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ABSTRACT
Mobile devices are becoming an important platform for reading. 
However, existing research on mobile reading primarily focuses 
on low-level metrics such as speed and comprehension. For 
complex reading tasks involving information seeking and context 
switching, researchers still rely on verbal reports via think-aloud. 
We present StrategicReading, an intelligent reading system 
running on unmodified smartphones, to understand high-level 
strategic reading behaviors on mobile devices. StrategicReading 
leverages multimodal behavior sensing and takes advantage of 
signals from camera-based gaze sensing, kinematic scrolling 
patterns, and cross-page behavior changes. Through a 40-
participant study, we found that gaze patterns, muscle stiffness 
signals, and reading paths captured by StrategicReading can 
infer both users' reading strategies and reading performance 
with high accuracy.  

CCS CONCEPTS 
• Human-centered computing • Ubiquitous and mobile 
computing • Ubiquitous and mobile computing systems and tools 

KEYWORDS
Smartphone reading, online reading strategies, mobile 
computing; gaze tracking; educational technology; intelligent 
user interfaces 

1 Introduction 
Smartphones are becoming a primary platform for text reading. 
Their portability, connectivity, and ease of use are particularly 
attractive among adolescents and college students [54]. Mobile 
reading is also transforming education by serving rich learning 
materials [22] and enabling personalized reading [24, 50]. As a 
result, it is crucial for both researchers and practitioners to 
understand mobile reading activities in a scalable manner. 

Traditional low-level metrics for reading, such as click-through-
rate (CTR), dwell time, and reading speed are insufficient for 
understanding complex reading behaviors on today’s 
smartphones. For example, when investigating a controversial 
problem such as “mountaintop removal coal mining”, a reader 
may locate several web pages and documents across multiple 
apps on her phone, evaluate their relevance and credibility, and 
synthesize them into a meaningful understanding [3, 5, 12, 17]. 
Different from reading text messages, the reader often adopts 
complex reading strategies such as information location, 
meaning-making, source evaluation, and self-monitoring [13, 14]. 
Existing research [12, 17, 34] show that the intensive and 
extensive use of these strategies have a significant impact on 
both information comprehension and critical learning. 1 

Unfortunately, existing studies [12, 15] on strategic reading 
behaviors rely heavily on reader-generated verbal protocols. 
Despite its popularity, the think-aloud protocol is intrusive [12], 
less consistent [21], and time-consuming to use. To address these 
challenges, we present StrategicReading, an intelligent reading 
system running on unmodified smartphones, to provide 
information on high-level strategic behaviors in mobile reading. 
StrategicReading leverages three behavior sensing modalities to 
understand complex mobile reading processes. First, 
StrategicReading tracks the periodic lateral patterns of readers’ 
gaze movements [26] via the front camera: Such lateral 
movements can serve as a robust signal on reading progresses. 
Second, StrategicReading observes readers’ text scrolling 
operations and infers their muscle stiffness via a Mass-Spring-
Damper (MSD) based kinematic model. Last, StrategicReading 
monitors cross-page reading activities by logging the searching 
and clicking history. This paper offers three major contributions:  

• The design, implementation, and evaluation of 
StrategicReading, a lightweight intelligent reading system, 
for the automatic analysis of readers’ complex reading 
behaviors on unmodified smartphones;  

• A direct comparison of three modalities (eye-tracking, 
scrolling, and logging) in understanding the range of 
reading processes involved in open-ended and authentic 
mobile reading activities;  

                                                             
1  This research was in-part conducted when WG, BC, and JW were at the 
University of Pittsburgh. 
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• In a 40-participant study, we show the feasibility of 
predicting readers' strategic reading processes and reading 
performance with high accuracy.  

2 Related Work 
Reading strategies are developmental in nature, and readers 
practice them until the fluency is achieved [1, 2, 3, 40]. Reading 
strategies can be formulated into systematic types of processes, 
such as prior knowledge use, inferential reasoning, self-
regulation, and affective variables related to efficacy and 
motivation [15].  

Research on internet-based online reading strategies started in 
early 90s [8, 33, 41, 46]. Coiro and Dobler [15] discovered that 
the adoption of different strategies in reading can be influenced 
by content visualization, content quality, and supportive
functions of online reading. Later, Afflerbach and Cho [1, 12]
suggested a conceptual framework with four core processes, i.e.
a) information location; b) meaning-making; c) source 
evaluation; and d) self-monitoring. 

Researchers have adopted various methods to investigate
reading strategies [1], including verbal reporting and protocol 
analysis, eye-tracking, observations of explicit reader behaviors 
(e.g., finger pointing, mouse pointer moves), and self-reports. 
Verbal protocol analysis, i.e., the examination of spoken records 
of readers’ thinking and behavior, is the most widely adopted 
method to study online reading strategies [5, 12, 15, 16, 17]. The 
popularity of verbal protocol analysis [19, 20, 42] comes from its 
possibility of “getting inside the minds of readers” [43], 
uncovering potential cognitive processes [49], and its 
methodological maturity [18].  

With the development of technologies, behavior tracking 
techniques such as eye-tracking and mouse pointer logging are 
also on the rise. Basic visual gaze features, such as fixation and 
saccade, are frequently used to interpret reading processes. For 
example, the E-Z reader model [45] attempted to explain the 
lexical-level fixation duration and the sentence-level basic visual 
features with cognitive processes. Rayner [44] gave a detailed 
summary regarding the initial attempts on the relationship 
between basic visual features and cognitive processes of reading.  

In recent years, researchers also explored the use of basic visual 
features to understand the high-level reading strategies, 
especially source evaluation among multiple reading sources [9, 
48]. For example, Braasch et al. [9] reported that readers spend 
longer gaze duration and gave more source recall when reading
discrepant stories than reading consistent stories. Salmeron et al.
[48] studied the correlation between readers’ basic gaze features 
and source-related Areas-of-Interest (AOIs).  

There are at least three major differences in the use of gaze 
tracking between StrategicReading and existing research.  First, 
StrategicReading investigates multiple aspects of high-level 
reading strategies and relationships between strategies and users’ 
reading performance; Second, StrategicReading focuses on 

understanding open-ended 2  and authentic reading (processing 
multiple sources with no restrictions on the sites the readers
visited) rather than reading in controlled lab environments
(reading with a finite set of mock-up webpages); Third, 
StrategicReading runs on an unmodified smartphone and is 
practical for large scale studies in the wild. 

As the primary modality on smartphones, touch based 
interactions have been used for enhanced interactions [23, 28], 
authentications [7, 37], and understanding low-level reading 
behaviors [26]. StrategicReading further explores the use of 
touch signals in the context of understanding higher-level 
reading strategies. StrategicReading also extends existing 
research on application logs [53] by combining multiple rich 
modalities on today’s smartphones to understand users’ 
strategies for open-ended reading. 

3 Design of StrategicReading 
We designed, implemented, and evaluated StrategicReading
(Figure 1), a multimodal intelligent reading system that 
automates the detection and evaluation of users’ reading 
strategies on unmodified smartphones. StrategicReading embeds 
a search engine to support open-ended, multi-document mobile 
reading. The primary workflow of StrategicReading includes
three types of interfaces: the search engine, the search results, 
and the actual document reading interface. 

Figure 1. The primary interface of StrategicReading
(portrait mode). Left to Right: a) The search engine page, b) 
the result page of a search query; and c) reading page. 

StrategicReading explores the following research questions on 
mobile reading via multimodal behavior sensing (Figure 2):   

Q1. Can we accurately predict users’ reading strategies from their
implicit reading behaviors? 

Q2. What are the impacts of users’ reading behaviors and 
reading strategies on their reading performance?  

To answer these questions, we first introduce a framework to 
rigorously define the type and scope of online reading strategies 
(Section 3.1); Then we explain the architecture and major 

2 Open-ended reading refers to reading activities under unconstrained information 
space, open to diverse responses with no restriction regarding reading processes. 
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components in StrategicReading, especially the working 
mechanisms of its three behavior sensing modalities (Section 
3.2).  

3.1 Definition of Strategic Reading Behaviors 

Figure 2. Major components of StrategicReading. 

Our definition of strategic reading behaviors builds on the 
reading strategies framework examined by Cho et al. [12] for
internet-based online reading. In the original framework, online 
reading strategies on desktop computers include four steps: 
information location, meaning-making, source evaluation, and 
self-monitoring. Information location is the core strategy for 
users to navigate to the information. During this process, users 
apply meaningful search terms to conduct the searches. Among 
the search results, users select relevant links and reject irrelevant 
ones.  Meaning-making is the information-comprehension 
process. Given the contents, users comprehend important 
information within each link or page, as well as build 
intertextual relationships among the acquired information and 
elaborating a meta-level understanding of the overall concept. 
Source evaluation is the strategic process that helps users filter 
out irrelevant and unreliable content to increase the efficiency of 
online reading. During this process, users determine the 
reliability of a source and the source's significance to investigate 
the issue. Users also progress and link the relevant sources to 
their reading needs. Self-monitoring is a metacognitive strategy 
that helps users adjust and refine their understanding of the 
concept by interacting with online content. The self-monitoring 
process includes the gradual changes within each of the other 
three strategic processes. These strategies have been confirmed
by various online reading tasks on desktop computers [12].

Table 1. Three strategic processes in StrategicReading. 

 
Given the similarity of desktop and smartphone online reading, 
StrategicReading inherits and extends this framework. However, 

we exclude the self-monitoring process because it is performed at 
a metacognitive level. A metacognitive level process is hard to 
materialize and can be primarily represented by the other three 
strategic processes. As shown in Table 1, in this research, 
StrategicReading investigates the first three processes with two 
sub-level processes each. 

3.2 Sensing Modalities in StrategicReading
StrategicReading keeps track of users’ mobile reading behaviors 
implicitly from three modalities: a) gaze movements; b) scrolling 
actions; and c) logging paths during reading.  

Figure 2 shows the relationships across major components of 
StrategicReading, reading strategies under investigation, and the 
motivating research questions.  

3.2.1 Gaze movements. Instead of using dedicated eye trackers, 
StrategicReading leveraged the front camera in today’s 
smartphone and camera-based gaze tracking to track users’ gaze 
movements implicitly. We choose this approach for its low cost 
and high availability. Considering the low-resolution and low 
signal noise ratio (SNR) in camera-based gaze tracking, 
StrategicReading does not use traditional low-level gaze features 
such as fixations and saccades. Instead, we adopted the periodic 
lateral pattern-based gaze features [26] to improve the 
robustness of gaze tracking. The idea is – instead of trying to 
determine the exact location of eye gaze on screen, our gaze 
tracking component infers the line-by-line “zig-zag” sweeping 
patterns of eye gaze when reading on a smartphone in portrait 
mode. Our empirical experiences show that this approach is 
more robust to change in illumination conditions and reading 
postures. More importantly, such periodic lateral movement 
patterns can be extracted without per user calibrations.  

The gaze tracking component is capable of generating raw gaze 
estimates at the speed of 20 frames per second on a Google 
Nexus 5X smartphone. It uses Qualcomm Snapdragon SDK for 
speed optimization and extracting the raw gaze locations from 
each image frame. StrategicReading aggregates raw gaze 
locations in one screen into a raw gaze trajectory and extracts 
the lateral gaze movement patterns via the following four steps: 
1) Preprocessing: interpolating, scaling and detrending the 
aggregated gaze locations and then filtering the pattern via an 
Infinite Impulse Response (IIR) low-pass filter  at a cutoff 
frequency of 2.5 HZ; 2) Selecting inflexions: using the LivePulse 
algorithm [27] to select inflexions from local minimums and 
maximums in the preprocessed gaze trajectory; 3) 
Postprocessing: merging consecutive short patterns caused by 
noise and same line re-read; 4) Feature extraction: we extract 14 
features [26] including number of patterns detected (PR), 
standard deviation of gazes movements on horizontal direction 
(STDX) and vertical direction (STDY), the square root of mean 
squared adjacent pattern lengths’ differences (rMSLL) and 
durations’ differences (rMSLD), mean absolute deviation of 
predicted pattern lengths (M1ADLL), pattern durations 
(M1ADLD) and pattern mean vertical positions (M1ADLY), 
median absolute deviation of predicted pattern lengths (MADLL), 
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pattern durations (MADLD) and pattern mean vertical positions 
(MADLY), standard deviation of pattern lengths (STDLL), pattern 
durations (STDLD), and pattern mean horizontal positions 
(STDLY). StrategicReading uses relative positions in feature 
extraction to improve the robustness of features across different 
screen sizes and screen resolutions. 

3.2.2 Scrolling actions. StrategicReading leverages a user’s 
screen scrolling activities in reading to further understand 
reading behaviors.  Guo and Wang [26] show that the kinematic 
patterns in scrolling are correlated with the stiffness of muscle 
groups in the fingers and forearms of a user during reading. 
Such kinematic features can be used to predict the user’s 
comprehension and reading engagement reliably [26]. This 
research extends the use of kinematic scrolling features in open-
ended multi-document reading tasks and explores the feasibility 
of understanding users’ reading strategies from implicit 
multimodal behavior sensing.   

Similar to [26], StrategicReading uses a Mass-Spring-Damper 
(MSD) model to extract kinematic scrolling patterns during 
reading. This method treats a user's arm and finger(s) together as 
a mass ( ) attached to the user's muscles represented as a spring 
component with spring constant  and a damper with damping 
coefficient . When the user scrolls the screen in reading, the 
scrolling forces are determined by their muscle stiffness: the 
mass oscillates at a rate correlated to the tension of the spring 
with the damping frequency ; And the oscillation decays 
exponentially based on the friction of the damper with the 
damping ratio . The damping frequency  and damping ratio  

follow the rule:  and . 

The MSD model uses the forces of arm and finger(s) as the input, 
to predict the changes of scrolling paths. However, the 
observations in our study are the trajectories of users’ scrolling. 
We used the linear predictive coding (LPC) to invert MSD 
model's input (muscle stiffness with characters  and ) and 
output (scrolling trajectories). LPC predicts coordinates of 
scrolling in future time frames with scrolling coordinates in 
historical frames:  where  is the predicted 
signal value,  is a previously observed value at the -th 
order,  is the predictor coefficient at , and  is the order of the 
predictors. In this process, we used the observed  and  to 
calculate the coefficient . Considering  as the changes along a 
scrolling dimension, then the calculated coefficient  can reveal 

the MSD model characters:  and , where  is 

the complex root of . 

StrategicReading recorded 5 dimensions of raw features, i.e., 
movements on horizontal (X) and vertical (Y) axes, scrolling 
touch-pressure (P), touch-size (S), and touch orientation ratio (R), 
from each scrolling. StrategicReading then calculates two 
dimensions of MSD features from each dimension of raw feature, 
leading to 10 dimensions of MSD features in total. MSD features 
from multiple scrolls are aggregated together using descriptive 
statistics as [26].  

Different from [26], StrategicReading supports unrestricted, 
multipage online reading. Both gaze and scrolling features were 
aggregated using descriptive statistics across all pages3. 

3.2.3 Logging Paths. StrategicReading keeps track of the time 
stamp, type, and value of crucial reading activities during open-
ended reading on mobile devices. Crucial reading activities 
include keyword search, selecting a specific link in search results 
to visit, and reading the document in the link. Values of crucial 
reading activities include keywords used, URLs in search results.   

StrategicReading derives two frequency features and two 
temporal features from activities logs. The two frequency 
features are: 1) the number of domains visited by a user (# 
domains visited); and 2) the number of search terms generated 
by a user (# search terms used). The two temporal features 
include: 1) the distribution of time between searching and 
reading; and 2) the distribution of time among documents/web 
pages with different reliability levels. Time distribution is 
indicated by the reading duration, and energy distribution is 
indicated by the number of pages visited.   

Searching vs. reading. The users’ energy and time allocation 
between searching and reading reveals how efficient a user can 
navigate to useful information. Energy and time allocations are 

calculated as  , . 

Reliability levels. We started with grouping domains into two 
reliability levels: (1) “.edu” and “.gov” as reliable sources and (2)  
“.org”, “.com”, and others as unreliable sources. 

4 Experimental Design 
We conducted a multi-day user study to evaluate the 
effectiveness of StrategicReading and to answer the two research 
questions regarding reading strategies in section 3.    

We adopted the protocol and workflow of online question-
generation reading tasks [12]. Such tasks are designed to 
facilitate users’ text comprehension and critical thinking while 
encouraging readers to be active in strategic processing. During 
the experiment, participants were asked to create critical 
questions on a controversial topic based on the information and 
knowledge gained from the online sources with no restrictions 
on the information source, type, and how participants acquired 
such information source. We chose "MountainTop Removal 
(MTR) coal mining" [12] in the experiment because the existing 
tasks and measures of this topic had been proven to be useful 
when evaluating online strategic processes for young adults. 

4.1 Participants and Apparatus 
Forty users (11 males) between 18 and 25 years old (μ=18.68, 
σ=1.23) participated in this study. The participants were 
freshmen and sophomores in a local university. We ensured the 
                                                             
3 The aggregations among pages with different purpose (search vs. read) and 
different reliability level had been tried as well. No significant findings. 
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diversity of academic backgrounds by recruiting participants 
from different majors, including science, engineering, business, 
linguistics, and medical.  

StrategicReading runs on a Google Nexus 5X smartphone with a 
5-inch, 1920x1080 pixel display in portrait mode in the study. 
StrategicReading used the Google search engine to support 
open-ended document discovery and reading. 

4.2 Procedure 
The study consisted of 6 sessions in two days. The total duration 
is two hours.  

Session 1 (pre-test): Participants completed a 30-minute survey 
and pre-test on background knowledge related to MTR coal 
mining.  

After completing session 1, participants waited for at least one 
week to revisit our lab and complete follow-up sessions. This 
protocol intended to reduce the carry-on effects. It takes 
approximately 1.5 hours to complete session 2 to session 5 
during the revisit.  

Session 2 (training): Participants attended a training session 
where they familiarized themselves with StrategicReading. The 
training session also covers the question generation task and the 
characteristics of high-quality questions through examples and 
discussions.  

Session 3 (open-ended reading): Participants completed the 
online reading task by using StrategicReading. The duration of 
this session is around 20 minutes based on results in a pilot 
study, taking into account tradeoffs among the reading depth, 
the coverage of reading, and fatigue. Participants’ reading 
activities during this session were video recorded and they were 
not allowed to write.  

Session 4 (post-test): Participants repeated the assessment in 
session 1, measuring the amount of topic knowledge they 
acquired from their online reading.  

Session 5 (question generation): Participants generated and wrote 
up a critical question regarding the topic. Participants were not 
allowed to revisit the articles they read during this session. 

Session 6 (verbal report): Participants reviewed the in-session 
recorded videos and gave retrospective verbal reports of their 
moment-to-moment reading processes. 

4.3 Data Collection 
4.3.1 Behavior Sensing Features. We collected reading 

behaviors from three modalities: period pattern-based gaze 
features (Section 3.2.1), MSD model-based scrolling features 
(Section 3.2.2), and log features (Section 3.2.3).  

4.3.2 Strategic Processes. We used retrospective verbal reports 
to segment major strategic processes in reading and to collect 
the ground truth labels. Processes were coded with three 
primary strategic processes (information location, meaning 

making, source evaluation) and 6 sub-strategies (s1-s6): see Table 
1.  

We chose retrospective reports [36] over concurrent verbal 
reports for two reasons according to existing research [32][52]: 
1) retrospective protocols prevent the data collection from 
disrupting participants’ reading processes; and 2) the 
retrospective observation of strategic process through verbal 
reporting provide similarly valuable information in consistent 
with the concurrent collection of verbal reports. 

During data analysis, a trained lab conductor annotated 
indicators of each sub-level process following a predefined rubric 
[12]. We used the cumulated number of sentences indicating 
each sub-level process as its grade. Sample ratings were 
reviewed by domain experts and ensured to be consistent with 
experts’ ratings. Inter-rater reliability achieved 100% agreement 
after inconsistency resolutions.  

4.3.3 Reading Performance. We used two metrics to quantify 
the performance of reading: 1) growth of user’s topic knowledge; 
and 2) the quality of the user's generated question.  

The growth of users' topic knowledge measures the knowledge 
gain before and after the reading task. Topic-knowledge 
assessments were administered before and after users' online 
reading tasks (session 1 and session 4). The questionnaire 
included 10 multiple-choice items, 10 true-or-false items, and 5 
short-answer questions. These questions covered 1) general 
information; 2) in-depth knowledge; and 3) critical thinking on 
the topic.  

The quality of the user's generated question was determined by a 
trained lab conductor. They graded the critical questions 
generated by participants in three dimensions: validity, relevance, 
and significance. Each dimension had four quality levels: lacking 
(0), partial (1), adequate (2), and complete (3). The total score 
ranged from 0 to 9. To ensure the grading quality and accuracy, 
we also recruited domain experts to train graders and review the 
grading samples. Inter-rater reliability also reached 100% 
agreement after inconsistency resolutions. 

4.4 Analysis 
We leveraged forward-stepwise features selection and 
correlation coefficients to investigate the relationships among 
behavior features, strategic processes, and reading performance. 
We used R2 values and root mean square error (RMSE) to 
evaluate the model’s performance in predicting the strategic 
processes and reading performance. We used leave-one-subject-
out cross validation to assess our model’s performance in a user-
independent setting. 

5 Experimental Results 
37 participants completed all tasks in the experiment. Figure 3 
shows the time allocation of between search and reading by 
participants. Figure 4 shows the ground truth indicators of sub-
level strategic process. 
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Figure 3. The time allocation (y-axis) between search 
(green) and reading (red) by participants (x-axis). 

 
Figure 4. Overview of participants’ reading performance 
by reading strategies. Each curve represents one 
participant.  Grades are normalized within each 
participant (Top) and across each strategy (Bottom). 

5.1 Predicting reading strategies (Q1)
We directly compared the contribution of three reading 
modalities to the prediction of reading strategies. Major findings
include:  

5.1.1 Gaze Features vs. Within-Textual Meaning-Making (s3) 
and Topic Relevance Source Evaluation (s5). All the 9 dimensions 
of gaze features had a significant impact on s3. The number of 
detected zig-zag gaze moments (PR), i.e., total number of lines 
read, were positively correlated with the time spent in s3 (r=0.59, 
p<0.001). We also found that consistency in reading speed is a 
positive indicator of s3. Pieces of evidence include:  the square 
root of the mean squared adjacent pattern durations’ differences 
(rMSLD) had the correlation coefficient -0.54 (p<0.001), mean 
absolute deviation of predicted pattern durations (M1ADLD) had 
correlation coefficient -0.52 (p<0.01), and the standard deviation 
of pattern duration (STDLD) with correlation coefficient -0.54 
(p<0.001).  

We observe that gaze channel features and topic relevance 
source evaluation (s5) might have relationship. The number of 
detected zig-zag gaze period patterns (PR) had a correlation 
coefficient of 0.37 (p<0.05). Features related to the variance of 
time spent per line were negatively correlated with s5: the 
square root of the mean squared adjacent pattern durations’ 
differences (rMSLD) had the correlation coefficient -0.35 
(p<0.05), mean absolute deviation of predicted pattern durations 
(M1ADLD) had correlation coefficient -0.35 (p<0.05), and 
standard deviation of pattern duration (STDLD) with correlation 
coefficient -0.35 (p<0.05).  

5.1.2 Scrolling Features vs. Within-Textual Meaning-Making 
(s3). We observed that scrolling pressures and touch-size were 
highly correlated with within-textual meaning-making (s3): 
relaxed muscle stiffness during scrolling are positively correlated 
with the percentage of within-textual meaning-making (s3). 
Here the decreased muscle damping frequencies of pressure 
( ), touch-size ( ), and touch-ratio ( ) were caused by 
muscle relaxation. The mean and median of the damping 
frequency of pressure ( ) had the correlation coefficients -0.43 
(p<0.01) and -0.51 (p<0.01) with s3.  

Scrolling features were also significantly correlated with some 
strategic processes s2, s4, and s6. We observed that the stable 
scrolling muscle frequencies on horizontal directions ( ) 
indicated more use of cross-textual comprehension (s4). The 
standard deviation and variance of  both had the correlation 
coefficient -0.34 (p<0.05) with cross-textual comprehension. We 
also observed that the increased number of scrolls led to more 
linking selection (s2) and source reliability checking (s6), where 
the correlation coefficients were 0.33 (p<0.05) and 0.39 (p<0.05). 

5.1.3 Log Features vs. Different Strategic Processes. Being
consistent with the theory of information-locating processes (s1 
and s2), the use of search terms (s1) and the selection of 
hyperlinks (s2) could be accurately predicted by two log features: 
searched terms (r=0.79, p<0.001) and domains visited (r=0.43, 
p<0.001).  

The user's cross-textual comprehension (s4) was reflected by 
using more search terms (r=0.37, p<0.05). And users' source 
reliability checking (s6) was positively correlated with the 
number of domains the users visited (r=0.5, p<0.01).  

Table 2. RMSE and R2 of reading strategies for baseline 
and additional modalities - gaze (GF), scroll (SF), log (LF). 

5.1.4 Predicting reading strategies. We used a forward-
stepwise feature selection method to identify significant features 
from different behavior modalities and used linear models to 

s1 s2 s3 s4 s5 s6
Baseline 2.28 2.09 6.61 3.7 2.09 2.98

GF 2.30(0.23) 1.85(0.41) 4.58(0.64) 3.90(0.17) 2.17(0.19) 3.18(0.15)
SF 2.53(0.32) 1.98(0.50) 6.42(0.48) 3.48(0.51) 2.38(0.28) 2.77(0.52)
LF 1.44(0.62) 1.93(0.19) 6.79(0.00) 3.54(0.14) 2.15(0.01) 2.58(0.29)

GF+SF 2.36(0.58) 2.03(0.63) 3.69(0.88) 3.41(0.67) 2.27(0.54) 2.83(0.65)
GF+LF 1.28(0.78) 1.87(0.44) 4.37(0.70) 3.51(0.38) 2.25(0.20) 2.83(0.38)
SF+LF 1.54(0.77) 1.98(0.55) 6.58(0.50) 3.11(0.65) 2.27(0.41) 2.72(0.58)

GF+SF+LF 1.20(0.91) 2.18(0.64) 3.79(0.89) 2.50(0.85) 2.21(0.63) 2.95(0.67)
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predict different strategies. The different linear models utilizing 
different channel features were evaluated by the RMSE and R2

values (Table 2). To compare the performance of predicting 
strategic processes, we setup a baseline method4 and compared it 
with outputs of our linear models.  

To compare the performance of predicting strategic processes, 
we setup a baseline method and compared it with our feature-
based predictions. The baseline method simply used the average 
grade of all users on a strategy to represent each user’s strategy 
grade. Table 3 shows the user-independent generalizability of 
our models via leave-one-subject-out cross validation.

Table 3. RMSE and R2 in cross validation for baseline and 
additional modalities - gaze (GF), scroll (SF), log (LF). 

Including three modalities of behavior features could 
significantly improve the performance of strategic process 
prediction. The RMSE for strategic processes decreased by 
17.79% on average. The three behavior modalities were 
particularly effective in facilitating the prediction of search term 
information location (s1) and within-textual comprehension 
meaning-making (s3) by reducing the corresponding RMSE by at 
least 30%. 

Both the gaze modality and the logging path were particularly 
informative in improving the prediction accuracy of reading 
strategies. By comparison, the scrolling modality was less helpful
in improving the prediction of reading strategies. This result 
implies that the scrolling modality primarily captures in page 
reading patterns rather than reading strategies. We further 
explored how higher-level scrolling habits affected reading 
strategies and performance (Section 5.3). 

5.2 Predicting reading performance (Q2) 
One important motivation for understanding users' strategic 
processes was to better predict the users' performance in open-
ended reading (i.e., what the reader learned from reading) and, 
ultimately, to use the prediction results to improve their learning 
by reading online. Therefore, whether StrategicReading could 
accurately predict the users' reading performance was critical 
and important. We adopted two important metrics to quantify
the performance of open-ended reading: 1) users’ information 
gain (IG), and 2) the quality of their critical questions (CQ). We
used RMSE and R2 to evaluate the quality of predicting reading 
performance. 

We also compared the prediction power of reading performance 
in three machine learning models - 1) A linear model with 

4 The baseline method did not have R2 value because the grade had no variance 
among users. 

forward-stepwise features selection; 2) support vector regression 
(SVR); and 3) regression tree models based on features from both
behavior modalities and strategic processes.  

Figure 5. Predicting reading performance (CQ). Left figure: 
R2 values, right figure: RMSEs. 
The behavior features were consistently better than strategic 
processes in predicting IG and CQ with all models (Figure 5). For 
example IG with R2 0.87 vs. 0.65, RMSE 0.08 vs. 0.13 (-40% in 
RMSE) and CQ with R2 0.83 vs. 0.69, RMSE 0.16 vs. 0.22 (-26% in 
RMSE). The worse performance of strategic process features 
might be caused by the intrinsic limitations of verbal reports 
such as consistency and intrusiveness [32]. If this was the case,
our behavior features could be considered as a robust
substitution for predicting the performance of open-ended 
reading.  

5.3  Additional findings 
5.3.1 Searching vs. Reading. How a user allocates his/her 

limited energy and time (Figure 3) in searching vs. reading might 
be an indicator of their competency in online reading strategy 
use. We conducted the follow-up analysis to identify shared 
patterns among “good readers”.  

By investigating the correlation with reading strategies and 
reading performance, we found the application of search terms 
(s1) could be linearly revealed by such distribution. Both the 
energy allocation (r2=0.37, p<0.05) and time allocation (r2=0.65, 
p<0.001) were significantly correlated with the usage of search 
terms (s1).  

5.3.2 Domain Reliability Levels. In addition to the allocation of 
time and energy between searching and reading, how users 
allocate their time on web-pages of different qualities may also 
be an indicator of their levels of reading strategy and 
performance. Therefore, we investigated users’ reading patterns
across different web sources of different reliability levels. We 
used the distribution of pages visited per each quality level5 as 
additional features to predict the users' strategic processes and 
their reading outcomes.  

Users’ energy spent on reliable sources positively correlated with 
their application of the source reliability checking (s6) strategy. 
The more a user performed the reliability checking, the more the
user read from reliable sources (r2=0.34, p<0.05). Users’ energy 
spent on unreliable sources was negatively correlated with their 
information gain (r2=-0.34, p<0.05).  

5 Here we only presented the energy allocation because time allocation had a very 
similar result. 

s1 s2 s3 s4 s5 s6
Baseline 2.28 2.09 6.61 3.7 2.09 2.98

GF 2.30(0.00) 2.00(0.11) 5.34(0.36) 3.71(0.02) 2.10(0.02) 2.96(0.05)
SF 2.17(0.12) 2.10(0.01) 6.64(0.02) 3.72(0.02) 2.05(0.07) 3.02(0.00)
LF 1.54(0.56) 2.04(0.07) 4.39(0.57) 3.71(0.03) 1.69(0.37) 2.72(0.19)

GF+SF 2.30(0.00) 2.11(0.01) 5.60(0.30) 3.75(0.00) 2.12(0.00) 3.02(0.00)
GF+LF 1.58(0.53) 2.03(0.08) 5.53(0.32) 3.69(0.03) 2.05(0.07) 2.98(0.03)
SF+LF 2.08(0.19) 2.10(0.01) 6.63(0.02) 3.75(0.00) 2.11(0.01) 3.02(0.00)

GF+SF+LF 1.89(0.33) 2.12(0.00) 5.71(0.27) 3.40(0.18) 2.12(0.00) 3.02(0.00)
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5.3.3 Scrolling Habits. As shown in section 5.1.2, the scrolling 
modality was less informative in predicting strategic processes
than the other two modalities. At the same time, section 5.2 
reveals that scrolling features were effective in predicting 
reading performance. This disparity inspired us to consider a 
possibility that strategic processes may not the optimal 
abstractions for the scrolling modality. In this section, we 
conduct the follow-up analysis to further understand the 
relationship between scrolling features and users’ reading 
performance. 

Figure 6. Left: Terminology of a scroll event. Right: Sample 
CQ scores of four participants by scrolling lengths. 
Repeated t-tests between scrolling features and the reading 
performance showed that all scrolling-length and scrolling-
duration related features have a significant impact on predicting 
users’ IG and CQ. Among them, features associated with vertical 
scrolling length was the most informative feature (Figure 6). 

Table 4. The correlation coefficients of different scrolling 
types’ proportions with reading performance (p<0.001 ***, 
p<0.01 **, p<0.05 *). 

By separating vertical scrolling lengths into: line-wise (<10% 
screen length), section-wise (10%~33% screen length), and page-
wise (>33% screen length) categories6, we observed that (Table 4)
a user with better reading performance has less line-wise scrolls 
and more section and page-wise scrolls. 

5.3.4 Modality comparison. We found that the features of the 
three behavior sensing modalities (gaze, scrolling, and logging)
were complementary in predicting users' strategic processes and 
reading performances.  

The gaze channel has the best signal availability among all three 
modalities. The gaze channel generates 20 raw estimates per 
second and more than 5 periodic lateral movements per minute. 
The gaze signals are available for the whole duration of the 
reading session. There were fewer scrolling signals, ranging 

6 We iterated through the representative separations, such as 10%, 15%, …, 50% and 
found that this separation could best predict users’ reading performance. 

from 164 to 752 scrolls ( , ) per participant.  
Scrolling signals were available around 43.2% of the total reading 
time in our experiment.  

Meanwhile the number of features from the log channel is even 
fewer per participant. There were on average 4.32 search terms 
used (δ=3.93) and 6.08 domains visited (δ=2.43). 

The gaze modality captures line-level and page level reading 
behaviors and is informative in understanding a user’s intra-
page reading strategy (e.g. s3). However, such line-level micro 
features had a limited contribution in predicting cross-page 
strategies. We also found that the gaze features alone within the 
search engine result page can be used to accurately predict the 
quality of users’ generated questions. In comparison, log features
are page-level and have a strong relationship with users’ cross-
page strategies (Table 3). However, direct log features were not 
informative in predicting reading performance. In comparison, 
scrolling channel features did not have significant contributions 
to predicting reading strategy. Scrolling features are informative 
in predicting reading performance (i.e., reading outcomes).  

6 Conclusions and Future work  
We present StrategicReading, an intelligent reading system 
running on unmodified smartphones, to understand mobile 
users’ strategic reading behaviors in complex online reading 
tasks. StrategicReading leverages multimodal behavior sensing 
and takes advantage of signals from readers’ gaze movement 
patterns, kinematic scrolling patterns, and the evolution of cross-
page behaviors. Through a 40-participant study, we found that 
gaze patterns, muscle stiffness signals, and reading paths 
captured by StrategicReading can automatically infer users' 
strategic reading processes (-17.79% RMSE) and reading 
performance (-40% RMSE) with high accuracy when compared to 
existing baselines. 

To the best of our knowledge, StrategicReading is the first 
attempt to automatically understand complex reading behaviors 
and strategies that mobile users employ on unmodified 
smartphones. There are four directions we desire to explore in 
the near future: 1) conducting larger scale studies on more 
diversified reading tasks among a more diversified user 
population. Such a larger-scale study is important to test the 
generalizability of findings in this study. We are also interested 
in running a comparative study to analyze strategic reading 
behaviors across three platforms (smartphones, tablets, and 
desktops); 2) exploring the use of privacy preserving machine 
learning algorithms, e.g. federated learning, to achieve improved 
reading experiences without disclosing personal information
from end users; 3) designing better algorithms in feature 
engineering and representation learning for cross-modal signals 
(including texts read); and 4) designing adaptive interventions 
that can improve readers’ skills in strategic online reading, 
especially for children and adolescents using smartphones to 
access and use varied sources of information in both formal and 
informal contexts of learning. 

  IG CQ CQ-Relevance CQ-Validity CQ-Significance 
Line-wise 
scrolling -0.1 -0.34* -0.24 -0.33* -0.37* 

Section-wise 
Scrolling 0.33* -0.31 -0.3 -0.32 -0.24 

Page-wise 
Scrolling -0.25 0.44** 0.39* 0.44** 0.39* 
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