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ABSTRACT
People seeking information through search engines are assumed to
behave similarly, regardless of the topic which they are searching.
Here we use mouse tracking, which is correlated with gaze, to show
that the information seeking patterns of people differ dramatically
depending on their level of anxiety at the time of the search.

We investigate the behavior of people during searches for med-
ical symptoms, ranging from benign indications, where users are
not usually anxious, to ones which could harbinger life-threatening
conditions, where extreme anxiety is expected. We show that for the
latter, 90% of people never saw more than the top 67% of the screen,
compared to over 95% scanned by people seeking information on
benign symptoms, even though relevant documents are similarly
distributed in the results pages to these queries. Based on this obser-
vation, we develop a model which can predict the level of anxiety
experienced by a user, using attributes derived from mouse tracking
data and other user interactions. The model achieves Kendall’s Tau
of 0.48 with the medical severity of the symptoms searched.

We show the importance of using information about the users’
level of anxiety as predicted by the model, when measuring search
engine performance. Our results prove that ignoring this information
can lead to significant over-estimation of performance. Additionally,
we show the utility of the model in three special instances: where
multiple symptoms are searched concurrently; where the searcher
has an underlying medical condition; and when users seek informa-
tion on ways to commit suicide. In the latter, our results demonstrate
the importance of help-line notices, and emphasize the need to mea-
sure the effective number of results seen by the user.

Our results indicate that measures of relevance which use anxiety
information can lead to more accurate understanding of the quality
of search results, especially when delivering potentially life-saving
information to users.
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1 INTRODUCTION
Web search engines allow users to search and retrieve relevant infor-
mation from billions of Web pages. Typically, a user issues a search
query and the engine returns a list of results, ranked according to
the documents’ relevance. The relevance of the results is inferred
from a number of factors [20], including: (i) how well a document
matches the user’s query; (ii) the document’s reputation, and (iii)
implicit feedback inferred from the users’ behaviors for that query.
Records of the latter include clicks made by the user and more re-
cently, data on the movements of the users’ mouse position on the
search engine results page (SERP), which provide an implicit signal
for the relevance of results [23].

Mouse (or cursor) tracking [24] is the use of software to collect
the positions of the users’ mouse cursors on the computer or browser
page. These data are gathered to obtain richer information on the
interaction between the user and a computer or a website, typically
to improve the design of an interface [33], to measure relevance
[20] or, more recently, to estimate search satisfaction, attention and
interest [5, 26, 29]. Eye gaze, that is, what a user is looking at, has
been shown to be correlated with the position of the cursor [14].
Thus, mouse tracking has been used as a proxy for eye tracking in
large-scale experimentation for measurement of user attention in
web search, often to collect information when users do not explic-
itly click on web pages and instead only perform pointing actions
[22]. Outside of search engine design and human-computer interfac-
ing, eye tracking has been used as a powerful tool in experimental
psychology, as it provides data which reflects the cognitive and
psychological states of individuals [14].

Most people feel anxious from time to time. Barlow [9] defined
anxiety as “a future-oriented mood state in which one is not ready or
prepared to attempt to cope with upcoming negative events". State
anxiety is a widespread reaction to a stressful situation [39], and
can be defined as fear, nervousness, discomfort, and the arousal of
the autonomic nervous system induced temporarily by situations
perceived as dangerous, i.e., how a person is feeling at the time of
a perceived threat [38]. State anxiety often impairs physical and
psychological function. Common symptoms of state anxiety which
are manifested in vision are tunnel vision, blurred vision and double
vision [10]. In this paper, the terms anxiety and state anxiety are
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used interchangeably, although in all cases we refer to state anxiety.
We note that anxiety should not be confused with anxiety disorder,
a mental disorder characterized by significant feelings of anxiety,
which we do not investigate in this paper.

Here we use mouse tracking data to understand how people’s in-
teraction with search engines changes when they experience anxiety
owing to the nature of the information they are seeking. Our hypoth-
esis is that the more a user is anxious, because she is experiencing a
stressful situation, as when she is having severe chest pains, the less
she tends to explore the SERP presented to her, viewing only the
top-ranked results. If true, this has important implications to search
relevance, as we show in our Experiments below.

Consider the following illustrative example. Figures 1 (a) and
(b) show heat-maps [20] describing the mouse movements of 441
people who made queries about chest pain and 472 queries about
constipation, respectively (details on data collection are given in
Section 3). In these heat maps, redder regions correspond to areas
that users spent more time looking at, according to mouse tracking.
One can see that users who asked questions about more stressful
symptoms (chest pains) tended to look only at the top ranked an-
swers, while completely ignoring all other results. In contrast, users
who asked about less stressful conditions (constipation), tended to
explore more of the results shown to them.

We focus on medical symptoms search, since prior work shows
that the more severe the medical symptom experienced by a person,
the more anxious she will be [11, 32]. We show that the anxiety
level of users can be inferred from the topic of their queries (i.e,
the symptom mentioned), and that user interaction with the SERP
can predict the level of anxiety. We examine the importance of
using information on the users’ anxiety level when measuring search
engine performance, and find that ignoring it can lead to significant
overestimation of performance. Commonly used evaluation metrics
for information retrieval ignore such information, and may thus lead
to incorrect conclusions on the effectiveness of search results.

Additionally, we demonstrate the use of the model in three spe-
cial instances: where multiple symptoms are searched concurrently;
where the searcher has an underlying medical condition; and when
users seek information on ways to commit suicide. In the latter, our
results show the importance of help-line notices, and highlight the
critical importance of measuring the effective number of results seen
by the user.

To the extent of our knowledge, we are the first to use mouse
tracking data to identify the underlying emotional state of users
(specifically, anxiety) prior to the search action and independent of
the content presented, and believe that our suggested methodology
opens up an opportunity to a wide range of research concerning
psychological aspects of the users vis-à-vis the interaction with
search systems.

2 RELATED WORK
2.1 Medical Symptom Search
The Web is the first stop for a vast majority of Internet users who
experience a medical symptom and are seeking information about it
[43, 45]. Indeed, 80% of American adults have searched for medical
information online [18]. The information obtained from medical
searches can influence users’ concerns, their decisions about when

to engage a physician, and their overall approach to their health
condition [42, 44, 45].

White and Horvitz [42] explored the relationship between the
types of medical symptoms searched and the time taken to visit
a medical facility. Their results indicated a strong dependence of
the time between which a user queried for a medical symptom and
the time she first arrived to a medical facility to treat the symptom
she queried for. These time differences were significantly lower for
symptoms which may be more worrying to users, such as chest pain,
compared to more benign symptoms such as constipation or nausea.
Thus, interaction with information on the Web reflects the anxiety
level of a user and suggests itself as a method to infer it.

2.2 User Behavior Analysis
Understanding how users interact with the SERP is a fundamental
question in information retrieval, bearing on relevance evaluation,
search quality, and interface design [3, 24, 29].

Result click-through statistics and dwell times on clicked results
have significant value for inferring the relevance of search results
[20]. However, the interpretation of such signals can vary substan-
tially for different search queries and users, and it provides little
information on what parts of the SERP the user examined.

Previous work has suggested the use of cursor movements to
understand user behavior (e.g., [3, 7, 17]), as a cheap alternative to
eye-tracking. The relationship between cursor and gaze was studied
in depth [34], and cursor position was shown to be correlated with
gaze when users performed clicks or pointing actions in search con-
texts. Therefore, these data have been successfully used to measure
user attention in web search [22]. Specifically, mouse tracking data
was used to infer content salience (e.g., [29]), improve ranking by
estimating the relevance of results (e.g., [20, 24]), and dynamically
estimate the result that searchers will request next (e.g., [16]). In con-
trast, eye and cursor movement are poorly coordinated during cursor
inactivity [14]. This limits the utility of such data as an attention
measurement tool in content reading tasks (e.g., news reading).

These works, while resembling ours in attempting to use mouse
tracking signals to understand user behavior, differ in that in our
work we attempt to quantify the users’ level of anxiety prior to
their access of the search engine, and, more generally, estimate their
emotional state. Furthermore, their estimation of document relevance
commonly ignores the text of the user’s queries. In our work, these
queries provide essential information on the users’ emotional state,
and, as we demonstrate, their emotional states directly affect the
interaction with the SERP.

Eliciting the feelings of users while they seek information on the
web is of high value, as it can improve search and user experience [6].
Previous work suggested analyzing cursor movement to estimate
search satisfaction [15, 26], infer the interest of users in online
content [5, 6, 30], or deduce searcher attention [29]. Different from
relevance, interest or satisfaction prediction researches, in which user
behavior and emotional state in response to the content presented
are inferred and her underlying emotional state prior to the search
is not considered, in this work we aim to infer how this emotional
state affects her behavior. We take here the initial steps towards a
better understanding of how the user’s mood, in particular anxiety
or stress, affects her interaction with the SERP.
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(a) Queries about chest pain. (b) Queries about constipation.

(c) Navigational queries. (d) Informational queries.
Figure 1: Saliency maps for mouse cursor movements. Redder shades correspond to longer dwell times of the cursor, indicating higher
interest of the user. [Best viewed in color]

2.3 Query Classifications
A widely-used taxonomy of web searches [12] distinguishes between
three main types of user queries: (i) navigational queries, where the
goal of the user is to reach a particular site that she has in mind, (ii)
informational queries, where the goal of the user is to find infor-
mation assumed to be available on the web, and (iii) transactional
queries, where the intent is to perform some web-mediated activity.
Guo and Agichtein [19] showed that a user’s attention, as evident in
the movements of the mouse, can be used to distinguish navigational
from informational and transactional queries: the movements of the
mouse are mostly confined to the top of the screen in the case of nav-
igational queries, whereas in the case of informational/transactional
queries such movements encompass the entire screen.

Cartright et al.[13] distinguished between two types of exploratory
health search queries: (i) hypothesis-directed queries, where the goal
of the user is to find content on one or more illnesses, including risk
factors, treatments and therapies, and (ii) evidence-directed queries,
where the intent is to understand the relevance of a set of observed
symptoms. These two types of health search queries differ in that
in the latter case, the user is not aware of her underlying health
condition, and hence searches for information on the Internet.

3 EXPERIMENTAL METHODOLOGY
Our goal is to predict the level of anxiety or stress of a user, accord-
ing to her engagement with the SERP. Toward that end, we next
briefly present the methodology used in our experiments. We start
by explaining how the mouse tracking data was extracted and used,
then, explain how we estimated the level of anxiety. Finally, we
explain the model and methods used in our experiments.

3.1 Data
We extracted queries from the USA to the Bing search engine which
mentioned some medical symptom, between December 1st, 2016
and May 31st, 2017. We have collected over 22K user queries, asked
on different medical symptoms (see Table 2). According to the users’
unique identifiers, the queries were asked by approximately 21K dif-
ferent users. The medical symptoms considered in our experiments
include the ones used in [42], and are common medical symptoms
according to Wikipedia [2]. We excluded symptoms with fewer than
150 queries, thus retaining queries on 23 medical symptoms with
150 or more queries on each one of them.

For each user query we extracted the list of displayed and clicked
results, and the mouse tracking data collected. To ensure the user
asking the query is the one having the medical symptom, queries
were then filtered to include those whose text contained a self de-
scription using one of the three phrases “I have”, “I’m having" or “I
am having”. Furthermore, to ignore extreme cases that may affect the
results, unless otherwise stated, we removed all queries that contain
more than one medical symptom (e.g., “Why do I have low back pain
and nausea") or implied an underlying health condition which could
be the source of additional anxiety (besides the searched medical
symptom). For example, a pregnant woman asking about a headache
may experience anxiety related to her pregnancy in addition to that
associated with the symptom [21].

Importantly, all procedures performed in this study were approved
by the Institutional Review Board of the institution.

It is to be observed that some symptoms appear more frequently
in user search queries than others (e.g., cough is a more common
symptom than chest pains). However, for the sake of the learning-
to-rank task that we employed, the (unequal) number of queries on
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each symptom is irrelevant, since we consider all pair-wise possible
comparisons during the training process.

Search engines nowadays often provide an additional text box
within the SERP that contains summarized information (referred
as a quick answer), and/or a list of query suggestions. The sizes of
these boxes may be larger than a single organic search result. Our
results suggest that there is no correlation between the symptom
queried and the probability such a box would be presented. Thus,
we ignore the difference in quick answer sizes compared to those
of organic results and note that rank 1 results may in fact be quick
answer boxes.

The queries extracted in this study are all evidence-based queries
[13]. Therefore, we assume that at the time of issuing the query the
user is unaware of her underlying medical condition (and conse-
quently may experience state anxiety or stress), leading us to assign
the same rank to all queries mentioning the same symptom. Another
underlying assumption is that the user asking the query is experienc-
ing the symptom themselves. Previous work suggests that this is the
case in the vast majority of medical symptom search queries [46].

We noted that the potential errors in the analyses include: (i) The
user is in fact not experiencing the mentioned symptom, e.g., “I feel
weak but I don’t have a fever”, and (ii) The user does not necessarily
suffer from the medical symptom at the time of asking the query,
e.g., “what does it mean when I have had a headache for 2 days?” We
further performed explicit filtering to reduce the likelihood of these
errors in our data, removing all queries that contained the string
“don’t have".

3.2 Mouse Tracking
Mouse tracking data consist of a list of time-stamped horizontal
and vertical coordinates of the mouse cursor location during the
interactions of the user following a search query. We represent these
data by extracting summarizing features such as minimal or maximal
points on the screen. Table 1 provides the full list of all extracted
features, including features extracted from the displayed and clicked
results. These features were chosen so as to quantify the amount
of the user interaction with the SERP, and the extent of the SERP
with which the user interacted. For example, we counted the number
of times the user scrolled up and down the SERP by counting the
number of local vertical (y) minima on the page.

Another example for a summarizing feature is the number of
clicked results out of the number of displayed results. This feature
provides information on how many results the user looked at (and
found relevant). However, as this feature ignores the positions of the
clicked results, we also counted the number of clicked results below
a certain index (i.e., the 1-st, 3-rd or 5-th indexes). The addition of
clicks below other positions was empirically found to be superflu-
ous. Other features such as the velocity, acceleration, and jerk of
the mouse movement were considered, but were found not to add
information and were thus excluded in the following analysis.

3.3 Estimating the Medical Severity Rank of
Symptoms

Our analysis of the symptoms is performed against a measure of their
severity, which we refer to as the Medical Severity Rank (MSR) of
the symptoms. The levels of MSR were defined by medical experts

and, as we show below, are highly correlated with a previously-
proposed measure of symptom severity and with the ranking pro-
vided by non-experts.

We recruited 3 medical professionals (two medical doctors and
one registered nurse) from the website oDesk.com to rank the set of
symptoms. The professionals were asked to assume that someone
is experiencing each of the symptoms (separately) and rank them
on a Likert scale of 1 to 10 on how urgently this person should seek
medical attention, where 10 indicates the symptom is not worrying
at all and the person can disregard it, and 1 means that she should
immediately go to the nearest hospital or call an ambulance. Note
that the experts received only the set of symptoms, not user queries.

The 3 scores were averaged, and this was the score used for
each symptom. The average Spearman’s ρ correlation among the
professionals was 0.60 (P < 0.05 in all pair-wise comparisons),
suggesting a strong agreement on the severity level of the symptoms.

Several symptoms were given an average score that was of similar
value. Assuming that similar scores represent the same level of
severity (i.e., rank), we grouped together symptoms with scores
closer than 0.33 of each other. This resulted in seven distinct ranks1,
where 7 is given to the least serious medical conditions and 1 to
highly severe medical conditions, as depicted in Table 2.

In contrast to medical professionals, laypeople (who are the ma-
jority of searchers online) may not comprehend the severity of their
symptoms. Therefore, to estimate how MSR correlates with laypeo-
ple’s understanding of symptom severity, we recruited 15 student
volunteers to assess the severity of the considered symptoms and
to estimate the level of anxiety they think they would experience
if they were suffering from one of the symptoms. The participants
were asked to assume they are experiencing each of the symptoms
(separately) and rank them on a Likert scale of 1 to 10 on how ur-
gently they would seek a medical attention (here again, 1 means
that the they would immediately go to the nearest hospital or call
an ambulance and 10 that they would disregard the symptom). Ad-
ditionally, they were asked to estimate on a Likert scale of 1 to 10
how anxious they think they would feel in each case. The average
Spearman’s ρ correlations among the participants were 0.58 and
0.55, the urgency and anxiety ranks, respectively (P < 0.05 in all
pair-wise comparisons). Here again, we computed the average scores
among all participants, resulting in two aggregated ranking lists.

We compared ranking given by the medical professionals with the
ranking given by the volunteers. The Spearman’s ρ between MSR
and the urgency rank is 0.67 (P < 0.05), and between MSR and the
reported anxiety rank is 0.61 (P < 0.05), suggesting that the MSRs
are strongly correlated with laypeople’s point of view. Importantly,
this experiment demonstrates the connection between the severity
level of a medical symptom (as estimated by non experts) and the
level of anxiety it potentially causes. Not surprisingly, we see that the
more severe the symptom is according to the non-experts opinions,
the more anxiety is assumed. The Spearman’s ρ between the urgency
and assumed anxiety ranks is 0.72 (P < 0.05).

Each of these rankings is imperfect: Medical professionals know
more than laypeople and assign slightly different importance to
symptoms. On the other hand, the laypeople who volunteered to

1Since we are interested in the ranks and not in the absolute scores of symptoms,
we consider the obtained scores on an ordinal scale, i.e., disregarding the differences
between scores.
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Features
Max x,y point

Mean x, y point
Min x, y point
Variance of x,y

Number of local y minimums
Duration of session

Total mouse distance
Rank of deepest clicked result

Fraction of displayed results that were clicked
Number of clicks below the 1-st, 3-rd or 5-th index

Percentage of the screen seen (width or height)
Table 1: Features from users’ interactions with the SERP
through both mouse movements and clicks. x and y are the hor-
izontal and vertical screen coordinates of the cursor, resp.

provide these scores did not experience most of the symptoms them-
selves, and could only assume how anxious they would feel. We
chose to use the MSR as given by medical professionals herein, and
note the high correlation between it and the scores of laypeople.
However, the correlation with the actual anxiety of users likely lies
between that of laypeople and professionals.

Previous research has shown that the more serious the medical
symptom is, the more stressed and anxious the user will be [11, 32],
whether they are searching for themselves (as is the majority of cases
[46]) or for close family members.

We correlated the resulting MSR of symptoms with the results
given by White and Horvitz [42], who measured the time between
when a user issued a symptom search query until the time when
evidence for healthcare utilization (EHU) exists. EHUs in that study
were evidence that the user is near a medical facility. In their work,
the authors considered only a portion of the symptoms considered
in this study (13 symptoms out of the 23 symptoms examined here).
The Spearman’s ρ between MSR and EHU is 0.51 (P < 0.05), sug-
gesting that MSRs and EHUs are similar, though not identical, mea-
sures of symptom severity. Interestingly, excluding headache as one
of the symptoms, the Spearman’s ρ is 0.65 (P < 0.05), as according
to the medical experts the MSR of headache is 5, while its EHU is 2.
That is, the medical experts did not consider headache as a severe
medical symptom, while the evidence suggested that people having
a headache do not wait long until they first visit a medical care
center. This may be because people query for headache only when
they experience a severe manifestation of the symptom, and thus
are likely to seek medical treatment, whereas the experts considered
headaches in general.

Aside from headaches, MSRs and EHUs have a very high agree-
ment on low ranked symptoms, i.e., symptoms that the medical
experts ranked with a MSR of 4 or less: Here Spearman’s ρ is 0.89
(P < 0.05). Thus, when symptoms are generally worrying, both their
severity and the time for treatment seeking are highly correlated.

3.4 Ranking the Symptoms
MSRs were calculated for 23 symptoms. However, the gamut of
symptoms is far larger. Therefore, to be able to estimate the MSR of
symptoms outside the list of 23 symptoms, we trained a ranker to

Symptoms MSR # of queries
Constipation, Nasal congestion 7 1031

Joint pain, Cough, Sore throat,Fatigue 6 3612
Headache, Earache, Diarrhea,

Hip pain, Knee pain, Neck pain
5 7425

Fever, Back pain, Nausea, Rash
Swollen feet

4 7704

Dizziness, Vertigo 3 1342
Palpitation, Difficulty swallowing 2 504

Chest pain, Shortness of breath 1 908
Table 2: Symptoms, Medical Symptom Ranking (MSR) and the
number of queries at each MSR contained in the dataset.

predict the MSR from user interactions with the SERP. The ranker
is trained in the Learning-To-Rank (LTR) framework.

LTR solves a ranking problem on a list of items. The aim of LTR
is to learn an optimal ordering of those items, while minimizing the
number of inversions in ranking. As such, LTR is concerned with
the relative scores of items, not their absolute scores. In our setting,
we do not care about the exact amount of anxiety, as we aim to learn
what kind of behaviors imply a more stressful situation than others.

In our experiments, we used the SV Mrank [27], a highly efficient
LTR model based on an SVM model with a polynomial kernel of
rank 2. We note that a dedicated solution for ranking from partial
and biased information feedback (e.g., clicks) was recently proposed
[28]. However, this implementation only supports binary labels on
the training data (i.e., marking documents as relevant or irrelevant),
therefore, it is not suitable for our settings.

Attributes of the examples used by the ranker are only based on
the interactions of the users with the SERP, as described above.

The input of the SV Mrank model are the feature vectors corre-
sponding to each user query, and its output are real numbers in [-1,1].
From these scores, the ranking can be recovered via sorting. In our
case, since we wish to focus on the 7 discrete levels of MSR, we
further cluster the outputs of the ranker into 7 clusters using k-means
clustering on the output values of the ranker. The clusters are sorted
according to the average value of the ranker outputs of examples in
each of them, and each example is given the rank (between 1 and
7) of the cluster to which it was assigned. To maintain a balanced
number of samples in the clustering, we randomly selected an equal
number of samples from each MSR value.

3.5 Search Engine Performance
Different evaluation measures have been suggested to assess the
quality of search engine results [35]. Arguably, the most common
one is precision, which counts the number of relevant documents
returned in response to a query. Precision is commonly evaluated
for the top k documents retrieved, when it is known as precision
at k (P@k). Precision does not take into account the position of
the relevant documents among the top k results. To overcome this,
Normalized Discounted cumulative gain (NDCG)[25] was suggested.
NDCG measures the usefulness of a document based on its position
in the result list, with the gain of each result discounted at lower
ranks.
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For assessing Bing performance in our experimental study, we
pick a random sample of 65 symptom queries. We labeled the re-
turned documents for their relevance by asking 5 crowdsourced work-
ers from the CrowdFlower website (https://www.crowdflower.com)
to rank the relevance of each of the top 10 pages displayed in re-
sponse to the 65 queries by Bing. Users were asked to rate how well
the page helps understand the nature of the problem or the solution
to it on a 3-point scale, where a score of 0 means the document is
not relevant at all and 2 implies a highly relevant result. We used
the average score for each page to compute the NDCG, and when
computing precision assumed that a page was relevant if its average
score was equal to 2.

4 RESULTS
In this section we provide results of our efforts to validate the ef-
fectiveness of the proposed model. We then show the importance of
estimating the fraction of the screen that users saw when evaluating
the performance of search engines. Finally, we apply the model to
learn the level of anxiety associated with three specific scenarios
(using the technique described in Section 3.4).

4.1 Predicting Anxiety from User Interactions
First, we evaluate how the learning-to-rank model is able to cap-
ture the severity of symptoms (and hence, the likely anxiety level
of users) from their interactions with the SERP. We quantify this
using Kendall’s tau rank correlation coefficient and Spearman’s rank
correlation coefficient. The performance of the model was evaluated
using 10-fold cross validation, where each sample represents a fea-
ture vector, which in turn, represents a single user session (note that
the feature vector does not contain the text of the query). We report
the average score across all runs.

Using the trained model, we ranked the queries according to user
interactions and measured the correlation of the predicted level of
anxiety with the level associated with the text of the query (the
MSRs ranks). We found that the average Kendall τ was 0.48, and
the average Spearman ρ = 0.40 (p < 0.05 in all cases). Interestingly,
when considering examples whose ranks are far apart, i.e., ranks with
a gap larger than 2, the average values were τ = 0.55 and ρ = 0.53.

Thus, user interaction with the SERP can explain a large portion
of the level of anxiety one would predict that the user is experienc-
ing, according to the text of the query. This experiment provides
empirical evidence that the interaction with the SERP is affected by
the user’s emotional state, specifically, her level of anxiety.

It is possible that the observed correlations are the consequence of
the search engine response to different queries. Namely, high-anxiety
users interact with the top-ranked results more, as they are more
relevant, while users who are less anxious receive a SERP with less-
relevant results and therefore have to browse deeper into the SERP
before their information need is met. To refute this, we computed
the NDCG of the sampled queries and their crowd-labeled displayed
results (as describe in section 3.5). The Pearson correlation between
the NDCG scores and the MSRs was r2 = 0.03 (p > 0.2).

Thus, the distribution of relevant results within the SERP cannot
explain the ability to predict MSR from mouse movements. More-
over, as we discuss below, these movements indicate that anxious

users did not even see the low-ranked results, and could not therefore
determine whether the low-ranked results are relevant to their needs.

To demonstrate the association between the behavior of users
and the associated MSR rank of their queries, we focus on two
features extracted from the users’ recorded sessions. Figures 2 show
the dependence of two of the attributes used in the model: (1) The
percentage of the salient screen (i.e., the portion of the screen the
user interact with, based on the mouse tracking data) and (2) the
position of deepest clicked result (where position 1 is the result at
the top of the SERP) on the rank of the symptom, as given by the
medical annotators. The horizontal axis represents the MSR of the
symptoms (which serve as the ground truth), and the vertical axis
represents the 90-th percentile value obtained for all samples in a
given rank. For example, Figure 2 (a) shows that 90% of the users
who asked a query associated with the highest severity saw only
67% or less of the SERP, compared to ones asked a query associated
with the lowest severity (rank 7), that saw more than 95% of the
SERP. These figures show that in lower ranked queries, i.e., those
where the level of anxiety is higher, the user focuses on a smaller
portion of the SERP and tends to click on higher ranked results.
However, the correlation between the two attributes and the level of
anxiety as implied by the text of the queries is not perfect: A model
trained using only these two features provides inferior results, with
an average Kendall’s τ of 0.35 and an average Spearman’s ρ = 0.28
(p < 0.05).

Table 3 depicts the average Kendall’s τ achieved using single
features, sorted (from top to bottom) by the average Kendall’s τ

score. For example, the first row shows that using only the fraction
of the vertical salient screen yields Kendall’s τ of 0.18. As the table
shows, the most important features are the percentage of the salient
screen and the closely correlated position of the deepest click.

Navigational and Informational Queries. The above analysis
demonstrated that the more serious the symptom about which the
user asks, the less of the SERP she interacts with. Another area where
we expect a difference in the interaction of a user with the SERP
is when one compares the interaction with the SERP in the case of
informational query, compared to when a user issues navigational
query. In the first, we expect users to interact with a large portion
of the SERP (as in a less severe symptom) whereas in the latter, we
expect users to interact with a small part of the screen (typically the
first result). Thus, here we consider 1000 navigational queries and
2000 informational queries, and apply the model constructed above
to them.

The navigational queries included were identified by extracting
the list of the most popular Internet websites, as listed in the rele-
vant Wikipedia page (https://en.wikipedia.org/wiki/List_of_most_
popular_websites) and extracted queries which mention one of these
sites (e.g., the search query "Google"). For informational queries,
we extracted data on queries containing the text "How do I" or "How
to", but do not contain any of the symptoms listed above.

Figures 1 (c) and (d) show heat-maps describing the mouse move-
ments from the navigational and informational queries, respectively.
Comparing these figures to Figures 1 (a) and (b), we observe that
queries for a severe symptom (chest pain) are very similar to naviga-
tional queries, whereas queries for a benign symptom (constipation)
are more similar to informational queries.

Track: User Modeling, Interaction and Experience on the Web WWW 2018, April 23-27, 2018, Lyon, France

758

https://www.crowdflower.com
https://en.wikipedia.org/wiki/List_of_most_popular_websites
https://en.wikipedia.org/wiki/List_of_most_popular_websites


0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

1 2 3 4 5 6 7

P
e

rc
e

n
ta

ge
 O

f 
Sc

re
e

n

MSR

5

6

7

8

9

10

1 2 3 4 5 6 7P
o

si
ti

o
n

 o
f 

d
e

e
p

e
st

 c
lic

ke
d

 r
e

su
lt

MSR

(a) Fraction of the vertical salient screen as a function of MSR. (b) Position of deepest clicked result as a function of MSR.
Figure 2: The connections between two features used and the MSRs.

We applied the model to the interaction data. As expected, 92%
of the navigational queries were predicted to be of rank 1, with
the remaining queries predicted to be of rank 2. Contrarily, 78%
of the informational queries were predicted to be of rank 7, 16%
of rank 6 and 6% of rank 5. The uncertainty concerning the infor-
mational queries stems from the large variance between different
informational queries, i.e., each query is asking on a different topic.

Here again we considered the possibility that this effect was
because the search engine responds similarly to navigational and to
more severe symptom-related queries. We argue this is not the case
for the following reasons: First, as demonstrated, the search engine
responds with similar NDCG to all symptom-related queries. Hence,
it unlikely that highly relevant results were top-ranked only for the
more anxious users. Second, in navigational queries, the underlying
assumption is there is only one correct answer and the user searches
for it. However, in an informational query such as medical symptom
search one, there is no reason to believe that the user expected to see
only one result. Thus, the observed behavior in the severe-symptom
queries is related to another factor. Our hypothesis is that it is related
to the mental state of the user.

It may perhaps be observed without straying too far afield from
our primary focus, that for the navigational queries the case was a
bit different. Even though, according to the ranker, the vast majority
of examples were associated with the lowest rank of 1, the computed
scores were typically lower than of the baseline examples’ scores
associated with that rank, i.e., the scores were mostly lower than of
the center of the cluster (this was the case in 73% of the examples).

4.2 Implications for Search Engine Evaluation
As previously discussed, our results suggest that the higher the
level of anxiety is, the lower the probability a user would explore
low ranked results. For example, as presented in Figure 2 (b), the
deepest clicked result is significantly lower for queries associated
with high level of anxiety. Thus, in this section we propose essential
refinements to 2 common evaluation measures for search engines.

The use of P@k implicitly assumes that users are interested in (or
will read down to a rank of) the first k documents. NDCG implicitly
assumes that users will read up to (possibly) an infinite depth of the
ranked results, but that the likelihood for this decays exponentially
(e.g., [31]). One of the shortcoming of P@k is that we implicitly
assume that the number of displayed results is equal to the number
of seen results. Consequently, using this measure with a constant k
value for all queries may lead to overestimation of the search engine

performance. As we show below, it is important to use varying values
of k, such that k corresponds to the number of seen results. A similar
logic applies to the cutoff point of the NDCG calculation, where
results below some k should not be taken into account. However,
implementation of such policies may lead to a large overhead in
terms of time and memory complexity, since it requires a separated
analysis of every user-query pair. To overcome this, we propose to
estimate k for every query using the trained model.

To demonstrate the importance of using a per-query value of k
when evaluating the quality of search engines, we computed the P@k
and NDCG scores of the random sample of 65 symptom queries (as
described in Section 3.5). We computed these scores for the lists of
displayed results and for the partial lists of seen results. The length
of the partial list was set according to the symptom mentioned in the
query and the number of seen results, as computed using the screen
size and the maximal y coordinate.

The average NDCG score achieved on the full list was 0.94,
while the average NDCG score on the partial list was 0.89 (signtest,
P < 10−10). The average P@k for the full list was 0.70, and 0.56 for
the partial list (signtest, P< 10−10). In practice, while the correlation
between “full" NDCG scores and “partial" NDCG scores is good
(Pearson r = 0.9, P = 0.03), it is not perfect. Therefore, for many
queries, especially ones which imply a highly anxious user, we will
overestimate the performance. For example, for the query “What
does it mean if I have shortness of breath” the full NDCG score was
0.86, while the partial NDCG score was only 0.66. More explicitly,
the SERP for that query would equate to high NDCG of 0.86, but
since 90% of users asking similar queries on shortness of breath had
only saw the top 6 results, the actual NDCG is 0.66.

This study shows the importance of using information on the
users’ level of anxiety when measuring search engine performance.
These results demonstrate that a naïve measurement of relevance can
cause an overestimation of the quality of search results. Thus, our
results indicate that measures of relevance which considers anxiety
information as well, can lead to more accurate understanding of
the quality of search results, especially in cases where potentially
delivering life-saving information to users.

4.3 Special Cases
We present applications of the model introduced in the previous
sections in three special cases: The first is when users search for
multiple symptoms. The last two are particular cases where anxiety
is known to have strong effect on behavior [4, 21], namely, the
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Feature Kendall’s τ

Percentage of the salient screen (height) 0.18
Rank of deepest clicked result 0.18
Number of local y minimums 0.17

Total Mouse distance 0.17
Mean y point 0.16
Max y point 0.16

Variance y point 0.14
Number of clicks below 3-rd index 0.10

Duration of session 0.09
Fraction of displayed results that were clicked 0.09

Table 3: The average Kendall’s τ score while using only one fea-
ture.

anxiety level of pregnant women and the anxiety level of people
asking suicide-related queries.

Multiple Symptoms. In this section we analyze search queries
containing a combination of two medical symptoms. Our goal is to
infer the level of anxiety of a user asking such a query. An example
of such a query is when a user asks about both chest pains and
headache. Intuitively, we expect that the level of anxiety of a user
experiencing both symptoms to be proportional to the amount of
anxiety of a user having chest pains or a headache, separately, but
possibly greater than each separately.

We gathered additional queries, this time ensuring the query con-
tains two of the medical symptoms considered. We collected 832
queries asked about 38 common combinations of symptoms (where
for each combination we collected at least 10 queries). We then
analyzed the predicted rank according to the user’s interaction with
the SERP, and compared it to the ranks of the individual symptoms.
Figure 4 depicts the parameters of the linear model applied here,
where the independent variables x1 and x2 are the min and the max
ranks, respectively, and the dependent variable is the predicted rank.

Interestingly, our experiments demonstrate that the more severe
symptom has a greater impact on the measured rank (i.e., the coef-
ficient of x1 is larger than of x2). Namely, the level of anxiety of a
user having both headache and chest pains is stronger correlated to
the level of anxiety of a user having chest pains than of a user having
a headache. However, the measured rank is higher than of the more
severe symptom’s rank, i.e., a user having both headache and chest
pains is less anxious than a user having just chest pains (according
to our findings), yet more anxious than one having only a headache.

As mentioned, the growth of the Internet has enabled the public to
more readily access information about medical symptoms. Available
websites include those that provide possible diagnoses for particu-
lar medical conditions and those that then assist people to decide
whether to self-treat or consult a physician [40]. However, in this
case, the healthcare assessment is based on limited knowledge of
signs, symptoms, and the user’s medical history. Studies of search
and browsing for healthcare information have shown that reviewing
Web content can lead to escalations from concerns about common,
typically benign symptoms to searches on rare and frightening disor-
ders [42]. An interesting application of this work, which we leave
for future work, is to examine the correlation between the users’
behavior, i.e., their measured emotional state, and the actual level of
risk of the mentioned medical symptoms.

Variable Slope (S.E.) P-value
Rank of more severe symptom 0.624 (0.088) < 10−3

Rank of less severe symptom 0.275 (0.088) 0.003
Table 4: Model coefficients for predicting the anxiety level of
queries on common combinations of medical symptoms. Model
fit is R2 = 0.731.

y = 0.8x - 0.18
R² = 0.53
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Figure 3: The effect of pregnancy on other health conditions.
The size of the circles is proportional to the fraction of examples
with the given MSR and measured rank.

Symptom search during pregnancy. Pregnant women have been
shown to experience higher level of anxiety compared to the rest of
the population [21]. Here we verify that the model is able to capture
the added anxiety of pregnant women.

We collected 333 additional symptom searches, where the user
asking the query also included the term “pregnant” or “pregnancy”
in addition to the medical symptom, ensuring that a negation term
(“not pregnant") was not used. Then, using the trained model and
inference procedure, we examined the measured level of anxiety of
pregnant women querying for a medical symptom.

Figure 3 shows that our findings support the hypothesis that preg-
nancy is correlated with a higher level of anxiety: In all cases, the
average rank of queries asked by pregnant women was lower or
equal to the average rank of the symptoms as rated for non-pregnant
users. For example, while the rank of queries concerned with fever
is 4, the average rank for such queries in pregnant women was 3.
However, the model fit is moderate (R2 = 0.53).

We noticed that for some of the symptoms, the measured level of
anxiety was nearly equal for pregnant or non-pregnant users, while
for other there was a significant difference between the measured
levels of anxiety, i.e. the pregnant women were more anxious (ac-
cording to the model). We therefore stratified the symptoms into
two classes, according to whether or not they are typical of preg-
nancy as follows. We define one class of symptoms as those which
are common physical symptoms during pregnancy, including nau-
sea, fatigue, back pain, constipation, and swollen feet (according to
https://en.wikipedia.org/wiki/Pregnancy), and the other class which
describes symptoms not associated with pregnancy. For the first class
we find that the predicted rank of the symptoms is identical to that of
the non-pregnant population (the difference between ranks was ≤ 1).
In the latter group of symptoms, higher level of anxiety is predicted
for the pregnant population compared to the rest of the population,
with a difference in ranks of 2 or more for all symptoms.

We quantify this observation using a linear regression model with
two explanatory variables: the rank of the symptom, as specified
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Variable Slope (S.E.) P-value
Rank of the symptom 0.739 (0.053) < 10−3

Uncommon pregnancy symptom -1.072 (0.131) < 10−3

Table 5: Model coefficients for predicting level of anxiety using
additional information on the prevalence of symptoms during
pregnancy. Model fit is R2 = 0.765.

by the medical labelers, and an indicator variable as to whether
the symptom is common during pregnancy (=0) or not (=1). The
parameters of this model are depicted in Table 5, showing that
information on the prevalence of symptoms among pregnant women
increases the fit of the model significantly (i.e., R2 = 0.77), and that
while pregnant women are more anxious in general (the slope is
0.739), experiencing an uncommon symptom adds to the anxiety.

Suicide-related Queries. Suicide is a preventable public health
problem and a leading cause of death in the United States and many
other countries [1]. The Internet offers a wealth of information for
people with suicidal intentions, ranging from support groups and
crisis intervention sites, discouraging individuals from committing
suicide, to pro-suicide groups and how-to instructions that would
not otherwise be easily accessible [36].

Anxiety has consistently been associated with an increase in
suicidal behavior [4, 37]. In this section we aim to shed more light
on the interaction with the SERP of individuals asking for practical
information on how to kill themselves. Our goal is to learn about
the emotional state and behavior of individuals seeking suicided
related information online, and to better understand whether current
interventions are useful. We collected 1375 queries where users have
asked how to commit suicide. Specifically, we gathered all queries
during the data period containing the text “commit suicide” or “kill
myself”. We then ranked these queries using the trained model, to
predict the anxiety of the users asking these queries.

Our results show that in 50% of the cases the estimated level of
anxiety was 2 and in 33% the estimated rank was 3 (15% had an
estimated rank of 1 and all others had a rank of 4). These results
suggest that users asking suicide-related queries on the Internet
are highly anxious and tend to behave similarly to users asking
navigational queries, meaning that they rarely explore low ranked
search results. Figure 4 shows a heat map of the mouse movement
during these queries. According to our data, in more than 80% of the
queries, all results ranked below the index 4 (i.e., the fifth or lower
ranked results) were never seen by these users. That is, any results,
included websites discouraging individuals from committing suicide,
ranked low by the search algorithm were completely ignored.

We note that in more than 85% of the suicide related queries we
collected, a Helpline Window was presented to the users with the
phone number of a local crisis center (i.e., in the US, the National
Suicide Prevention Lifeline). Such windows (e.g., the quick answer
box) are shown in only 40% of medical symptom queries. Thus, in
practice, fewer than 3 results were actually been seen by most users.

These data shed light on suicidal individuals’ emotional state and
behavior. For search engine operators, these results highlight the
critical need to provide supportive information in the highest ranked
result, since lower-ranked results are rarely seen by these users.

Concluding, search engines can help save lives globally by utiliz-
ing a holistic approach to suicide prevention, including the presenta-
tion of suicide-prevention results in the upper parts of the page for

Figure 4: Saliency map for suicide-related queries. Redder
shades correspond to longer dwell times.

particular searches. Currently, resources with harmful characteristics
are frequently ranked higher than those with protective characteris-
tics [41], and the quality of helpful suicide-related websites depends
on the search terms used [8]. Efforts to improve the ranking of pre-
ventive web content seem necessary, especially when considering
the portion of the screen a suicidal individual tends to explore.

5 CONCLUSION AND FUTURE WORK
In this study we investigated the behavior of people during searches
for medical symptoms on the Internet, and demonstrated that the
severity of the symptoms, and hence the users’ likely level of anxiety,
is highly correlated with search behavior. We trained a ranker which
can predict the implicit level of anxiety experienced by users from
features extracted from the recorded interactions with the SERP. We
further illustrated the importance of focusing on the top ranks of the
search results page, as exceedingly anxious users tend to explore
only the top of the screen.

An immediate application of this study is a refinement of search
engines evaluation measures. We argue that using information on the
users’ level of anxiety when measuring performance is important,
as ignoring it leads to significant overestimation of accuracy. Our
results suggest refinements based on the learned ranker and provide
a more accurate estimation of search engine performance.

Another area where our work is of importance is in the delivery
of health-related information (such as information on symptoms)
and especially in providing life-saving interventions. In the latter
case our work shows that even simple interventions such as the help
line numbers provided during suicide-related queries are seen by
users. Indeed, they form the majority of the information shown to
users. Thus, our work sheds light on the possibility for improving
wellbeing through interventions delivered via search engines.

While the experimental results of this research are of significant
value, much work is still needed to better understand the users
behavior and what extensions and refinements are needed when
delivering potentially life-saving information. We presume that some
of the variance we could not predict may be related to demographic
differences between users, people searching information for other
people, and other mental or physical states of users. Future work
will focus on more fine-grained analysis of these effects.
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