Investigating Reading Behavior in Fine-grained Relevance
Judgment
Zhijing Wu, Jiaxin Mao, Yiqun Liu∗ , Min Zhang, and Shaoping Ma

Department of Computer Science and Technology, Institute for Artificial Intelligence,
Beijing National Research Center for Information Science and Technology,
Tsinghua University, Beijing 100084, China
wuzhijing.joyce@gmail.com,yiqunliu@tsinghua.edu.cn

ABSTRACT
A better understanding of users’ reading behavior helps improve
many information retrieval (IR) tasks, such as relevance estimation
and document ranking. Existing research has already leveraged eye
movement information to investigate user’s reading process during
document-level relevance judgments and the findings were adopted
to build more effective ranking models. Recently, fine-grained (e.g.,
passage or sentence level) relevance judgments have been paid
much attention to with the requirements in conversational search
and QA systems. However, there is still a lack of thorough investigation on user’s reading behavior during these kinds of interaction
processes. To shed light on this research question, we investigate
how users allocate their attention to passages of a document during the relevance judgment process. With the eye-tracking data
collected in a laboratory study, we show that users pay more attention to the “key” passages which contain key useful information.
Users tend to revisit these key passages several times to accumulate
and verify the gathered information. With both content and user
behavior features, we find that key passages can be predicted with
supervised learning. We believe that this work contributes to better understanding users’ reading behavior and may provide more
explainability for relevance estimation.
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INTRODUCTION

Users’ reading behavior is one of the most important signals for
understanding the information seeking process. A number of studies [1, 3, 5, 12] have investigated the reading behavior patterns
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based on users’ eye movements (i.e., sequences of fixations and saccades). It has been demonstrated that the eye movements are useful
in understanding users’ search process [1], generating implicit feedback for relevance estimation [3] and improving the performance of
machine reading comprehension models [12]. Relevance judgment
is essential for the evaluation of search systems. Most of existing
works focused on the document-level relevance judgment. For example, Li et al. [5] investigated users’ reading behavior patterns
on documents during the relevance judgment process. Based on
the heuristics summarized from these reading behavior patterns,
they further proposed a Reading Inspired Model (RIM), which improved the performance and explainability in the document ranking
task [6]. Nowadays, conversational search and question answering systems become popular and such users’ need usually can be
satisfied by a single passage or even a sentence. To improve performance in these tasks, we need to investigate fine-grained relevance
judgment. However, little is known about the relationship between
the reading behavior and the fine-grained relevance judgment (e.g.,
the passage-level or sentence-level relevance).
As relevant content could be located at any position of a Web
document, we consider that a finer-grained relevance judgment
helps better capture these local relevance signals. Previous work
has attempted to improve ranking performance by introducing
fine-grained relevance signals [2, 8]. Recently, Wu et al. [10] proposed Passage-level Cumulative Gain (PCG), which represents how
useful information accumulates passage by passage when a user
sequentially reads a document. The context-aware PCG avoids the
need to formally split a document into independent passages and
successfully improves the performance of document ranking task.
However, there is a lack of analysis between users’ reading behavior
and passage-level cumulative gain.
In this paper, we investigate users’ reading behavior during
the relevance judgment process at the passage level. When a user
reads a document with an information need, some useful passages
play a key role in the relevance perception process. Therefore, we
analyze users’ reading behavior patterns on these key passages.
Furthermore, we try to utilize the patterns we found to predict
which passages are key ones. Our research questions as follows:
• RQ1: What is the relationship between users’ reading behavior and perceived fine-grained relevance?
• RQ2: Can we predict key passages with user behavior features?
To shed light on these research questions, we use the eye-tracking
dataset 1 collected by Li et al. [5] in a laboratory user study. Then we
1 http://www.thuir.cn/group/~YQLiu/

Table 1: Statistics of our dataset.
#Tasks
14

#Documents
56

#Passages
513

#PCG annotations
1,539

collect annotations of passage-level cumulative gain for documents
in this dataset according to Wu et al. [10]. To answer RQ1, we analyze the distribution and transition of eye movements. Furthermore,
we define key passage prediction as a binary classification task and
demonstrate the effectiveness of features extracted from implicit
and explicit feedback of users.
The remainder of this paper is organized as follows. We review
related work in Section 2. Then in Section 3, we introduce the
dataset we used. Section 4 describes the reading behavior patterns
and the prediction model to address our research questions. In
Section 5, we conclude this paper and suggest directions for future
research of this work.

2

RELATED WORK

There are many existing studies focusing on users’ reading behavior.
Buscher et al. [1] examined the relationship between eye movement
measures and user-perceived relevance. They further showed that
gaze-based feedback is very useful in improving the quality of
Web search. Gwizdka [3] utilized eye movement patterns to better
understand the cognitive processing of text documents at different
degrees of relevance. Zheng et al. [12] investigated how human
reads and allocates their attention during reading comprehension
processes. Based on features extracted from user behavior, they
significantly improved the performance of MRC models. Recently,
Li et al. [6] improved the performance and explainability in the
document ranking task based on users’ reading behavior patterns
summarized by Li et al. [5]. These studies reveal the potential and
wide application of reading behavior.
Fine-grained relevance judgments have also drawn much attention in recent studies. [11] provided a detailed analysis of how
passage-level relevance signals determine the relevance judgment
of the whole document. Wu et al. [10] proposed context-aware
passage-level cumulative gain and demonstrated its effectiveness in
improving the performance of document ranking task. Compared to
these studies, our work focuses on the relationship between users’
reading behavior and fine-grained relevance judgments.

3

DATASET

We use the eye-tracking dataset collected by Li et al. [5] in a laboratory user study, which includes search tasks, documents, eyetracking data, and highlighted text. There are 15 search tasks and 60
documents in this dataset. Participants were required to highlight
the relevant texts and make relevance judgment for documents with
respect to the corresponding search intent. Their eye movements
during reading the documents were recorded by an eye-tracker.
Each document was annotated by 7 or 8 participants.
We further collect annotations of the passage-level cumulative
gain (PCG) for each document according to Wu et al. [10]. We use
a four-grade PCG judgment scale to annotate the PCG labels (0: no
gain, 1: low gain, 2: moderate gain, 3: high gain). PCG labels of a
document d can be described as a sequence Gd = {д1 , д2 , ..., дn },

Table 2: Distributions of document-level cumulative gain
(DLCG) and passage-level cumulative gain (PCG). The Avg.
#P and Avg. #W mean the average number of passages and
words within documents.
Document-level

Passage-level

DLCG

Proportion

Avg. #P

Avg. #W

PCG

Proportion

0
1
2
3

0.214
0.196
0.089
0.500

9.6
7.9
9.0
9.5

466
532
508
464

0
1
2
3

0.402
0.193
0.140
0.265

where n is the number of passages in d and дi denotes the degree of
gain that the user obtains from the first i passages of d. Therefore,
дn denotes the whole-document-level cumulative gain (DLCG) of d.
We regard the i-th passage as a “key” passage if it satisfies дi > дi−1 ,
which indicates that this passage contains key useful information
and users’ perceived gain increases after they read this passage.
Noted that we set д0 to 0. The PCG annotations avoid the problem
of how to aggregate relevance scores of independent passages to
get document-level relevance. In this work, one search task (i.e.,
please find the story introduction of the film “Flirting Scholar”) is
excluded because we find that it’s difficult to annotate the PCG
in this search task. A paragraph is taken as a passage. For each
document, we obtain three PCG sequences from three different
annotators. We use the majority vote of the three annotators as
the final PCG label. Krippendorff’s α [4] for ordinal data is used to
measure the inter-person agreement of PCG annotations, which is
0.844, indicating an almost perfect agreement level.
Statistics of the dataset2 are shown in Table 1. Table 2 shows
the distributions of DLCG and PCG annotations. 50% of documents
in the dataset fully satisfy the information needs (i.e., DLCG = 3).
40.2% of passages contain no useful information, while 26.5% of
passages fully satisfy the information needs of users. In the dataset,
17% of passages are key passages, meaning that users’ perceived
information gain gets increased after reading them.

4 RESULTS
4.1 Analysis on Reading Behavior
To answer RQ1, we analyze the relationship between users’ reading behavior and the passage-level cumulative gain by examining
the fixation distribution and examination sequence. We also analyze users’ explicit feedback (i.e., highlighting behavior) to better
understand the relationship.
4.1.1 Fixation Distribution. Based on the eye-tracking data, we
analyze users’ eye fixations, during which users’ eyes land on an
object and remain relatively stationary for a brief period of time. The
number and duration of fixations have been regarded as effective
implicit feedback for improving document ranking. We calculate
the average number and duration of fixations on each word within
the non-key and key passages, respectively. Their distributions are
shown in Figure 1. In non-key passages, there is 0.18 fixation on
each word on average. The total fixation duration per word is 55.4
milliseconds. In key passages, the average number of fixations is
2 The PCG labels for this dataset is now available at http://www.thuir.cn/group/~YQLiu/
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Figure 2: Distributions of reading transitions among passages with different PCG labels.
0.23 and the duration is 77.5 milliseconds. An independent twotailed t-test is performed to detect the significance of differences
between non-key and key passages and shows that their differences
are both statistically significant. The above observations illustrate
that key passages attract more attention from users during the
relevance judgment process. Users obtain useful information by
reading these passages and their perceived gain gets increased.
4.1.2 Examination Sequence. To further understand the temporal
sequence of users’ reading behavior, We analyze the fixation transitions among passages. We divide the transition behavior into three
categories according to McDonald and Shillcock [7]: 1) Forward:
users’ fixations go to the next passage; 2) Regression: users’ fixations go to the previous passages 3) Skip: users skip some passages
and read posterior passages. Figure 2 shows the distributions of
reading transitions. For example, “0.578” in the figure means that
after users read the no-gain passages (i.e., PCG=0), 57.8% of the
transitions are forward transition. We observe that when the information need is not fully satisfied (i.e., PCG<3), users tend to
continue reading new passages to accumulate more useful information. As the cumulative gain increases, users may want to verify
the gathered information, so they revisit previous passages more
frequently. When they get enough useful information (i.e., PCG=3),
28.2% of the fixation transitions are regression transition.
We further analyze the transition behavior with key passages.
We calculate the proportion of key passages in passages which are
skipped by users, and in passages which are examined by users
through forward, jump, and regression reading. The results are
shown in Figure 4. For example, “0.844” in the figure means that
during the reading process, 84.4% of the passages skipped by users
are non-key passages. We find that the proportion of key passages
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Figure 3: The average number and proportion of highlighted
Chinese characters in non-key (is_key=0) and key (is_key=1)
passages. The differences between the non-key and key passages are statistically significant at p < 0.01 (two-tailed t-test)
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Figure 1: The average number of fixations and fixation duration on each word within non-key (is_key=0) and key
(is_key=1) passages. The differences between the non-key
and key passages are statistically significant at p < 0.01, using two-tailed t-test.
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Figure 4: Distributions of key passages in passages skipped
by users, and in passages examined by users through forward, jump, and regression reading.
(i.e., 15.6%) in skipped passages is slightly lower than that in the
document (i.e., 17%). However, the proportions of key passages in
examined passages are all higher than 17%. During the reading
process, key passages are revisited more times than skipped. We
explain that why users revisit key passages more frequently than
non-key passage is to verify the useful information.
4.1.3 Highlighting Behavior. In our dataset, after participants made
the relevance judgment in the lab study of, they were asked to highlight the relevant parts of text that were helpful for the search task.
To understand the relationship between users’ explicit feedback of
relevant parts and key passages, we compare the average number
and proportion of highlighted Chinese characters in non-key and
key passages, as shown in Figure 3. In the non-key passages, users
highlighted 13.8 characters as relevant text on average, which are
16.8% of all characters. In the key passages, the average number of
highlighted characters is 45.9 and the proportion is 39.8%, which
is higher than that in non-key passages. The differences between
non-key and key passages are both statistically significant using an
independent two-tailed t-test. It shows that users find more useful
information in key passages.
4.1.4 Summary. In this section, we investigate the relationship between users’ reading behavior and fine-grained relevance judgment.
To answer RQ1, our findings are as follows: 1) Users pay more attention to and highlight more relevant text in the key passages,
which contain key useful information; 2) Users tend to continue
reading new passages to accumulate more useful information when
they are not fully satisfied; 3) Users choose to revisit key passages
frequently to accumulate and verify the gathered information.
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Figure 5: The ROC curve (left) and precision-recall curve (right) of key passage prediction results.

4.2

Key Passage Prediction

Since key passages play a key role during the relevance judgment
process, we further try to predict key passages with both content
and user behavior. We define the prediction task as a binary classification task and use the AUC of the ROC curve and precision-recall
curve to evaluate the performance.
Three groups of features are used for the prediction: content,
eye-tracking and highlighting. For content features, we extract
eight features for each passage according to Qin and Liu [9], including the number of words in the passage, the average TF, IDF,
and TF*IDF values of query terms in the passage, scores of BM25
and three language models. We further use the eight-dimensional
vector to represent each passage using the bag-of-words model
and calculate the cosine similarity between pi and p j (1 ≤ j < i).
For the prediction of i-th passage pi , the input content features include the eight features extracted from Pi , as well as the maximum,
minimum and mean values of the eight features extracted from
the similarity between the i-th passage and the first i − 1 passages.
The eye-tracking features include the number of fixations, fixation
duration, and the proportions of the three types of transitions in the
reading process. The highlighting features include the number and
proportion of highlighted Chinese characters within the passage.
We use Gradient Boosting Classifier and perform 5-fold crossvalidation for the prediction task. Results are shown in Figure 5. We
observe that all of the three groups of features are useful for the key
passage prediction. Combining all the features further improves
the performance. With both content and user behavior features,
the AUC scores of the ROC and precision-recall curve reach 0.821
and 0.516, respectively. Even only using the content features, the
prediction model achieves a ROC-AUC score of 0.752. It shows that
key passages can be predicted with supervised learning.

5

CONCLUSION

In this paper, we mainly investigate users’ reading behavior during the relevance judgment process and link the behavior to finegrained relevance. We find that key passages that contain key useful
information attract more user attention. When the information need
is not fully satisfied, users tend to continue reading new passages.
During the whole reading process, users revisit key passages more
frequently than skip to accumulate and verify the gathered information. We further show that key passages can be predicted with the
content and user behavior features. Our work is the first research

to analyze the relationship between reading behavior and contextaware fine-grained relevance judgments. As for future work, we
would like to investigate users’ reading behavior when they are
seeking useful information for a search task among multiple retrieved documents. We also plan to study the relationship between
the passage-level feedback and some implicit feedbacks such as
mouse scrolling, mouse movement, or viewport features. We believe that a deeper understanding of the passage-level feedback can
further help improve the relevance estimation.
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