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ABSTRACT
Legal case retrieval is a specialized IR task aiming to retrieve supporting cases given a query case. While recent research efforts
are committed to improving the automatic retrieval models’ performances, little attention has been paid to the practical search
interactions between users and systems in this task. Therefore, we
focus on investigating user behavior in the scenario of legal case
retrieval. Specifically, we conducted a laboratory user study that
involved 45 participants majoring in law to collect users’ rich interactions and relevance assessments. With the collected data, we
first analyzed the characteristics of the search process in legal case
retrieval practice. We observed significant differences between legal
case retrieval and general web search in various search behavior.
These differences highlight the necessity of in-depth investigating
user behavior in legal case retrieval and re-thinking the application
of related mechanisms developed based on the user models in Web
search. Then we investigated factors that would influence search
behavior from different perspectives, including task difficulty and
domain expertise. Finally, we shed light on implicit feedback in
legal case retrieval and designed a predictive model for relevance
based on user behavior. Our work provides a better understanding
of user interactions in the legal case retrieval process, which can
benefit the design of the corresponding retrieval systems to support
legal practitioners.
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1

INTRODUCTION

Legal case retrieval is a specialized IR task that involves retrieving
supporting cases given a query case. Along with statutes, prior
cases decided in courts of law (also called “precedents”) are primary
legal materials in various law systems. For instance, precedents
are fundamental to preparing arguments in common law. In some
countries following the civil law system, drawing analogies across
relevant prior cases is also increasingly required in pursuit of justice [18]. There have been numbers of benchmark works in recent
years, such as TREC legal track [35], COLIEE [36], etc. Recent efforts
have been made to improve the performance of retrieving relevant
cases automatically with a query case as input [42, 44]. Existing
works have indicated that the search behavior of legal case retrieval
may be different from that of ordinary search (e.g., users tend to
issue more queries interactively [14]). Therefore, understanding
the differences may be of vital significance in the construction of
practical legal case retrieval systems.
Legal case retrieval differs from general web search in various
aspects. For instance, the target users in legal case retrieval are
mainly legal workers with professional knowledge in law. Compared with web search engines, legal databases (e.g., Westlaw) are
preferred considering the data authority and legal effect [2]. The
retrieved results are mostly semi-structured case documents rather
than web pages. Moreover, the definition of legal relevance [14, 45]
is beyond topical relevance, involving similar legal issues, facts,
consequences, etc. These differences may cause differences in user
behavior and further challenge the application of user models developed for general web search in legal case retrieval.
As far as we know, user behavior in legal case retrieval is still
under-investigated. Existing user-centered studies in legal domain [23,
30, 38, 50] mostly worked on the information seeking process of
general legal research. However, different from legal case retrieval,
it involves a range of resources and user backgrounds. The corresponding information-seeking models are sometimes presented as
a high level of abstraction [30], leaving a gap from specific information retrieval tasks. Besides, previous works were mainly based on
qualitative methods, such as interviews [23, 30, 47], surveys [38],

and monitoring [50], while fine-grained user behavior in the search
process still lacks a thorough and quantitative investigation.
Both the user and the search task play vital roles in the interactive
search process. In particular, the influence of domain expertise and
task difficulty is worth investigating. From the user perspective,
previous works [32, 38, 48] mainly investigated domain expertise
generally based on users’ majors (e.g., politics, medicine, law). While
most of the users in legal case retrieval major in law, they still
vary in domain expertise depending on their specialized fields,
such as criminal law, civil law, and administrative law. Meanwhile,
task difficulty is one of the significant factors from the search task
perspective [3, 8, 27]. Especially in judicial practice, the applicable
procedures may also vary according to the case difficulty [20, 51].
In this paper, we focus on an in-depth investigation of user behavior in legal case retrieval, raising the following research questions,
• RQ1: How do legal practitioners conduct legal case retrieval?
What are the differences from general Web search?
• RQ2: What factors affect user behavior in the legal case retrieval process?
To shed light on the application of user behavior in this search
scenario, we propose the third research question:
• RQ3: How can we learn from users’ implicit feedback in legal
case retrieval?
To address these research questions, we conducted a laboratory
user study (𝑁 = 45). With the participants who majored in law but
had different legal specialties, we logged rich behavioral data in the
search process, including queries, click-through, hovering, scrolling,
and dwell time. We also collected users’ self-reported feedback and
relevance assessments in the study. With the collected data, we
systematically investigate users’ search behavior during legal case
retrieval. In summary, our key contributions are four-fold:
• We collect a behavioral dataset along with relevance assessments in legal case retrieval. The dataset1 is open now.
• We generalize the properties of the search process in legal
case retrieval and analyze its differences from general web
search quantitatively based on various behavioral measures.
• We provide a thorough analysis of how task difficulty and
domain expertise affect user behavior in this search scenario.
• We investigate users’ implicit feedback for query efficiency
and case relevance, and further propose a predictive model
for relevance feedback.

2

RELATED WORK

In general web search, user behavior has drawn active research
interest and benefited related IR tasks [1, 7, 9, 17]. Specifically,
domain expertise and task difficulty are two influencing factors.
White et al. [48] conducted a longitudinal analysis to investigate
the impacts of domain expertise on web search behavior in four
different domains (medicine, finance, law, and computer science).
Mao et al. [32] further conducted a laboratory study to investigate
the effects of domain expertise in exploratory search, involving
tasks of environment, medicine, and political domains. As for task
difficulty, multiple research efforts have been made to analyze the
effects on search behavior in web search and to build corresponding
1 Now

prediction models [3, 8, 27]. We note that there is no consensus
on the definition of task difficulty. Some studies [21, 25] defined
difficulty as the user’s subjective perception of task complexity,
while some studies [3, 26] considered objective measurements, e.g.,
correctness, task performance.
Professional search is defined as an activity to support or address
the work tasks of professionals within various domains [38, 43], e.g.,
patent, legal, healthcare, etc. A recent workshop [46] summarized
three key characteristics of professional search as heterogeneous
information sources, highly interactive procedure, and highly specialized activities. Different from general web search [6], professional search usually have domain-specific requirements [38, 46].
Russell-Rose et al. [38] conducted a comparison study of four kinds
of professionals by analyzing surveys of purposive samples. Their
results revealed that different professionals prioritized different features and functions, although they shared some fundamental needs.
Within a specific domain, Liu & Wacholder [29] emphasized the
role of domain expertise in exploiting MeSH terms by evaluating
different types of searchers in medical search.
In the earlier research line of legal IR, extensive expert efforts
were involved in building legal information retrieval systems (e.g.,
Westlaw [12]). Both knowledge engineering-based techniques [37,
39] and NLP-based methods [4, 34] were explored. Several empirical studies have been performed to study the general legal
information-seeking procedure. For instance, Kuhlthau & Tama [23]
conducted structured interviews with eight lawyers and framed
the information-seeking process with ISP model [22]. Makri et
al. [30] investigated the application of Ellis’s model [13] to legal
information-seeking behavior via semi-structured interviews and
naturalistic observations of 27 academic lawyers. In particular, legal
case retrieval is a specialized task that aims to retrieve supporting
prior cases given a query case. Recent benchmarks, such as COLIEE [36] and AILA [5], aimed to explore the NLP-based methods
and contributed several moderate datasets for this task. Following
these benchmarks, prior efforts [42, 44] were put into developing
automatic retrieval models.
However, in the practice of legal case retrieval, users tend to
search interactively instead of querying with an entire case directly.
Therefore, there still exists a considerable gap between the standard
benchmark and the legal practice. Unlike existing research that involves various domains or information resources, our work focuses
on a specific but fundamental legal search task and investigate
users’ fine-grained search behavior in a quantitative way.

available at https://github.com/ThuYShao/UserStudyLegalDataset.git

3 USER STUDY
3.1 Tasks
We adopted the taxonomy of litigation cases (i.e., criminal, civil,
administrative) that is popularly accepted in the Chinese law system [49] and designed one search task of each category. We also
included an additional query case as the warm-up task to familiarize the participants with the experimental environment. An expert
(Ph.D. in Law) designed the search tasks. These tasks were in different difficulty levels, among which the criminal task was the
most difficult. The query cases were all adapted from the real effective judgments. Following previous work [36], the query case
should remain un-judged when the legal case retrieval process is

Table 1: An example of the search task and the corresponding Causes.
Category

Query Case Description

Causes of Action

Criminal

The defendant Zhang took advantage of the feature that the capital accounts of the same business department in a
securities company had the identical first four digits and contained the same and simple initial passwords. In order
to practice the skills for speculating on the stock market, the defendant obtained the accounts and passwords of 120
customers in the telephone commission system of an electronic trading center of the company business department
through continuous trial and error login using a video phone in this residence, in early January 2011. The defendant
then conducted unauthorized stock trading via 10 of these client accounts. He authorized more than 200 orders and
completed nearly 100 transactions. The money involved in these transactions added up to over 15,000,000 Yuan and the
economic loss for the customers reached 130,000 Yuan in total.

Crime of intentional
destruction of property;
Crime of illegal invasion
computer information
system

performed, so we removed the parts containing the court’s opinions.
We anonymized the query cases to ensure that the original judgments could not be easily retrieved by just querying with a specific
name of a person or place in the given description. Table 1 gives an
example of the tasks. Specifically, the query case description would
be shown to the participants in the user study, while Causes of Action, which were determined by the original judgment, functioned
as the golden reference for the external assessors in Section 3.5.
Similar to existing studies [11, 28, 53] in information systems, the
number of tasks was limited considering user workload.

3.2

Participants

We recruited 45 participants (11 males, 34 females) via online forums and social networks. Among them, 31 were graduate students
in law school, and 14 worked in law firms. They were all native
Chinese speakers and qualified in legal practice2 . They varied in
legal specialties, among whom 15 majored in criminal law, 21 in
civil law, 2 in administrative law, and 7 had no specialty. The domain expertise was determined depending on the participant’s legal
specialty. If a task category was consistent with her legal specialty,
the session was within the domain (in-domain), otherwise was out
of the domain (out-domain). If the participant had no specialty, all
of her sessions were considered to be out-domain.

3.3

Experimental System

We developed a user study system using Django, where participants
could log in and complete the entire user study procedure. As for
the experimental search system, we re-directed to a commercial
legal search engine3 to simulate the real search environment. The
Google Chrome browser was used to display the experimental
pages. We developed a customized chrome browser extension to log
search behavior on search result pages (SERPs) and landing pages
(LDPages) and record retrieved cases. Figure 1 shows examples of
the SERP and LDPage. Query suggestions and advertisements were
excluded. It had been confirmed ahead that the search system would
not do personalization. Similar to common legal search engines,
there was a “field filter” on the SERP, which could be used to select
the court’s level, procedural posture, etc. If the terms (conditions)
were selected, they would occur in the query along with specific
field symbols. As for the landing page, we injected a button for
bookmarking if the case was possibly relevant, which floated at the
left corner of the page.
2 They

had passed the “National Uniform Legal Profession Qualification Examination”

3 https://ydzk.chineselaw.com/case

3.4

Procedure

Before the experiment, participants were required to watch a video
that instructed the requirements and data collection procedure.
They then signed the informed consent. The study began with a
warm-up task. The main tasks were shown in a random order to
balance the order effects [24]. Each participant spent about 1.5
hours completing the main tasks and gained $18 for involvement.
Each task can be generally divided into two parts, i.e., a searching
part and an annotating part, as illustrated in Figure 1.
Query Case Reading. In each task, the participant was instructed to assume that she is dealing with the given query case
and needs to find adequate relevant cases supporting the decision
process. The participant could refer to this page any time during
searching, so she did not need to memorize the case description.
Pre-task questionnaire. The participant filled in a pre-task
questionnaire to report her perceived task difficulty, pre-search
knowledge, and interest [32]. The questions were answered on a
5-point Likert-type scale (1: not at all, 5: very).
Searching and bookmarking. The participant was directed to
the experimental search engine. The participant could freely interact with the search system as she usually did, e.g., issuing queries,
clicking on results, scrolling up and down, reformulating queries,
etc. As an additional requirement in our user study, the participant
was asked to bookmark the cases that she felt probably relevant by
clicking on the button (“Mark this case”) on the landing page. No
restrictions on the search time or the number of bookmarked cases
were imposed. Once the participant felt that she had found enough
information or could not find more useful results, she could end
the search session by closing the search pages and landing pages.
The browser extension would record all of the visited pages and
log the user’s behavior at this stage, including query formulation,
click-through, hover, scroll, and timestamps.
Post-task questionnaire. The participant was directed to a
post-task questionnaire to report her perceived search success and
search satisfaction. Similarly, all of the questions were answered
on a 5-point scale.
Bookmarked case annotating. The cases were shown in order of their bookmarked timestamps. Only one case was shown
each time. For each case, the participant made a relevance assessment on a 4-point scale (1: irrelevant, 2: slightly relevant, 3: fairly
relevant, 4: highly relevant). The cases that were clicked but not
bookmarked would be treated as irrelevant in our study. Furthermore, the participant was required to provide the reasons for her
relevance assessment in a text input box. The collected reasons
were used to ensure the quality of her assessments in this paper.

Query: Theft crime, Huge amount

Experimental Procedure

An Example of SERP

Data
Backend

Participants
Query Case Reading

Query Case

Pre-task Questionnaire

Task Dif culty

Searching & Bookmarking

Behavioral Logs
Retrieved Cases

Post-task Questionnaire

User FeedBack

Bookmarked Case
Annotating

Relevance Score
Reasons

Query Terms

An Example of Landing Page

Search Input Box

Document Content

Result List
Sections of Document

Bookmark Button
Field Filter

Figure 1: The procedure of each task and examples of the SERP and landing page in the experimental system.
After the participant finished this stage, the corresponding task was
completed, and she could start another with the same procedure.
A pilot study, which involved four additional users, was conducted ahead to ensure the designed tasks, the experimental system,
and the user study procedure work well.

3.5

Data Cleansing and Assessment

fi

The sessions were filtered out if we found that the participant
had known the original case before searching. We identified three
such sessions via the participants’ self-reports and inspecting their
queries. There were another four sessions that had problems in
behavior logging due to network instability. In total, we excluded
seven invalid search sessions along with their retrieved cases. After
filtering, we collected 128 sessions (“in-domain”: 36, “out-domain”:
92), 1,682 queries, and 1,289 landing pages (558 were bookmarked).
By manually inspecting some submitted queries, we identified
two categories of legal concepts, i.e., the Cause of Action (Cause)
and the Facts of Case (Fact). The Fact is usually from the detailed
circumstances of a case directly, while the Cause is the legal generalization of the issue, which requires domain-specific knowledge
for refinement. Table 1 gives examples of Causes in the given task.
To investigate query formulation behavior in legal case retrieval,
we recruited three external legal experts to assess the existence
and the correctness of Causes in the queries that the participants
submitted. In detail, as for each query term, they annotated whether
it was a Cause or a Fact and whether it was correct if it was a Cause.
We provided them with the courts’ decisions and holdings of each
query case as the golden reference for assessing Cause correctness.
The Fleiss’s 𝜅 of the existence and correctness assessments (both
in binary scale) among three assessors were 0.9478 and 0.9246, respectively, indicating almost perfect agreement [15]. If there were
disagreements, we took the result of the majority vote.

4 SEARCH BEHAVIOR ANALYSIS
4.1 Comparison with Web Search
To understand the characteristics of users’ search behavior in legal
case retrieval, we compare it with that in general web search.
4.1.1 Datasets for comparison. We utilize two public search behavior datasets in web search from a laboratory user study [33] (denoted
as WebUserS) and a field study [52] (denoted as WebFieldS) to compare with that collected in our user study (denoted as LegalUserS).

Table 2: Properties of the datasets of legal case retrieval and
web search.
Property

LegalUserS

WebUserS [33]

WebFieldS [52]

Source
User domain
Language

Lab user study
Legal
Chinese

Lab user study
Non-specific
Chinese

Field study
Non-specific
Chinese

# users
# tasks
# sessions
# queries

45
3
128
1,682

25
9
225
935

30
nan.
1,124
3,535

Logged behavior

Query,
click,
hover,
mouse,
timestamps

Query,
click,
timestamps

Query,
mouse,
tamps

click,
times-

Table 2 shows the properties of these datasets. Both WebUserS and
WebFieldS are in Chinese and published in recent years (2016 and
2020, respectively). The user study [33] was designed to simulate
a real web search environment, in which the experimental search
engine could access the open Web and support query reformulation
and pagination. The field study [52] collected users’ daily search
activities in web search, overcoming the limitations of lab studies
(e.g., the discrepancy from real search scenarios) and large-scale
log analysis (e.g., noise). Both datasets included rich behavioral
features. Therefore, we think that they can represent users’ search
process in general web search and are suitable for comparison.
4.1.2 Comparison of Behavioral Measures. We investigate search
behavior from multiple aspects, including search effort within a session, query formulation, session-level examination patterns, and examination on a SERP. The median and the quartiles of each measure
are shown in Table 3 to provide an overview of the data distribution and alleviate the effects of outliers (especially in the field study
dataset). All p-values are calibrated through Bonferroni correction [41] within the corresponding group to deal with the multiple
comparison problem [16]. Mann-Whitney U test [31] instead of the
t-test is conducted since most of the variables have a non-normal
distribution. We acknowledge that there are some differences between WebUserS [33] and WebFieldS [52]. But we mainly focus on
investigating the difference between legal case retrieval and web
search, so the statistical test is conducted between LegalUserS and
WebUserS / WebFieldS, respectively. Results are shown in Table 3.

Table 3: Behavioral measures in legal/web datasets.“[Q1, Q3]” denotes the interval composed of the upper and lower quartiles.
Group
Search effort within a
session

Query formulation
Session-level
examination patterns

SERP examination

Behavioral Measure
task time (s)
# queries
# clicks
# pages
% query w/o click
avg. query length per query
% generalization
% specification
% substitution
% time spent on SERPs
% query of 1st click
% query of most clicks
P(click) per query
avg. click rank per query
max click rank per query
time (s) to first click per query
avg. click dwell time (s) per query
# avg. skipped results between
clicks per query

LegalUserS
Median
[Q1, Q3]
717.3
[431.5, 1075]
7.000
[4.000, 16.25]
8.000
[5.000, 13.00]
18.50
[10.75, 31.25]
0.5000
[0.1384, 0.6667]
8.000
[6.000, 10.00]
0.3030
[0.0955, 0.3957]
0.4545
[0.3333, 0.5670]
0.2000
[0, 0.4000]
0.3764
[0.2856, 0.5299]
0.3261
[0.1818, 0.5000]
0.7500
[0.4000, 1.000]
0.2000
[0.1000, 0.4375]
2.500
[1.500, 4.500]
3.000
[2.000, 7.000]
13.47
[8.245, 24.37]
38.43
[23.81, 63.66]
0.6667
[0, 1.667]

Median
nan.
4.000
6.000
10.00
0
7.000
0
0.4000
0.5000
nan.
0.3333
0.5000
0.1000
3.225
4.000
6.381
26.95
1.667

WebUserS [33]
[Q1, Q3]
nan.
[2.000, 5.000]
[4.000, 8.000]
[7.000, 15.00]
[0, 0.3333]
[5.000, 9.000]
[0, 0.1667]
[0.2222, 0.5000]
[0, 0.6667]
nan.
[0.2000, 0.5000]
[0.3333, 0.8000]
[0.1000, 0.2000]
[2.000, 5.000]
[2.000, 8.000]
[3.875, 9.872]
[12.42, 51.46]
[0.6667, 3.000]

Sig.
–
***
***
***
***
***
***
–
***
–
–
***
***
***
*
***
***
***

Median
94.36
2.000
2.000
4.000
0
6.000
0
0
1.000
0.2274
0.3333
0.5000
0.1000
2.000
2.000
5.325
19.62
1.000

WebFieldS [52]
[Q1, Q3]
[33.57, 315.1]
[1.000, 3.000]
[1.000, 4.000]
[2.000, 7.000]
[0, 0.2837]
[4.000, 9.000]
[0, 0]
[0, 0.2500]
[0.6000, 1.000]
[0.0766, 0.5498]
[0.2000, 0.5000]
[0.3333, 1.000]
[0.1000, 0.2000]
[1.000, 3.000]
[1.000, 4.000]
[3.250, 9.853]
[8.579, 56.60]
[0, 2.000]

Sig.
***
***
***
***
***
***
***
***
***
***
–
**
***
***
***
***
***
***

“*/**/***” indicates the difference in the measure is statistically significant at 𝑝 < 0.05/0.01/0.001 (after Bonferroni correction) level compared with LegalUserS. “nan.” indicates
the measure is unavailable in the dataset.
2.0

click num (dentisy)

Search Effort within a Session. Legal case retrieval involves
a much higher search effort compared with web search. On the one
hand, the submitted queries, clicked results, visited pages, and the
total task time increase significantly in legal case retrieval. On the
other hand, a larger proportion of the query lacking clicks suggests
that the submitted queries are more likely to fail in satisfying the
user’s information need [10, 19]. Given that, the legal case retrieval
process also requires more effort to formulate queries.
Query Formulation. We first inspect the behavioral measures
that can be calculated identically in all datasets. To be specific, the
query length is calculated based on Chinese characters. The query
reformulation type is automatically determined following the previous work [32]. From Table 3, users appear to formulate longer
queries in legal case retrieval. Compared with web search, generalization and specification make up larger proportions, indicating
that the query reformulation involves multiple careful trials.
Moreover, while keyword-based queries are widely adopted in
current web search systems, multiple querying methods are employed in legal case retrieval. For instance, besides keyword-based
query terms, 76 of 128 sessions in our user study involve conditions
from the “field filter”. The Cause of Action, legal abstraction of the
case issue, accounts for a considerable part of the queries in legal
case retrieval (e.g., 95 sessions involve Causes).
Session-level Examination Patterns. Among its measures in
Table 3, % query of 1st / most click represents the normalized position
of the query that involves the first / most clicks within a session.
We treat them as two representative statistics of the distribution of
clicks within the search session. Moreover, Figure 2 gives an intuitive view of the click patterns within a session. The distribution in
legal case retrieval is significantly different from that in web search
(K-S two-sample test, 𝑝 < 0.001, respectively), while no significant
difference is detected between that of two web datasets (𝑝 = 0.12).
Unlike web search sessions that involve multiple peaks of click,
clicks concentrate on the latter part of the session in legal case
retrieval. In particular, the query involving the most clicks occurs
later. Besides, the difference in % time spent on SERPs also indicates

WebFieldS
WebUserS
LegalUserS

1.5
1.0
0.5
0.0

0.2

0.0

0.2

0.4

0.6

0.8

% (query) in session

1.0

1.2

Figure 2: Distribution of the number of clicks within a session in three datasets.

users pay more attention to exploring the SERPs in legal case retrieval. Therefore, the search process of legal case retrieval appears
to be more exploratory, involving multiple trials, modification, and
learning before an in-depth examination.
SERP Examination. To be specific, time to first click denotes
the time interval from displaying the results to the user’s first click,
and # avg. skipped results between clicks means the average number
of skipped results in the click sequence. These measures represent
users’ patience, carefulness, and decision speed when examining the
SERP. We can observe several consistent trends when comparing
to both web datasets. In legal case retrieval, users show slower
decision speed since it takes longer before their first click, and they
spend more time examining the clicked results. They also appear
to be more patient when examining the result lists according to the
click rate and the number of skipped results.
4.1.3 Summary. Regarding RQ1, the legal case retrieval process
can be characterized as an exploratory search process, consistent
with previous work in professional search [46]. Compared with
general web search, users pay more search effort and seem more
persistent in satisfying their information needs. They appear to be

more patient and careful when reformulating queries and examining results. Besides, domain-specific knowledge is incorporated
into the search process, e.g., refining Causes in query formulation.

4.2

Effects of Task Difficulty and Domain
Expertise

To address RQ2, we investigate the search process of legal case
retrieval in-depth. We focus on inspecting two independent variables, i.e., domain expertise and task difficulty. As mentioned in
Section 3, search sessions are classified into in-domain and outdomain groups based on the user’s legal specialty. The designed
task difficulty is verified by users’ perceptions collected in the pretask questionnaires. To be specific, the user-reported difficulty level
of the criminal task is significantly higher than the others, while the
difference between the civil and the administrative is insignificant
(avg. difficulty, 3.277 v.s. 2.756 / 2.535, by Dunn’s test, 𝑝 < 0.05
after B-H adjustment). Therefore, we group them into two difficulty
levels, taking the criminal task as the difficult (hard) while the civil
and administrative tasks as the easy.
4.2.1 Behavioral Measures. As shown in Table 4, we investigate
the effects of task difficulty and domain expertise on the behavioral
measures of various categories. As most of the measures are not
normally distributed, we use non-parametric statistical tests. We
first conduct the Scheirer Ray Hare Test [40], a non-parametric test
for a two-way factorial experiment, using task difficulty and domain
expertise as two factors. Results are given in Table 4. Generally,
task difficulty has a significant impact on a larger proportion of
behavioral measures than domain expertise. The Mann-Whitney U
test is further conducted within each domain expertise to examine
the effects of task difficulty under different expertise.
Search Effort within a Session. Besides the measures used
in Section 4.1, we inspect the mouse-hovering behavior. Mousehovering is also an indicator of examination, which correlates with
user satisfaction but involves less examination workload than clickthrough [10]. As shown in Table 4, search effort increases significantly in difficult settings, reflected by the increase of issued queries,
visited pages, hovered results, and queries lacking interactions.
Moreover, task difficulty affects search effort of out-domain users
significantly while has few influence within the in-domain group.
Note that both task difficulty and domain expertise do not significantly affect the number of clicks and task time. One possible
explanation is that users might invest limited patient and effort in
the laboratory study environment.
Query Formulation. We investigate query formulation from
two perspectives, i.e., term-based and Cause-based. Regarding termbased behavior, we find that task difficulty has significant influences.
Furthermore, task difficulty impacts the corresponding measures in
both domain expertise groups. Users explore more various query
terms in difficult tasks. In contrast, a larger proportion of specification in easy tasks indicates that users might identify a specific
search direction and exploit it continuously.
Different from Fact, Cause is a high-level summary of legal issues
in a case. Based on the external annotations, we inspect the usage
of Cause in users’ query formulation process. Consistent with the
results of term-based analysis, the use of Cause is mainly influenced
by task difficulty. Users are more likely to identify Cause precisely

in easy tasks while the accuracy drops significantly encountering
difficult settings. Besides, the Cause is used later in the sessions of
difficult tasks, and it takes more trials before users could identify
the correct one. The differences suggest a more exploratory and
struggling query formulation process in difficult tasks, in which
users constantly locate and revise the core legal relationships of
the query case. The effects are consistent in both expertise groups
and more significant in the out-domain group.
Session-level Examination Patterns. Users spend a larger
proportion of time on SERPs in difficult tasks. Both in-domain and
out-domain users are affected by task difficulty while the impact
is greater on out-domain users. However, we do not observe any
significant influence of task difficulty or domain expertise on the
click patterns within a session.
SERP Examination. In particular, we consider hover and click
as examination behavior of different levels. To be specific, users
usually hover on a result item to make a preliminary judgment
before clicking for further examination. In Table 4, P(click|hover)
denotes the probability of a result to be clicked given hovered. We
observe that task difficulty influences this measure significantly,
consistent in both domain expertise groups. It suggests that users
put more effort into identifying relevant items on SERPs and might
skip more results based on the preliminary judgment when task difficulty increases. Besides, we find that users are more likely to click
on the results ranked low in easy tasks. Since users are more likely
to formulate efficient queries in easy settings, the returned result
list should be more relevant. Thus, users might explore deeper of
the result list. No significant effects are observed on other measures.
LDPage Examination. Unlike web search results, the landing
pages of legal case retrieval are mostly case documents, which
always contain long texts, so the screen can hardly display the entire
document one time. Moreover, a case document is semi-structured
in content, containing multiple sections. Table 5 gives an example
in which the section ID denotes its position in the document. Users
need to scroll to examine different sections, causing changes in
viewport. The viewport means the portion of the document page
that is visible on the screen at a certain time. In this paper, we use
the viewport to simulate users’ examination attention.
Previous works [24, 54] found a strong correlation between viewport with user attention. We utilized the weighted viewport to reduce the presentation bias, which had the strongest correlation with
user attention [24, 54]. The weighting factor is calculated following
2

𝜔𝑠𝑖 = ℎ𝑖𝑣,𝑠 / ℎ𝑖𝑣 ∗ ℎ𝑠 , where ℎ𝑖𝑣,𝑠 is the visible height of section 𝑠
in the 𝑖-th viewport, ℎ𝑖𝑣 is the height of the 𝑖-th viewport, and ℎ𝑠 is
the actual height of section 𝑠. In table 4, pos. of first viewport is the
weighted section IDs in the first viewport. total viewport time is the
sum of the weighted viewport time of all sections in all viewports.
We view the consecutive viewports that contain the same sections
as stationary (merged viewport). Then the moved up (down) viewport denotes that a section with a smaller (larger) ID occurs in the
(𝑖 + 1)-th viewport. # skipped sections is the number of sections that
do not occur in any viewports. # revisit means the sum of times a
section is revisited by a non-stationary viewport.
From Table 4, users appear to examine the case document mainly
in a top-down manner (% moved down > % moved up), while some
sections are revisited multiple times. In difficult tasks, users are

Table 4: Differences in behavioral measures w.r.t different task difficulty and domain expertise.
Group

Behavioral Measure

Search effort within a
session

Query formulation
(term-based)

Query formulation
(Cause-based)

Session-level
examination patterns

SERP examination

LDPage examination

# queries †††
# pages †††
# clicks
# hovers †††
task time (s)
% query w/o click †††
% query w/o hover ††
# unique terms per session †††
% generalization
% specification †††
% substitution †
# unique Causes per session
% correct Cause per session †††
query (pos. in session) w/ 1st
Cause †††
distance (absolute value) between
query w/ 1st Cause and query w/
1st correct Cause †††
above-mentioned distance normalized by session length †††
% time spent on SERPs †††
% query of 1st click
% query of most clicks
P(click) per query
P(hover) per query
P(click|hover) per query †††
avg.click rank per query
max. click rank per query †
time (s) to first click per query
avg. click dwell time (s) per query
# avg. skipped results between
clicks per query
pos. of first viewport per page
total viewport time (s) per page
% moved up viewport per page
% moved down viewport per page
††
# skipped sections per page ††† ‡
‡‡
# revisit per page

11.67
21.82
10.14
60.97
803.3
0.4286
0.2350
7.565
0.2923
0.4475
0.2602
2.358
0.7900
3.627

Easy
8.048
19.24
11.19
57.24
916.7
0.4439
0.1860
5.762
0.2164
0.6422
0.1414
1.500
1.000
1.688

In-d
Hard
17.53
25.87
8.333
87.67
841.3
0.4470
0.3160
10.4
0.2015
0.2561
0.5425
1.833
0.4792
7.667

Sig.
–
–
–
–
–
–
–
–
–
***
**
–
***
–

Easy
6.825
17.40
10.57
43.94
742.0
0.3222
0.1957
5.492
0.2433
0.4793
0.2773
2.163
0.9211
2.122

Out-d
Hard
22.21
31.41
9.207
97.97
936.7
0.6598
0.3204
12.07
0.3837
0.3881
0.2282
2.889
0.4330
7.722

Sig.
***
***
–
***
–
***
**
***
**
–
–
–
***
***

1.250

3.269

0

2.917

**

0.3061

11.33

***

0.3896

0.1176

0.1589

0

0.2744

**

0.0459

0.4665

***

0.3368
0.4076
0.6743
0.3389
0.9203
0.2431
4.138
6.607
17.63
51.28
1.249

0.5887
0.3796
0.7237
0.3153
0.7835
0.1115
3.642
5.377
22.75
42.71
1.701

0.4333
0.4631
0.7230
0.3480
0.8241
0.1629
3.943
6.246
16.50
50.22
1.242

0.4195
0.3687
0.6794
0.3224
0.8549
0.1747
3.943
6.075
20.89
47.00
1.903

0.3403
0.4473
0.6315
0.346
0.9149
0.2392
4.141
6.747
12.06
56.14
1.268

0.5635
0.4853
0.8509
0.3509
0.7514
0.1018
3.652
5.510
23.03
41.52
1.208

**
–
–
–
–
**
–
–
–
*
–

0.3356
0.3922
0.6909
0.3362
0.9226
0.2448
4.137
6.554
19.78
49.41
1.242

0.6017
0.3249
0.6580
0.3007
0.7980
0.1158
3.638
5.323
22.64
43.20
1.903

***
–
–
–
–
***
–
*
–
–
–

0.1602
16.16
0.2156
0.4146

0.1415
15.45
0.2034
0.4461

0.1481
16.04
0.2087
0.4221

0.1569
15.91
0.2132
0.4249

0.1551
17.05
0.2128
0.4003

0.1352
14.15
0.2009
0.4626

–
–
–
**

0.162
15.85
0.2166
0.4196

0.1444
16.05
0.2045
0.4383

–
–
–
–

0.9076

1.217

0.7905

1.083

0.6137

1.120

***

1.011

1.263

*

10.22

9.744

9.964

10.12

10.733

8.528

–

10.04

10.31

–

Easy

Hard

In-d

Out-d

7.131
17.86
10.73
47.26
785.6
0.3523
0.1933
5.560
0.2358
0.5249
0.2393
2.000
0.9405
2.015

20.61
29.52
8.909
94.45
904.1
0.5873
0.3189
11.50
0.3216
0.3431
0.3343
2.467
0.4515
7.700

12.00
22.00
10.00
69.92
885.2
0.4452
0.2401
7.694
0.2102
0.4813
0.3085
1.643
0.7768
4.250

0.2308

7.967

0.0346

“†/††/†††” (“‡/‡ ‡ /‡ ‡ ‡”) indicates that task difficulty (domain expertise) has a significant effect on the measure at 𝑝 < 0.05/0.01/0.001 level by Scheirer Ray Hare Test (after
Bonferroni correction). “*/**/***” indicates that the effects of task difficulty on the measure within one domain expertise group is significant at 𝑝 < 0.05/0.01/0.001 (after
Bonferroni correction) level using Mann-Whitney U test.

Table 5: An example of the case document
Section (ID)
Party Information (1)
Procedural Posture (2)

Facts (3)

Holdings (4)

Decision (5)

End of Document
(6)

Content (part)
Defendant: Yang, male, born in [Place] on [Date], of the XX
nationality, with [education], unemployed...
The Intermediate People’s Court, after trying the case on
public prosecution by the People’s procuratorate against
Yang on the crime of trafficking in drugs, ascertained on
[Date] by Criminal Judgment No. 52 (2000)...
One day in July 1998, under the arrangement of Ren XX, and
via Yi XX, Yang sold to Cao, a drugger, in Ren’s “Aliang Hair
Care Salon”, 100 grams of heroin offered by Ren, and got
19,000 Yuan of illicit money...
This Court holds that Yang’s offences of illegally trafficking
in and transporting heroin have constituted the crimes of
trafficking in and transporting drugs, and the quantity was
large, thus he should be punished in accordance with the
law...
I.the part on sentencing the punishments on Yang in the
Criminal Judgment No. 84 (2001) in the Final Instance by the
Criminal Division of XX Higher Court and in the Criminal
Judgment No. 52 (2000) shall be rescinded...
Chief Judge XXX; ...; Date XXX; Court Clerk XXX

more likely to read the case in a top-down sequence but skip more
sections. Meanwhile, out-domain users appear to skip sections more.
We do not observe any significant influence of domain expertise or
task difficulty on other viewport measures.
4.2.2 Summary. Regarding RQ2, task difficulty has a more significant impact on search behavior than legal-specific domain expertise.
Particularly, task difficulty affects query formulation behavior of
different domain expertise, while the effects on search effort mainly
occur in out-domain users. Compared with the session-level behavioral measures, those measuring examinations on a specific page
(SERP or LDPage) are less affected.
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IMPLICIT FEEDBACK

To address RQ3, we look into users’ implicit feedback from two
perspectives. On the one hand, we inspect the efficiency of query
formulation by taking click-through and bookmarking as implicit
feedback. On the other, we investigate whether viewport behavior
on the landing page correlates with user-annotated relevance and
how it contributes to relevance feedback.

We assume that users might not understand the key issues of a
query case well if they can not identify a correct Cause, and the
corresponding query would be less helpful. As a result, the existence
and the correctness of Cause in a query significantly impact the
two measures. The query including a correct Cause can contribute
to the highest click-through and bookmarking rate, which is the
most efficient. In contrast, the lack of Cause or the incorrect Cause
leads to a non-trivial drop. The results emphasize the vital role of a
correct Cause in query formulation.
Figure 3: Proportion of click patterns (SkipSkip / ClickSkip
/ SkipClick / ClickClick) under each reformulation type.
Table 6: Differences in implicit feedback w.r.t. queries.
Implicit Feedback
P(click) per query ***
P(bookmark) per query ***

w/o C
0.0943
0.0376

w/o TC
0.0413 †
0.0142 †

w/ TC
0.2040 †‡
0.1068 †‡

“***” indicates the difference is significant at 𝑝 < 0.001 using Kruskal-Wallis Test.
†/‡ indicates the result is significant different from that of “w/o C”/“w/o TC” at
𝑝 < 0.05 by Dunn’s Test (after correction).

5.1

Implicit Feedback for Query Efficiency

First, we look into the query reformulation efficiency with clickthrough as implicit feedback. Following previous work [19], we
inspect four possible click patterns. In detail, SkipClick means that
the user does not click any result in the 𝑖-th query, then reformulates
the query and clicks the results in the (𝑖 + 1)-th query. It indicates
that the query reformulation is effective, while the ClickSkip pattern
suggests that the reformulation does not help. Similarly, the consecutive clicks or skips (i.e., ClickClick or SkipSkip) can be viewed
as an indicator of successful (or failed) searches.
Beyond the reformulation type classified based on terms, we
inspect the modification of Cause and Fact in a query. The query reformulation type is defined based on deleting / adding / substituting
the Cause / Fact terms. Figure 3 shows the proportion of the click
patterns. The reformulation type has a significant influence on the
2 , 𝑝 < 0.001). Looking at the ratio of SkipSkip +
click pattern (𝜒15
ClickSkip, we find the deletion of Cause or Fact indicates lower efficiency than the other types. In particular, deleting Fact terms shows
a higher proportion of SkipSkip, indicating failed searches. When
the user deletes a query term, she might not find proper querying
directions, so the reformulation efficiency is lower. Meanwhile, we
observe adding new terms (Fact or Cause) contributes to a higher
proportion of SkipClick pattern, indicating that users might be unsatisfied with the initial query but the reformulation helps users
to find relevant results. We think that this is due to users might
identify some useful query conditions during the reformulation
process. In general, similar trends can be observed in modifying
Cause and Fact terms.
We further investigate the role of Cause in each query with clickthrough and bookmarking as implicit feedback. In Table 6, a higher
value in each feedback is considered as an indicator of higher query
efficiency. Specifically, bookmarking indicates the usefulness of a
clicked result. Queries are classified into three groups, i.e., the query
without Cause (w/o C), the query including Causes but without
correct Cause (w/o TC), and the query with correct Cause (w/ TC).

5.2

Implicit Feedback for Relevance

Inspired by the application of viewport in mobile search [24, 54],
we inspect how it correlates with relevance in legal case retrieval.
Besides the viewport features calculated on the entire landing page,
we further inspect those of the main sections. As shown in Table 7,
we calculate five viewport features for each section. Among them,
time to first viewport means the time interval from displaying the
landing page to the first appearance of the section in a viewport.
max. viewport time denotes the section’s maximum weighted time
in a merged viewport. time of last viewport denotes the weighted
time in the section’s last merged viewport.
5.2.1 Correlation Analysis. Table 7 presents the Spearman’s rank
correlation between each viewport feature and relevance. Among
the features calculated on the entire page (General), the total viewport time and the number of revisits have significant positive correlations with relevance, while the number of skipped sections
has a significant negative correlation. The longer viewport time
spent on a case document, more revisits, or fewer skips indicate the
higher relevance. Meanwhile, viewport features of certain sections
(i.e., Facts, Holdings, Decision, and End of Document) correlate
with relevance significantly. In the legal domain, Facts, Holdings,
and Decision are usually considered as the core parts of a case
document. As shown in Table 7, users tend to spend more time
on these sections, read slower, and revisit them for more times if
the document is relevant. Especially for the Decision section, we
observe that users might examine it for a longer time before leaving
if relevant. End of Document, as the last part of a document, mainly
contains meta-information, e.g., the collegial panel members, the
date, etc. We explain the correlation by that if the case is relevant,
a user might read through the document patiently till the EoD.
5.2.2 Prediction. We further apply these features to relevance prediction and inspect their roles for relevance feedback. Each group
of viewport features are defined as above, and we combine the
features of General and the last four sections (i.e., F, H, D, and EoD)
since they have some significant correlations with relevance. To
evaluate the effectiveness, we use textual features and a random
classifier as the baselines. The textual features are constructed based
on the standard BM25 scores (implemented by Gensim). Beyond
matching the query case with the whole document, we also calculate the BM25 score based on matching each section. We treat
relevance prediction as a binary classification problem. In detail,
the cases with scores of 1 & 2 are considered irrelevant, and the
others are relevant (irrelevant: 855, relevant: 434). The prediction
is conducted on stratified 10-fold cross-validation and leave-oneuser-out validation. Due to the imbalanced distribution of labels,

Table 7: Spearman’s 𝜌 between the viewport features and case relevance (4-level).
Viewport Feature

General

Viewport Feature

pos. of first viewport
total viewport time
% move up viewport
% move down viewport
# revisit sections
# skipped sections

-0.0064
0.2499***
0.0227
-0.0522
0.2096***
-0.1387***

time to first viewport
total viewport time
max. viewport time
time of last viewport
# revisit
–

PI
0.0813
0.0160
0.0154
-0.0169
0.0368
–

PP
0.0768*
0.0107
0.0015
-0.0260
0.0513
–

Sections
F
H
0.0301
0.2394***
0.1988*** 0.1303***
0.1635*** 0.1291***
-0.0726*
0.0538
0.2282*** 0.1154***
–
–

D
0.2207***
0.2211***
0.2212***
0.1895***
0.1769***
–

EoD
0.2864***
0.0933*
0.0962*
0.1058***
0.0475
–

PI/PP/F/H/D/EoD denotes “Party Information”/“Procedural Posture”/“Facts”/“Holdings”/“Decision”/“End of Document” section in a case document. “*/**/***” indicates the
correlation is significant at 𝑝 < 0.05/0.01/0.001 level (after correction).

Table 8: Performance of relevance prediction.
Feature Group
General (6)
Party Information (5)
Procedural Posture (5)
Facts (5)
Viewport
Holdings (5)
Decision (5)
End of Document (5)
Combined (26)
Document (1)
Text
Sections (6)
Combined (7)
Viewport & Text (33)
Random Classifier

AUC (10-fold)
0.6415
0.5809
0.5616
0.6429
0.6601
0.6635
0.6683
0.7003
0.6585
0.6882
0.6912
0.7453
0.4916

AUC (User)
0.6348
0.5659
0.5502
0.6355
0.6622
0.6683
0.6525
0.6995
0.6361
0.6859
0.6853
0.7402
0.4892

The number in parentheses denotes the dimension of each feature group. “10-fold
/ User” denotes 10-fold cross-validation and leave-one-user-out validation.

we evaluate with AUC. As for the supervised learning methods,
we have trained various classifiers, including logistic regression,
decision tree, random forest, and GBDT. They reveal similar findings when comparing among the different feature groups. Among
them, the random forest achieves the best prediction performance.
Therefore, we mainly analyze the results given by random forest
(implemented by sklearn).
Table 8 reports the prediction performances of corresponding
feature groups. The results verify the effectiveness of viewport
features in relevance feedback. For instance, the viewport features
(Combined) can achieve a significant better performance than the
query-document BM25 (t-test, 𝑝 < 0.05, same as below). The viewport features and textual features are also complementary. Combination of them (Viewport & Text) can outperform each category.
Moreover, utilizing the document structure can benefit relevance
prediction. Compared with viewport features calculated on the entire document (General), combining with those of the last four sections (Combined) can improve the performance significantly. Similarly, as for the textual features, involving the feature of each section
can outperform query-document matching. In particular, viewport
features of different sections achieve different performances. The
prediction results are consistent with those of correlation analysis.
Compared with features of Facts, those of Holdings and Decision
have stronger correlations with relevance and perform better in prediction. Since Holdings and Decision are the judge’s final opinions,
they support generalizing the key issues of the case and therefore
are vital for relevance feedback. The Facts section, which describes
the case circumstances, is also valuable in relevance estimation
while less critical. It also inspires us to think about the definition of

legal relevance, for which the similarity in key issues rather than
in detailed circumstances should be considered primarily.
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CONCLUSION AND FUTURE WORK

In this paper, we focus on investigating user behavior in legal case
retrieval. Centered on three research questions, we conducted a
user study and have obtained several interesting findings. (1) Legal
case retrieval can be characterized as an exploratory search process.
Compared with general web search, users put more search effort,
incorporate domain-specific knowledge, and appear more patient
and careful during the search. (2) Task difficulty has a greater influence on search behavior than domain expertise, especially on
session-level behavior. The effects on search effort and query formulation (Cause-based) are more significant for out-domain users. (3)
According to implicit feedback, utilizing a correct Cause in query
formulation contributes to higher efficiency while deleting Cause or
Fact terms indicates the inefficiency of query reformulation. Viewport behavior on the landing page correlates with relevance and can
be further applied to relevance feedback. Particularly, specific sections (e.g., Holdings and Decision) that indicate key issues should
be emphasized regarding legal case relevance.
Our results have promising implications for the design of related
features in legal search systems, such as task difficulty prediction,
query suggestion, and relevance feedback. Our implications are not
limited to legal case retrieval but also shed light on other similar
search scenarios, e.g., patent retrieval and literature search.
We acknowledge some potential limitations of our study. First,
the laboratory user study still varies from the real search scenario
in some way. Second, the number of users and tasks is limited as in
most user studies, especially those involving domain knowledge or
complex tasks [11, 28, 53]. Third, the document structure inspected
in this paper is typical in the Chinese law system, which might need
to be retrained or adjusted depending on different law systems.
As for future work, a large-scale log analysis or a field study is
promising. Moreover, a further understanding of legal IR relevance
is worth investigating, which will support a series of related tasks,
such as constructing large-scale datasets, enhancing document
ranking, and providing better query suggestions.
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