number, we conduct a search in the document
index, counting how many documents refer to this docu-
ment. Using the document identifier, we extract the
usage data (clicks) from the search engine logs.

3.1 | How soon after publication are
citation metrics a reliable predictor of total
citations for use in ranking variables?

3.1.1 | Citation data

After accumulating all citations (excluding self-citations),
we see that 235,609 documents have received citations.

1014 WIGGERS ET AL.
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This means that (470,938�235,609¼) 235,329 docu-
ments (50%) did not receive any citations. This might be
because some document types (such as books) do not
have a reference number that can easily be used for cita-
tion extraction.12 case law reprints that have their own
journal article number are counted as a separate docu-
ment, even though they relate to the same case, because
the journal might have added an interpretative note
(annotation) to the case. This means that authors citing
that particular version might do so because of the
annotation.

However, based on citations in other fields, it is also
to be expected that a large number of documents does
not generate citations.13 Of the documents with citations,
195,381 documents have only one citation. For the analy-
sis of how citations aggregate over time, we will use the
remaining 40,228 documents that have gathered more
than 1 citation since publication. We look at the period
up until 24 months after publication.

3.1.2 | Analysis

To analyze how soon after publication citation data
becomes reliable for use as a predictor of total citations in
ranking variables, we computed the time between the
month the cited document became available and the
month the citing documents became available. Because
we are interested in the pattern of aggregation of cita-
tions, Figure 1 only shows documents that have more
than 1 citation. We plotted the aggregated number of
citations over time for the mean, median, first and third
quartile.

Figure 1 shows that documents gather citations much
more quickly than after 2 years as the KNAW suggested.
Even the documents with a low number of citations

receive their first citations in the first months after publi-
cation. We hypothesize that this might be because case
law has a high recency value, or because case law is rep-
rinted or summarized in legal journals. We found no evi-
dence that this is the cause for these early citations. Even
when we exclude case law, or exclude news and reprints,
we still see these early citations.

In all situations the data shows a large difference
between the mean and the median. This is likely
caused by a large number of documents with limited
citations, and a small number with a very large number
of citations. This is as expected based on bibliometric
theory (Bornmann et al., 2014; Brody et al., 2006),
which states that citation counts often show long-tail
distributions.

Figure 2 shows the correlation between citation
counts at each month after the documents are made
available and citation counts at 24 months. A month after
publication (for documents published in January 2017
this means citation data up until the end of February
2017, since some documents were published at the very
end of January) we find a Spearman correlation of
ρ¼ 0:65. We chose Spearman correlation because of the
monotonic relationship between citations and usage and
because the data, like all citation data, does not follow a
normal distribution but a long-tail distribution with
extreme outliers.

Two months after the cited document has become
available, the Spearman correlation is ρ¼ 0:71. For
research evaluation purposes, this correlation may not be
sufficient. But for information retrieval, where we would
like to be able to reasonably estimate the impact of a doc-
ument as early as possible, a correlation of ρ¼ 0:71 at 2
months is valuable. It is also possible to update the data
regularly,14 so increases in citation counts can be incor-
porated as they occur.

FIGURE 1 Aggregated citations per month after publication. FIGURE 2 Correlation per month of citations up to and

including that month with citations after 24 months.
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3.2 | To what extent are usage and
citations correlated?

3.2.1 | Usage data

After accumulating all usage data for up to 24 months
after publication, we see that only 116,637 documents
have received usage actions. This means that
(470,938�116,637¼) 354,301 documents (75%) did not
receive any clicks. Like the citations above, this highly
skewed distribution is as expected. For the analysis of
how usage changes over time, we look at documents that
have gathered more than 1 usage interaction (click) since
publication. This gives us a set of 86,717 documents.

Similar to the citation data, we see a difference between
the mean (4.24 after 1 month) and the median (1.00 after
1 month) in Figure 3. This is again caused by a long-tail
distribution, and is seen throughout the 24 months.

Figure 4 shows a Spearman correlation between
usage after 1 month and usage after 24 months of
ρ¼ 0:52. The Spearman correlation between usage after
2 months and usage after 24months is ρ¼ 0:64.

3.2.2 | Analysis

To calculate the correlation between usage and citations,
for all documents that have usage, we retrieved the total
number of citations after 24 months. We compute the
Spearman correlation between the usage at each month
and the citations after 24 months (86,717 documents, see
Section 3.1). The Spearman correlation between 1 month
of usage and 24 months of citations is ρ¼ 0:36. The high-
est correlation found between usage and 24months of
citations is ρ¼ 0:47 after 11months.

If we consider all 470,938 documents, the correlation at
1 month is ρ¼ 0:18 and at 11months is ρ¼ 0:12. The

correlation of usage at 24months with citations at
24months is ρ¼ 0:07. However, this also includes docu-
ments that have no reference number based on which
citations could be retrieved. When we remove those doc-
uments, we have a set of 274,663 documents for which
citations could be retrieved. With this data set, we have a
correlation at 1month of ρ¼ 0:22, and at 11months
ρ¼ 0:24. The correlation between 24months of usage and
citations at 24months is ρ¼ 0:23. It is expected that the
correlation on the full data set is lower than that of our
initial analysis with only documents that have usage
actions, given the highly skewed nature of usage and cita-
tions. The subset that has usage actions is more likely to
also have citations, given that it is not likely a document
is cited without being read.

The development of the correlation between usage and
citations is as expected. Brody et al. (2006) found that the
increase of the correlation between usage and citations is
not linear with time, but reaches its highest point after about
6–7 months. In their paper Brody et al. (2006) indicate that
after these 6 months the correlation increases by a small
amount. The decline in the correlation in Figure 5 can be
explained as the usage no longer grows much while the cita-
tions do, leading to a lower correlation between the two.

As indicated by Haustein (2014), medium positive
correlations (in this article between ρ¼ 0:52 and
ρ¼ 0:64), show that citations and usage measure different
flavors of impact.

4 | METHODS

In this article, we propose a bibliometric ranking variable.
We evaluate this ranking variable with a cost-based model
by comparing usage data from before the introduction of
this variable, and after the introduction of this variable.

FIGURE 3 Aggregated usage per month after publication. FIGURE 4 Correlation per month of usage up to and

including that month with usage after 24 months.
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4.1 | Our proposed bibliometric ranking
variable

Given the two different flavors of impact that usage and
citations represent, both variables are valuable to include as
impact relevance factors in a ranking algorithm. However,
since usage and citations are correlated (albeit moderately),
it would be unwise to add the two factors as separate boost
factors in the ranking algorithm of the search engine, since
that would overestimate the impact of the publication. Pos-
sible solutions are (a) taking the average of the two impact
values, (b) taking the lowest of the two values, or (c) taking
the highest of the two values. In a large number of situa-
tions the average would give an adequate representation of
the impact of a document. However, with the example of
the Scientific American in mind, which is highly read but
not often cited, there is a risk of disregarding sources which
readers use to keep up to date with the field. In Dutch legal
publications this might be overviews (“Kronieken”) of
recent remarkable case law. Using the lowest of the two
values would also disregard these publications. For that rea-
son the ranking variable determines the highest of the two
scores for each individual document, and calculates the
document's score with that, thereby allowing both docu-
ments that are used for research and documents that are
used to keep up-to-date to appear high in the ranking.

4.1.1 | Normalization

The normalization of the raw citation and usage counts
of the publications is based on the NCS (normalized cita-
tion score) of the CWTS (the Centre for Science and
Technology Studies) (Waltman et al., 2011) and the work
of Rehn et al. (2014) on the normalization of citations.
Normalization is needed because not every document

(type) is likely to gather the same amount of citations.
For example, because one law area is larger than another
(in our data ranging from 11 to 196,002 documents, see
Table 1), or because one document type is more likely to
be cited (Snel, 2018). The method normalizes for time
(based on year/month of publication), law area
(as reported by publisher of the document, including gov-
ernment documents) and document type (Table 2). We
decided to apply the same normalization to the usage
counts since it regards the same documents, and the
effects that influence likelihood of citation are also appli-
cable to the likelihood of usage count.

TABLE 1 Law area sizes in number of documents.

Law area Number of documents

General 196,002

Tax law 47,120

Intellectual property law 26,830

Contract law 25,764

Private law 20,440

Constitutional law 17,984

Labor law 17,558

Company law 15,435

EU law 13,011

Criminal law and procedure 11,107

Banking law 9794

Environmental and zoning law 9774

Civil procedure 9238

Family law 7563

International public law 6162

Health law 5999

Unassigned 3709

Education law 3700

Insolvency law 2871

Human rights 2698

Telecom/ICT/media law 2476

Competition law 2018

Transportation law 2007

Nationality and migration law 1620

Construction law 1514

Insurance law 1404

Tenancy law 1107

Private international law 549

None 374

Foreign law/religious law 22

Sports law 11

FIGURE 5 Correlation per month of usage up to and

including that month with citations after 24 months.
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We calculate the normalized citation score by divid-
ing the number of clicks/citations of the document (cita-
tionsd) by the average number of clicks/citations for
documents that have gathered at least one click/citation
and that were published in the same month of the same
year, in the same law area, with the same document type
(citationsa):

Wd ¼ citationsd= citationsa, ð1Þ

Our normalization is a slight variation from the NCS
in that only documents that have gathered at least one
click/citation are counted for the average, as a large num-
ber of documents will gather no clicks/citations. Leaving
the large number of unused/uncited documents in the
denominator would potentially lead to all averages
nearing zero.

This method will result in a normalized score that is a
positive number or zero. Documents that have no usage
or citations themselves are given a score of zero. Docu-
ments that have a score of 1 have the same number of
citations as the average used/cited document of the
group. Documents with a score of 2 have twice the num-
ber of citations than the average in the group. To limit
outliers caused by the Matthew effect (Merton, 1988) we
cap the normalized score at 2. This means that all docu-
ments that have a score of 2 or higher, are given a score
of 2. It is capped at 2 since the average is 1 and the score
cannot be negative. 2 gives the same distance from neu-
tral (1) to positive (2), as there is from neutral (1) to nega-
tive (0).

The choice to cap at 2 rather than use a log of the
score was made for multiple reasons: (1) the normal-
ized score 1 indicates that the document performed as
average. This score of 1 should remain the median, in
order to be able to push down lower scoring docu-
ments and boost higher scoring documents. (2) A doc-
ument that is cited more than twice the average
number for the group should not necessarily be
boosted more than a document that was cited twice
the average number for the group. The distinction
whether a document was cited more than average or
less than average is more important than the number
of citations it got. In this sense citation metrics for IR
differ from citation metrics for research evaluation.
(3) the boost based on citations or usage should never
exceed other similarity functions, such as TF-IDF
(term frequency-inverse document frequency, see
e.g., Manning et al., 2008). A log based normalization
risks that outliers exceed the maximum, in our data
even a log10 scale exceeded the chosen maximum of 2
for certain extreme outliers.

4.1.2 | The bibliometric boost function

To incorporate this usage and citation data in the ranking
algorithm, we define an impact variable I that has limited
influence in the first period after publication of a docu-
ment, when the data cannot yet provide a reliable predic-
tion of the impact the document will have, and increases
in influence as the data about the document increases
and predictions become more reliable. One way to
achieve this is to use an initial constant c, and allow the
normalized usage and citation scores to impact this
over time

Id ¼ cþ β� s= tdþαð Þð Þð Þ � Wd�1ð Þð Þ: ð2Þ

Thus, to incorporate the increasing influence of cita-
tions over time, we take the normalized score of the doc-
ument (Wd), ranging from 0 to 2 (see Section 4.1.1), and
subtract 1, to get a score ranging from �1 to 1.15 The
multiplication by �1 allows the normalized score of the
document to add or subtract points from the initial con-
stant c over time.

To model the influence over time, we use a time fac-
tor (td), the number of days since publication of the docu-
ment. td has to be a positive number. To change the
speed with which the variable increases power, we can
increase α. The higher α, the steeper the increase in the
early days.

To set the maximum value of the variable, we change
β or the start value s. This maximum value will have to

TABLE 2 Document type sizes in percentage of documents

assigned to this type.

Document type Percentage of documents

Government othera 54.0%

Laws 1.5%

Journal other 6.5%

Journal notices 0.2%

Case law 8.9%

Reference guide 8.7%

Books 5.2%

Blogs 1.2%

Newsletters 1.2%

Commentaries 1.2%

Websites 0.7%

Other 10.4%

aThe category “Government other” refers to government documents that are
not case law nor laws, for example, government reports and parliamentary
proceedings.
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be capped off at a maximum below the maximum score
for text matching (calculated through, e.g., TF-IDF;
Manning et al., 2008), to prevent this variable (represent-
ing the impact form of relevance) from overruling other
variables (representing other forms of relevance).

4.1.3 | The recency variable

To compensate for the limited influence of the citation
and usage scores in the beginning, we want the publica-
tion date (or enactment date) to weigh heavily in the first
month. This gives documents that do not have a reliable
prediction of total impact based on citation or usage
scores yet the same score as documents with an average
citation or usage score. We therefore replace the existing
simple recency variable by a new recency variable Rd

Rd ¼ c2þ s= tdþαð Þð Þ: ð3Þ

We want this recency variable to decrease in power at
the same rate as the citation or usage score increases, to
allow for the citation and usage scores to take over,
so the

s= tdþαð Þ

is the same as in the bibliometric boost, as shown in Fig-
ure 6. The time factor (td) again represents the number of
days since publication of the document. The c2 variable is
an initial constant that helps tune the recency variable
compared with the other variables in the ranking algo-
rithm, such the TF-IDF. This is likely not the same as the
c variable in the Id variable.

The citation and usage information is normalized
aggregated information, so it also reflects which docu-
ments were important in the past, not just what is impor-
tant now. The remainder of the recency boost will
remain as a tie-breaker.

4.1.4 | The combined ranking function

In the before situation (AdþBd), the ranking algorithm
consisted of the initial ranking function A (a group of
additive variables including a term-frequency based vari-
able) to which a simple recency variable Bd was added.
Given that the ranking algorithm as a whole is a trade-
secret, we are not able to present it here in full. In the
after situation (AdþRdþ Id), A remains the same.
Recency variable B is replaced by R, which is defined
above. This replacement is needed to ensure that new
documents are given the benefit of the doubt. Biblio-
metric variable Id is added. The change evaluated is
therefore the addition of the bibliometric variable, in tan-
dem with the changes that makes to the recency variable.

4.2 | Evaluation

The aim of the boost function is to improve the ranking
so that the most relevant results are presented first. If the
users see the relevant results at the top of the results list,
it reduces the amount of effort required from the user to
find this information and complete their task. It thereby
contributes to increasing effectiveness.

To determine whether the boost function achieves
this aim we use a cost model inspired by Järvelin (2009)
and compare the cost before the introduction of this vari-
able (the intervention) with the cost after the interven-
tion. Azzopardi (2017) and Azzopardi and Zuccon (2016)
have used such cost based models to determine the effec-
tiveness of changes to the user interface.

This model will be limited to cost without gain, as
there are no relevance judgments to base gain
on. However, as shown in Section 2 we can assume that a
legal professional will not stop searching until they are
satisfied enough (e.g., they have the fact they need, they
are certain enough of an interpretation, or they are reas-
sured that no new information has appeared on a topic)
to stop.

To calculate the cost related to this assumed gain, we
use a time-oriented metric (McGregor et al., 2021).
Because of the time pressure legal professionals work
under this appears to be the most suitable representation
of cost or effort. Because we measure the results in time,
we use the term efficiency instead of effectiveness.

FIGURE 6 A visualization of the ranking variable for a low,

average, and high citation/usage score, and the corresponding

recency variable.
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The intervention (the moment when the new ranking
algorithm went live on production) took place on
September 14th 2020 at the close of business day. We
took data from the 3 weeks before the intervention (24th
of August until 14th of September) and 3 weeks after the
intervention (15th of September to 5th of October). The
dataset contained data from 27,786 unique users. The
average distribution of users in the system based on their
affiliation are 42% affiliated to a university, 25% affiliated
to the government (including courts and lower govern-
ment) and 33% affiliated to other organizations (includ-
ing law firms and legal service providers).

The number of sessions per user ranged from 1 to
201, with an average of 9.8 sessions and a median of
4 sessions.

In the before situation, we have 129,571 sessions, of
which 106,852 consist of more than 1 cost-based action
(query, click, etc.). Session times (based on max 30 min
between two actions) vary between 1 and 82,555 s
(or almost 23 h), with a mean of 714.61 and a median of
197.00. In the after situation, we have 143,864 sessions, of
which 118,991 consist of more than 1 cost-based action.
The session times vary between 1 and 86,125 s (or almost
24 h), with a mean of 774.09 and a median of 205.00.
Because of these skewed distributions we work with the
median, rather than the mean.

Calculation of cost. We compute the session interac-
tion cost as follows:

• From the system logs we take the date and timestamp,
user id, and, where applicable, the position of the doc-
ument, for events of querying, reformulation of a
query, filtering and opening of documents (clicks).

• Using the user id and timestamp, we group different
events into sessions, where a group of actions is con-
sidered to be one session if there is no more than
30 min (Jansen et al., 2007) between two actions. The
difference between a new query and a reformulation of
a query is based on the interface and not a determining
factor for defining the session.

• Baskaya et al. (2012) use 3 s per action, which they
have based on literature. But when we calculated the
average time per action based on our data, we found
different results, so we are using the average time (per
second) found in our data.

• To establish a time cost based on these counts, we mul-
tiply the number of occurrences and/or the position of
the document by that average time (in seconds) that
an action takes. This is done because the cost of some
actions are larger than others (e.g., a reformulation
takes more time than inspection an additional docu-
ment). By assigning time cost values to actions, rather
than using pure action counts, we can make this

distinction visible, especially in situations where the
number of occurrences of one action decreases but the
other increases.

In the following paragraphs, we specify how we com-
puted the time cost for each action.

Query formulation: Time between login and query. To
compute the average time required for query formulation
we selected sessions that started with a query (other start-
ing points could be navigation or from an e-mail alert).
For those queries, we retrieved the closest login event
from the logs, with a maximum of 30 min (our chosen
boundary for 1 session). This resulted in 144,479 sessions
with a median of 14 s and a mean of 52.68 s.

Inspection: Time between query and first click. To cal-
culate the average time required to inspect a search
result, we take from the data query events and click
events. From this data we take queries that are followed
by a click (as opposed to, for example, a reformulation).
We take the time difference between the two events. We
then divide the time by the position of the clicked result.
We assume that the time spent on inspecting results is
spread evenly over the number of items inspected. This
gives us an indication of the time spent inspecting each
search result, under the assumption of the “cascade
model” (Joachims et al., 2017). This model assumes that
search engine users scan lists from top to bottom in an
exhaustive fashion. This gave us a total of 101,711 query-
click pairs, with a median inspection time per result of
5 s and a mean of 17.22 s.

Dwell time: Time between two clicks after a query. The
logs do not contain dwell time, as the system redirects a
user to the publisher web-page after the click. We have
therefore approximated dwell time by using query–click–
click triples, without other events in between. This esti-
mation is noisy, as the user may have navigated further
in the publisher web-page, or gone to get a coffee. How-
ever, there is no reason to assume that the frequency with
which this happens changes at the time of evaluation.

For each of these triples, we calculate the individual's
inspection time based on the query–click pair. We then
take the time difference between the two clicks, and sub-
tract the individual's inspection time multiplied by the
number of documents between the first and second click.
This gives us an approximation of the time that an indi-
vidual spends evaluating the first opened document.

We remove any triples in which the difference
between the two clicks is less than 1 s, as that is likely a
scenario where the user clicked open all results that
appeared relevant in new tabs without actually looking at
the content of the results before continuing. This led to a
total of 16,611 triples, with a median of 24 s and a mean
of 73.92 s.

1020 WIGGERS ET AL.

 23301643, 2023, 8, D
ow

nloaded from
 https://asistdl.onlinelibrary.w

iley.com
/doi/10.1002/asi.24799 by C

ochrane N
etherlands, W

iley O
nline L

ibrary on [20/12/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



This method does contain a bias, as the click we are
examining is the first click in the pair; never the final,
perhaps most satisfying, document. The time spent on a
document that is not relevant upon further inspection is
likely less than the time spent on a relevant document.

Reformulation: The time between the initial query and
a reformulation. To determine the average time spent
reformulating a query, we searched the data for query–
reformulation pairs, with no other actions in between. In
these situations, the user enters a query, scans the results
list, and reformulates the query to get more suitable
results. We found a total of 33,997 pairs with a median of
18 s and a mean of 73.83 s. It is likely that users inspect
some of the results before reformulating the query, at a
cost of 5 s per item as determined above. However, the
data does not tell us how many results a user has
inspected before deciding to reformulate the query. The
interface shows 20 results per page, but given the time
difference of 18 s between the query and the reformula-
tion it is unlikely that the user inspected all 20 results.

Filtering: The time between a query and selecting a fil-
ter. To determine the cost of selecting a filter, and nar-
rowing down the search results in that way, we looked at
pairs of query–filtering, with no other actions in between.
In these situations, the user conducts a query, sees the
results list, and refines the results by selecting one or
more filters (e.g., document type, year of publication).
This led to a total of 26,438 pairs, with a median of 12 s
and a mean of 34.60 s.

4.2.1 | Application

Given that the interface did not change, we expect the time
per action to be stable. We averaged these time periods
over the entire user population to calculate the average
time the action costs. Since we do not have relevance judg-
ments, we cannot determine whether a click is a cost or a
gain. We have therefore made two formulas, one including
clicks as a cost, and one excluding clicks as a cost.

Using the method described above we come to the fol-
lowing formula for Cost without clicks:

Cost¼ Q�Tqð Þþ R�Trð Þþ F �Tfð Þþ I �Tið Þ, ð4Þ

where Q represents the number of queries done in the
session, R the number of reformulations done in the ses-
sion, F the number of filters applied, I the number of
documents inspected, and the T values the average time
for that action. Extended cost uses the same formula, but
also includes the number of clicks (C) multiplied by the
average time it took the user to conduct a next action
after a click (Tc). This gives us the following formula:

ExtendedCost¼ Q�Tqð Þþ R�Trð Þþ F �Tfð Þþ I �Tið Þ
þ C �Tcð Þ:

ð5Þ

When we apply the average time per action from the
data, we end up with the following formulas to calculate
the cost per session:

Cost¼ Q�14ð Þþ R�18ð Þþ F �11ð Þþ I �5ð Þ, ð6Þ

and

ExtendedCost¼ Q�14ð Þþ R�18ð Þþ F �11ð Þþ I �5ð Þ
þ C �24ð Þ: ð7Þ

In the Legal Intelligence system, a functionality for
known-item retrieval (navigational search) uses hard
boosts to push the document searched for to the top.
When a user searches for “civil code article 6:162,”
that document will be hard pushed to the top, ignor-
ing the position assigned by the ranking algorithm. It
is possible that a query results in more than one pre-
ferred result. Because of this hard boost, known-item
retrieval situations will not be impacted by changes in
the ranking algorithm. Therefore known-items sessions
will be excluded from the evaluation. We identify
known-item sessions as query consisting of either just
one action (e.g., updating behavior; Makri et al., 2008,
where the user verifies that the legal status of a docu-
ment is still the same), or one action followed by max
one click (e.g., a query and one click), on position
1 or 2.

The use of such a cost model will be limited to
within-system comparisons, as usage patterns may differ
between systems. With these assumptions, it is possible
to create an evaluation metric based only on cost, and
compare the average cost of users under two rankings of
the same system.

5 | RESULTS AND ANALYSIS

5.1 | Results

Table 3 shows the results of applying the Cost and
ExtendedCost formula to the user sessions. Even
though, as explained in Section 4.2.1, we have removed
known-item retrieval from the evaluation, this table
shows a long-tail distribution. This reflects the com-
pleteness ideal and research reality as described by
Geist (2016): according to the completeness ideal, pro-
fessional users would inspect all results; but in reality,
many users do not.
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5.2 | Statistical analysis (without clicks)

We model the difference in the logarithm of the cost (log-
cost) before and after the change to the ranking algo-
rithm. It is important to note that different sessions may
correspond to the same user. To take this dependency
between the observations into account, we apply a linear
mixed model (LMM) with a random effect for user ID.
We denote by xij an indicator variable which takes value
0 if session j of user i took place before the intervention,
and 1 if it took place after the intervention. This means
the model for the log-cost of session j corresponding to
user i is given by:

log � costij ¼ αþβxijþuiþ eij, ð8Þ

where α is the intercept, β is the (fixed) effect of the inter-
vention, ui �N 0,σuð Þ is the random effect of user ID, and
eij �N 0,σeð Þ the residual. The analysis was performed in
R (version 4.0.3) (R Core Team, 2020). Model fitting was
performed using lme4 (version 1.1–27.1) (Bates
et al., 2015). Statistical significance was assessed using an
approximate t-test with Satterthwaite's degrees of free-
dom, implemented as the default in lmerTest (version
3.1–3) (Kuznetsova et al., 2017). Table 4 shows that the
mean log-cost is reduced by 0.022 after the intervention.
In terms of the untransformed cost variable, this is equiv-
alent to a reduction of the estimated geometric mean of
the cost from 87.3 to 85.4.

5.3 | Statistical analysis (including
clicks)

We apply the same model to the data with clicks
included. Table 5 shows that in this case the mean log-
cost is reduced by 0.027 after the intervention. In terms
of the untransformed cost variable, this is equivalent to a

reduction of the estimated geometric mean of the cost
from 205.84 to 200.3.

5.4 | Practical significance

To demonstrate the effect of the change on the user, we
have reported the estimated geometric mean.16 This is
the exponent of the arithmetic mean of the log-cost. The
geometric mean, as opposed to the arithmetic mean, is
used because the statistical analysis is done using a log-
cost. Because of this log-cost, we also no longer have the
problem of the large difference between the median and
the mean, since the distribution of the log-cost is approxi-
mately normal. Note that if the distribution of the log-
cost was exactly normal, the geometric mean of the
untransformed cost would be the same as the median
untransformed cost.

We see a difference in the geometric mean of 2 s for
the Cost of a search session (a reduction of 2.2%), and 5 s
for the ExtendedCost of a search session (a reduction of
2.7%). Though this may appear small, this is of practical
significance for legal professionals, who may spend up to
a third of their time doing research (Lastres, 2013). At a
regular hourly tariff of 300 euros for attorneys, a 2%–3%
reduction in search time can have substantial financial
impact.

5.5 | Analysis of long sessions

At the extreme end of the long-tail we see user sessions
with an Extended Cost of 84,097 s (1401 min, equals
23.36 h). It appears unlikely that a user would be con-
ducting research for 23 h, without pausing for more
than 30 min. To investigate this particular behavior, we
analyzed the top 1% longest sessions by ExtendedCost.
We had two questions: (1) are these sessions conducted
by persons, or are they technical processes that are sub-
mitting queries for example to monitor response time,
and (2) if the sessions are conducted by persons, are
these long sessions also exceptions for these persons or
are there people who regularly conduct these long
sessions.

We found that users associated with these long ses-
sions are customers of the Legal Intelligence system, and
are not technical processes. We also found that there are
users that have a pattern of extremely long sessions, hav-
ing multiple such sessions in the span of the 6 weeks in
our sample. We therefore have no reason to excluded
these long-tail sessions from the data; these are the users
for which more effective rankings are potentially the
most valuable.

TABLE 3 Cost per session Before/After.

Cost Extended cost

Before After Before After

Count 59,081.00 66,519.00 59,081.00 66,519.00

Mean 135.11 131.61 334.71 327.30

Std 164.45 169.49 671.85 773.58

Min 5.00 5.00 51.00 51.00

25% 49.00 49.00 113.00 112.00

50% 87.00 87.00 193.00 189.00

75% 161.00 157.00 356.00 345.00

Max 4977.00 10,788.00 44,610.00 84,097.00
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6 | CONCLUSIONS

This article shows the steps required to create an
impact relevance variable for use in a bibliometric-
enhanced ranking algorithm. The variable has limited
influence at the beginning, when the correlation with
later usage/citations may not yet be reliable enough,
and increases in influence as the data becomes more
reliable at about 2 months after publication. We sug-
gest to take the highest of the normalized usage/
citation counts as input for the ranking variable. This
variable has to be coupled with a recency variable that
decreases at the same speed, to give new documents
the benefit of the doubt before the usage and citation
data becomes available.

Using a cost model, we show that such a bibliometric
ranking variable can reduce the time of a search session
of legal professionals by 2%–3% for use cases other than
known-item retrieval or updating behavior. Though this
may seem modest, given the high hourly tariff of legal
professionals and the time they may spend on research,
this is expected to lead to increased efficiency.
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ENDNOTES
1 A newspaper article.
2 A government report.
3 Note that books are indexed by chapter or paragraph, legal codes
are indexed at article level.

4 Examples from research conducted by the authors.
5 Domain relevance because of the level of agreement on certain
factors, as described in Wiggers et al. (2022b).

6 Through Worldcat at https://www.worldcat.org/

7 As discussed by Mart (2017) the algorithms of commercial legal
IR systems are trade secrets, but her work and information
obtained from LexisNexis (2013) and the system used in our pre-
vious article (Wiggers et al., 2022b), Legal Intelligence, indicate
that algorithmic and topical relevance are still the main focus.

8 See also Mart (2017).
9 “Vollständigkeit(sideal) und Recherche-Realität” (Geist, 2016,
p. 158), translation by authors.

10 The Royal Netherlands Academy of Arts and Sciences.
11 Usage data is available from 2017 and later. For that reason, it

was not useful to use older documents.
12 But the citations mentioned in the books are available.
13 See, for example Brody et al. (2006).
14 For example, monthly.
15 Documents published before 2017, before usage data became

available, are given the benefit of the doubt with a usage score of
1. This means that they are treated as if they received the average
number of clicks. This is done since documents are likely to
gather the most clicks in the period after first publication.

16 See also Fuhr (2018).
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