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ABSTRACT
User satisfaction is an important variable in Web search evaluation
studies and has received more and more attention in recent years.
Many studies regard user satisfaction as the ground truth for design-
ing better evaluation metrics. However, most of the existing studies
focus on designing Cranfield-like evaluation metrics to reflect user
satisfaction at query-level. As information need becomes more
and more complex, users often need multiple queries and multi-
round search interactions to complete a search task (e.g. exploratory
search). In those cases, how to characterize the user’s satisfaction
during a search session still remains to be investigated. In this paper,
we collect a dataset through a laboratory study in which users need
to complete some complex search tasks. With the help of hierarchi-
cal linear models (HLM), we try to reveal how user’s query-level
and session-level satisfaction are affected by different cognitive
effects. A number of interesting findings are made. At query level,
we found that although the relevance of top-ranked documents
have important impacts (primacy effect), the average/maximum of
perceived usefulness of clicked documents is a much better sign
of user satisfaction. At session level, perceived satisfaction for a
particular query is also affected by the other queries in the same
session (anchor effect or expectation effect). We also found that
session-level satisfaction correlates mostly with the last query in
the session (recency effect). The findings will help us design better
session-level user behavior models and corresponding evaluation
metrics.
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1 INTRODUCTION
Search evaluation is one of the major concerns in information
retrieval (IR) studies. The traditional search evaluation method,
referred to as Cranfield paradigm, plays an important role in the
development of a large number of IR systems. Most existing eval-
uation metrics ( e.g., RBP [27], ERR [5], etc. ) are designed for the
result lists of a single query. Previous studies [1, 25] have showed
that these query-level evaluation metrics have a strong correlation
with users’ satisfaction. However, while search request becomes
more and more complex, there are many scenarios in which mul-
tiple queries and multi-round search interactions are needed (e.g.
exploratory search). Under this scenario, the evaluation metric de-
signed for single-query interactions may be not enough to reflect
users’ satisfaction in those complex sessions. Therefore, how to
design better session-level evaluation metrics has received more
and more attention in recent years.

Existing query-level evaluationmetrics are designed based on the
cascade hypothesis [6] which assumes that the users view search
results from top to bottom and their attention will gradually decay.
Many existing session-level evaluation metrics (e.g. Session-based
DCG (sDCG) [14] and Expected Utility (EU) [34]) also follows the
same paradigm. Although the cascade hypothesis makes sense for
the evaluation of a single query, whether it is valid for session-
level evaluation still remains under-investigated. Some previous
studies [14, 21] suggested that the performance of the last query
or the average performance of all queries within a session have a
stronger correlation with the session performance.

To design a better session-level evaluation metrics, we need to
consider different cognitive effects, that may influence user’s satis-
faction with the whole search sessions, and properly incorporate
them into the evaluation metric. For example, the metrics with a
decaying weighting function emphasize the primacy effect [32] that
the initial documents examined by users are more influential for
their satisfaction. On the other hand, the metrics with an increasing
weighting function emphasize the recency effect [3] that the last-
examined documents have a greater impact on their satisfaction.
In addition, queries are not completely independent of each other
in a session, therefore, we should also consider the impact of the
previous issued query when evaluating the latter query. Specifically,
the initial query may become an anchor (anchoring effect [29]) or
generate additional expectation (expectation effect [4]) for the user’s
perception of the subsequent queries.

So in this study, we investigate the interaction effect between
queries and whether the primacy effect or the recency effect is more
important for query-level and session-level evaluation. Particularly,
we try to answer the following three research questions:
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• RQ1 How does the cascade assumption perform in charac-
terizing query-level and session-level satisfaction?
• RQ2Howquery-level satisfaction is affected by other queries
in the same session?
• RQ3 How to design better session-level evaluation metrics
with the findings in RQ1 and RQ2.

To answer these research questions, we conducted a laboratory
user study to construct a dataset containing 675 search sessions
of complex search tasks. In these tasks, we collected interaction
logs and explicit satisfaction feedback from users. We also collected
the relevance annotations of documents from a third-party crowd-
sourcing platform. With this constructed dataset1, we investigated
the cognitive effects that may determines user’s session-level satis-
faction and how to design better session-level evaluation metrics.

The remainder of this paper is organized as follows. Section 2
reviews some related work. Section 3 describes the experimental
settings of user study and data annotation method. In Section 4
and Section 5, we present data analysis to address RQ1 and RQ2.
Regarding RQ3, in Section6 we propose a framework in which new
session-level evaluation metrics can be defined. Finally, we give our
discussions and conclusions in Section 7.

2 RELATEDWORK
2.1 Search evaluation
Evaluation is one of the most important research problems in the
field of information retrieval (IR) related studies. The traditional
search evaluation method, referred to as Cranfield paradigm, is
mainly based on corpus, fixed queryset, relevance judgment of
"query-document" pairs, and evaluation metrics.

2.1.1 Query-level evaluation. A lot of query-level evaluation met-
rics have been proposed based on different insights about users’
search behavior, such as Normalized Discounted Cumulative Gain
(NDCG) [13], Expected Reciprocal Rank (ERR) [5], Rank-biased
Precision (RBP) [27], Time-biased Gain (TBG) [28] and etc.

Moffat et al. [26] concluded that there are user behavior mod-
els behind different evaluation metrics. For example, RBP [27] is a
query-level metric which assumes that the users will browse from
top to bottom and end the current browsing with a certain proba-
bility. Maskari et al. [1] showed that the evaluation metrics have
a strong correlation with users’ satisfaction, and a combination of
measures can better evaluate the effectiveness of IR systems.

There are also some researchers arguing that the relevance an-
notation does not take into account the interaction between the
results, which may lead to certain differences between the evalu-
ation of the results and actual users’ feelings. For example, Mao
et al. [25] find that the measures based on usefulness rather than
relevance annotation has a better correlation with user satisfaction.
So that we would like to further investigate how to design new eval-
uation metrics based on these different measures ( e.g., relevance,
usefulness, etc. ) to better characterize user satisfaction.

2.1.2 Session-level evaluation. As search tasks become more com-
plex, users often submit multiple queries in one session. In this
condition, query-level evaluation metrics will not be suitable for

1http://www.thuir.cn/KDD19-UserStudyDataset/

session-level evaluation. Some recent studies have focused on session-
level evaluation methods and proposed some session-level evalu-
ation metrics, such as Session-based DCG (sDCG) [14], Expected
Utility (EU) [34], and Cube Test (CT) [24].

sDCG [14] is a extended version of the Discounted Cumulative
Gain (DCG) [13], it assumes that the documents at lower position
and retrieved by later query are less likely to be read by users, and
therefore, have a weaker influence on session-level satisfaction.
EU [34] takes into account the contribution of fine-grained infor-
mation nuggets and the corresponding importance of each nugget.
It also considers the novelty and efforts of the results. The gain of a
result will be discounted if the same nugget has been encountered
in previous results. Similar to the EU, CT [24] also takes into ac-
count the information nuggets and its importance. The gain of a
point will get more discount if this point has appeared for multiple
times.

However, these three metrics are built on the cascade hypoth-
esis [6] which assumes that the user browses search results from
top to bottom and the user’s attention will gradually decay during
the browsing process. Although this assumption holds for a single
query, whether it is suitable for session-level evaluation has not
been verified. The metrics that have a decaying weighting function
imply that the initial documents and queries are more influential
for the overall session-level satisfaction. However, whether this
assumption is consistent with the real user’s perception has not
been verified by empirical studies. Therefore, we would like to in-
vestigate whether the cascade hypothesis still holds at session level
and which kind of evaluation metric is more consistent with the
behavior and satisfaction judgment of real users.

2.2 User satisfaction
Besides the traditional system-oriented evaluation methods, i.e.
Cranfield paradigm, more and more studies begin to pay attention
to user-oriented evaluation methods. Many studies [9, 12, 22] pro-
posed methods to evaluate search engines from the perspective of
real users. Researchers have focused on modeling users’ subjec-
tive feelings with various document features (relevance, usefulness,
etc.) [11, 21, 25] and users’ implicit feedback signals (click, hover,
scroll, etc.) [7, 8, 10].

User satisfaction is an important concept in this line of research,
it measures users’ subjective feelings about their interactions with
the system and can be understood as the fulfillment of a specified
information requirement [18]. Ali et al. [2] has mentioned that a
more realistic evaluation of system performance can be made, if
actual users can provide the explicit judgments.

The relationship between user satisfaction and user’s behavior
has been widely investigated. Kim et al. [19] found that the click-
level satisfaction can be predicted with click dwell-time. Wang et
al. [31] proposed a model in which user’s action-level satisfaction
was considered as a latent factor that affects the session-level sat-
isfaction. Xu et al. [33] found that user’s duration of completing a
search task is negatively correlated with satisfaction. Liu et al. [23]
extracted users’ mouse movement information on search result
pages and proposed an effective method to predict user satisfaction.

There are also many studies focusing on investigating the rela-
tionship between user satisfaction and search system’s outcomes.
Maskari et al. [1] found that user satisfaction is strongly correlated

http://www.thuir.cn/KDD19-UserStudyDataset/
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Figure 1: User study procedure.

with some evaluation metrics such as CG and DCG. Huffman and
Hochster [11] found a strong correlation between session-level
satisfaction and some simple relevance metrics. Jiang et al. [15]
proposed the concept of graded search satisfaction and observed
a strong correlation between satisfaction and average search out-
come per effort. Jiang et al. [16] compared user’s feedback in two
experimental settings, an in situ one and a context-independent
one. Mao et al. [25] found that users’ usefulness feedback reflects
users’ satisfaction better than relevance. They compared a series
of evaluation metrics based on user’s click sequence, but they did
not investigate whether these metrics were suitable for session
evaluation.

In this study, we mainly focus on investigating the cognitive
effects that influence users satisfaction in complex search task envi-
ronments. More specifically, we are interested in what factors will
affect the user’s experiences with a query or a document, and how
these fine-grained experiences contribute to session-level satisfac-
tion. We believe addressing these questions can support the design
a session-level evaluation metric that can better characterize user
satisfaction.

3 DATA COLLECTION
To investigate cognitive effects that influence users’ query-level
and session-level satisfaction, we conducted a laboratory user study
(see Figure 1). We collect the four kinds of measures in the user
study: (1) User’s click dwell time; (2) Document-level usefulness
feedback; (3) Query-level satisfaction feedback; (4) Session-level
satisfaction feedback. In addition, we conduct a crowdsourcing
study to collected the query-document relevance of all documents.

3.1 Main user study
In our main user study, we recruited 50 undergraduate students via
email and poster on campus. 24 participants were female, and the
other 26 participants were male. The ages of participants ranged
from 18 to 27. All the participants were familiar with the basic
usage of web search engines and most of them used search en-
gines every day. Each participant needed to complete 9 tasks which
were selected from the topics of TREC Session Track. We made
some modifications to the original TREC task descriptions so that
these search tasks could satisfy the following criteria. First, the task

should be easily interpreted by all participants so that they will have
a clear search target. Second, the task should not be a trivial one,
since we mainly focused on search sessions with multiple queries.

An experimental search engine system, which had a similar user
interface as the commercial web search engine, was developed for
the user study. The system had a common user interface and enabled
the users to click multiple documents and reformulate the queries.
There was no limit to the initial query so that the users could
organize their query terms in the way they were used to. When
users submited queries to this system, it would crawl corresponding
results from amajor Chinese commercial search engine. The organic
results of each query would be stored in our system when the query
was submitted for the first time so we could make sure that the
participants submited the same query would see the same search
engine results page (SERP). We injected a javascript plugin into
the system to collect the users’ search interactions including query
reformulation, click, scrolling, tab switching, and mouse movement.

We made sure that each participant understood the experimental
process through a pre-experiment training task. After the training
stage, each participant was asked to perform 9 tasks in a random
order. As shown in Figure 1, the main experiment consisted of four
stages:

(I-1) In the first stage, the participant should read and memorize
the task description on an initial page, and he/she was asked to
repeat the task description without viewing it to ensure that he/she
has remembered it.

(I-2) Next, the participant could submit a query and clicked on the
results to collect information as they usually do with commercial
search engines.

(I-3) After finishing the current query, she was asked to mark
whether each document was useful for her at an evaluation page
(0: not at all, 1: somewhat, 2: fairly, 3: very useful). He/she was also
asked to give a 5-level graded satisfaction feedback on this query in
this stage. If he/she wanted to find more information, he/she could
go back to step (I-2) and submit a new query. He/she could end
the search whenever he/she thought enough information had been
found, or he/she could find no more useful information.

(I-4) Finally, the participant was required to give a search answer
to a question related to the search task. Finally, the participant
was further required to give an overall 5-level graded satisfaction
feedback for the whole search session of the task.

3.2 Crowdsourcing annotation
Relevance assessment is very important in the field of IR evalu-
ation, it is usually provided by human judges or annotators [30].
Crowdsourcing has been widely used for obtaining annotations
for IR system development and evaluation [20]. In this work, we
collected the relevance assessment of all the documents in our user
study with a popular Chinese crowdsourcing platform.

During our crowdsourcing tasks, every crowd worker was pro-
vided with a "query-document" pair each time. The crowd workers
needed to read the issued query, and the content of clicked docu-
ments. Then theywere required to give the corresponding relevance
score according to the following rating criteria [17]:
• Rating 0: The page is not relevant or a spam page.
• Rating 1: The page only provides minimal information
about the query.
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• Rating 2: The page provides substantial information about
the query.
• Rating 3: The page is dedicated to the query, it is worthy of
being a top result in a web search engine.

Through the crowdsourcing platform, we collected the relevance
labels for 10,246 pages.

4 QUERY-LEVEL ANALYSIS
Since user satisfaction is users’ subjective feelings about their in-
teractions with the system, it may be influenced by a lot of factors.
In this section, we first investigate how to characterize user’s sat-
isfaction at query-level. We use the hierarchical linear modeling
(HLM) to fit user’s query-level to investigate such effects. We also
examine the relationship between users’ satisfaction and a range
of metrics at query-level. We find that the performance of these
metrics will be different when they are computed based on different
measures. In addition, we investigate the interaction effect of user
satisfaction between adjacent queries in a session. Result shows
that the users’ perception of the initial query will have an impact
on their satisfaction of subsequent query.

4.1 Modeling query-level satisfaction
In our user study, we collected users’ query-level satisfaction after
they finish each query. To investigate the impact of the sequential
information of documents list on the user’s query-level satisfaction,
we use the hierarchical linear models (HLM) to fit the user’s query-
level satisfaction because it allows us to analyze the impact of
document order and list length.

Intuitively, documents at different rank in a list may have differ-
ent contributions to user’s satisfaction. So the regression model of
user’s query-level satisfaction can be expressed as Equation 1.

SATquery = β +
L∑
r=1

wr · relr (1)

The Equation 1 is called the Level-1 model. SATquery represents
user’s satisfaction with a query, relr represents the relevance of
the r th document, β andwr are regression coefficients wherewr
can be understood as the weight of the r th document. Considering
the document list length is not uniform and thewr may be affected
by the document position, we use two Level-2 regression models
are constructed to represent the regression coefficients observed in
Equation 1.

β = a0 + a1 · L (2)

wr = b0 + b1 · r + b2 · r
2 (3)

Equation 2 can be understood as the intercept in Equation 1 and
the intercept is a linear function of document list length (L). a0 rep-
resents a general intercept and a1 represents whether the intercept
will change according to the list length. Equation 3 represents the
regression coefficients of the documents, it is modeled as a function
of document position (r ). Considering that most previous metrics
suggest a curvilinear decaying weighting function, so we add a
second-order quadratic term of document position to Equation 3.
We can know if there is an order effect and what kind of order effect
it is according to the significance and fitted value of b1 and b2.

Figure 2: Comparison of document weight between our fit-
ted model and RBP (p=0.8).

4.1.1 Based on ranking list. To examine whether the SERP has
an order effect on user’s query-level satisfaction. We first fit the
hierarchical linear model by using the relevance scores and the
ranking list on the SERP. The coefficients of the model are shown
in the Table 1.

Table 1: Model fitting for query-level satisfaction based on
the SERP. (*p<0.05. **p<0.01. ***p<0.001)

a0 a1 b0 b1 b2
Coefficient 2.102*** -0.063* 0.233*** -0.035*** 0.002***
SE 0.248 0.027 0.030 0.009 0.001

We can see that both the b1 and b2 are significant at p<0.001,
which implies that there exists an order effect on user satisfaction.
To visualize order effect, we plot the trend ofwr of our fitted model
in Figure 2. For comparison, we also plot the weights of a traditional
metric RBP0.8 in the same figure. We can see that the two curves are
very close. The result also implies that there is a primacy effect on
user’s query-level satisfaction because the top-ranked documents
have a larger influence on the SATquery .

4.1.2 Based on Click Sequence. Similarly, to examine whether the
users’ click sequence has an order effect on their satisfaction. We
fit the same hierarchical linear model based on the relevance scores
and the click sequence. The coefficients of this model are shown in
the Table 2.

Table 2: Model fitting for query-level satisfaction based on
the click sequence. (*p<0.05. **p<0.01. ***p<0.001)

a0 a1 b0 b1 b2
Coefficient 3.504*** -0.451*** 0.235*** -0.009 0.001
SE 0.107 0.057 0.035 0.016 0.001

We can see that both theb1 andb2 are not significant, this implies
the order effect does not exist when the calculation is based on the
click sequence. The results illustrate that there is no need to consider
the primacy effect when a metric is calculated based on the click
sequence. So that primacy effect which has been captured in the
ranking list may only be due to that the document position has a
effect on the user’s click.
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Table 3: Correlation of different metrics with query-level
satisfaction (All correlations are significant at p < 0.001).

Metrics Click Sequence SERP
U sef ulness DwellT ime Relevance Relevance

CG 0.536 0.269 0.279 0.347
DCG 0.684 0.310 0.351 0.376
RBP0.8 0.668 0.297 0.331 0.381
ERR 0.689 0.312 0.364 0.199
Min 0.631 0.292 0.343 0.176
Mean 0.824 0.357 0.439 0.362
Max 0.818 0.344 0.419 0.308

4.2 Correlation with query-level metrics
As mentioned in Section 3, we obtained the user’s usefulness feed-
back and the click dwell time of each clicked document. We also
obtained the query-document relevance annotation of all docu-
ments through the crowdsourcing platform. In this section, we
investigate the relationship between users’ query-level satisfaction
and metrics based on these three measures (use f ulness , dwell time ,
relevance).

We calculated seven query-level metrics (CG, DCG, RBP , ERR,
Min,Mean,Max ) based on these three measures. As shown in Equa-
tion(4)-(8), DL = (d1,d2, ...,d |DL | ) represents the document list in
which each element dr is the r th document, sr is the measure score
of dr and we use (2sr − 1) to represent the gain of it. Considering
that the scale of other measures is from 0 to 3 except for dwell time,
to adapt to the calculation of the these evaluation metrics, we take
the logarithm of dwell time and then map it to the interval of [0,3]
according to the max-min method. We also use another mapping
method which makes the distribution of dwell time the same with
the distribution of usefulness. Since the results obtained by the two
mappings are almost the same, we only report the results of the
first mapping method.

CG =

|DL |∑
r=1

дain(dr ) =

|DL |∑
r=1

2sr − 1 (4)

DCG =

|DL |∑
r=1

дain(dr )

loд2 (r + 1)
=

|DL |∑
r=1

2sr − 1
loд2 (r + 1)

(5)

RBP = (1−p)
|DL |∑
r=1

дain(dr ) ·p
r−1 = (1−p)

|DL |∑
r=1

(2sr −1) ·pr−1 (6)

ERR =

|DL |∑
r=1

1
r

r−1∏
i=1

(1−Ri )Rr =
|DL |∑
r=1

1
r

r−1∏
i=1

(1−
2si − 1
23

)
2si − 1
23

(7)

Min/Mean/Max = (min/mean/max ) (u1,u2, ...,u |DL | ) (8)

The Pearson’s correlation coefficient between query satisfaction
and thesemetrics are shown in Table 3. Themetrics calculated based
on not only the click sequence but also the ranking list on the SERP.
All metrics have significant correlations with query satisfaction.
Comparing the performance of the same metric under different
measures, we can see that the metrics based on usefulness perform
the best. Similarly, comparing the seven metrics under the same
measure. We can see that the Mean performs the best when the
calculation is based on the click sequencewhile theRBP0.8 performs

the best when the calculation is based on the ranking list. The
Mean calculated based on usefulness has the strongest correlation
(r = 0.824) with query satisfaction, which suggests that the mean
usefulness of clicked documents can best reflect user’s query-level
satisfaction. We can also see that the second best alternative metric
is different given different conditions. When the calculation is based
on the click sequence, the second best metric isMax . Differently,
when the calculation is based on the ranking list, the second best
metric is DCG.

This result illustrates that the traditional evaluation metrics
which are calculated based on the ranking list should have a de-
caying weighting function, just because the user’s click is affected
by a primacy effect. This result is consistent with the cascade as-
sumption. However, these metrics have limited ability to reflect
user’s satisfaction. On the other hand, there is no need to consider
the primacy effect if we have known the user’s click sequence. At
this time, the metric ofMean orMax can better characterize user’s
satisfaction.

4.3 Interaction effect between queries
In the previous section, we have found that the metrics calculated
based on users’ explicit feedback have better correlation with their
satisfaction. One important reason is that the users’ subjective
perception is not directly decided by the objective measure because
of the context information. Considering that many previous works
have investigated the impact between documents, we only focus
on the interaction effect at query-level in this work. Specifically,
we want to investigate whether the user’s satisfaction with the
second query will be affected by his/her satisfaction perception of
the initial query.

Firstly, we conducted a case analysis. We collected some exam-
ples in which the users issued the same query at the second query
position. Considering that the usefulness and satisfaction are users’
subjective perception of a query. If there is an impact between the
queries, then the usefulness and query satisfaction will be affected
at the same time. This can be reflected by what we have mentioned
in the previous section that the user’s usefulness have a strong cor-
relation with satisfaction. Therefore, we try to analyze the influence
of satisfaction between adjacent queries based on the relevance
of the click sequence. Table 4 shows two comparison examples,
including the initial query and the second query, the satisfaction of
the query, and the mean relevance of clicked documents.

In the first example, user A had clicked some relevant documents
(mean relevance = 4.0) in the first query and it was reasonable that
he/she felt very satisfied with the query (satisfaction = 5). Although
the documents that he/she clicked in the second query were also
very relevant (mean relevance = 4.0), his/her satisfaction with the
second query is decreased (satisfaction = 4). The documents that
user B clicked in the first query were not very relevant (mean
relevance = 2.6) so that his/she satisfaction with this query was not
very high (satisfaction = 3). Differently, the clicked documents in
the second query were very relevant (mean relevance = 4.0), and
he/she is very satisfied with the second query (satisfaction = 5). We
can know from this example that the user’s satisfaction with the
second query may be affected not only by the document relevance
of the query but also by his/her satisfaction perception of the initial
query. For the same query which is in the second query position, if
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Table 4: Two examples of the comparison of different users’ satisfaction perception with the same query at the second query
position.

Example #1
Query Satisfaction Mean Relevance

User A Initial query smoking cessation advantage 5 4.0
Second query smoking cessation side-effect 4 4.0

User B Initial query smoking cessation 3 2.6
Second query smoking cessation side-effect 5 4.0

Example #2
Query Satisfaction Mean Relevance

User C Initial query google glass 3 3.3
Second query google glass price 4 4.0

User D Initial query google glass 4 3.2
Second query google glass price 5 3.5

the initial query is good enough, the user’s satisfaction perception
of the second query may decrease; if the initial query is not very
satisfying, the user may get higher satisfaction on the second query.
These results indicate that users’ satisfaction perception may be
affected by their expectation on the second query.

For the second example, the initial query and second query sub-
mitted by user C and user D are the same, but their clicked docu-
ments are not exactly the same. For both of the two users, the mean
relevance of clicked documents in the second query is higher than
the mean relevance of clicked documents in the initial query. Both
users are more satisfied with the second query than the initial one.
Comparing the two users in each query we can see that, although
the mean relevance of clicked documents of user C is higher than
user D (mean relevance: 3.3 vs. 3.2 and 4.0 vs. 3.5), the satisfaction of
user C is lower (satisfaction: 3 vs. 4 and 4 vs. 5). It seems that there is
a difference in absolute satisfaction between users, but the relative
satisfaction perception of users is less affected by user factors. At
this time, the satisfaction of users may be more affected by the
anchor effect.

Therefore, the user’s satisfaction perception of a query may be
affected by many factors. Although the user’s perception of relative
difference in satisfaction between queries is almost consistent. The
satisfaction perception criteria of each user may be different and
the satisfaction of the initial query in a session will cause an anchor
effect or expectation effect on the satisfaction perception of the
subsequent query. To investigate which factor has a stronger im-
pact on user’s satisfaction perception, we regard it as a regression
problem and evaluate the effectiveness of the regression models in
terms of the correlations between the model predictions and user’s
satisfaction. Specifically, we use the query satisfaction and mean
relevance of the initial query as features to predict the second query
satisfaction and analyze the impact in terms of regression weight.
To avoid the user bias that some users prefer to give high scores
or low scores, we perform a user-level z-score processing on the
user’s satisfaction. We perform a 5 fold cross-validation to evaluate
the performance of the regression model, the results were shown
in Table 5.

Table 5: The regression weight of features and prediction re-
sults for different model.

Mean Relevance (Q2) Satisfaction (Q1) PCC MSE
Model 1 0.445 - 0.475 0.745
Model 2 0.411 0.226 0.530 0.692

We can see that when we only use the mean relevance of the
second query as a feature to predict the satisfaction of the second
query, the correlation between the prediction and the user satis-
faction is 0.475. If we add the satisfaction of the initial query as a
feature to predict the satisfaction of the second query, the corre-
sponding correlation will increase to 0.530. This indicates that the
satisfaction of the initial query does have an impact on the satisfac-
tion of the second query. Regarding the specific impact, we can see
that the coefficient of mean relevance is 0.411 and the coefficient of
satisfaction of the initial query is 0.226. So that the satisfaction of
the initial query will have a positive impact on the satisfaction of
the second query, which suggests that the satisfaction perception
of the second query is mainly affected by the anchor effect of the
satisfaction of initial query.

5 SESSION-LEVEL ANALYSIS
In Section 4, we have found that user’s query-level satisfaction is
affected by some cognitive effects and the cascade assumption is ap-
plicable for query-level evaluation in some cases. In this section, we
try to investigate what factors will influence a user’s session-level
satisfaction and whether the cascade assumption is still applicable
for session-level evaluation.

5.1 Modeling session-level satisfaction
Intuitively, a user’s session satisfaction comes from the contribution
of each query (e.g. query satisfaction). So that we again use the
hierarchical linear models to fit the users’ session-level satisfaction
based on their query-level satisfaction. And the corresponding
Level-1 model can be expressed as Equation 9.

SATsession = β +
L∑
r=1

wr · satr (9)

SATsession represents user’s satisfaction with a session, satr
represents the satisfaction perception of the r th query, β andwr are
regression coefficients wherewr can be understood as the weight
of the r th query. Considering the session lengths are not uniform,
β andwr should adapt to the session length (L). Moreover,wr may
also be affected by the order of a query because of the order effect.
So we construct the Level-2 model as expressed in Equation 10 and
Equation 11.

β = a0 + a1 · L (10)

wr = b0 + b1 · r + b2 · L (11)
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Equation 10 models the β in Equation 9 as a linear function of
session length (L). In the equation, a0 represents a general intercept
and a1 represents whether the intercept will change as the session
length changes. Equation 11 models the regression coefficients of
the queries as a linear function of session length (L) and query
order (r ). The significance test of the b1 can reflect whether there is
an order effect. We use the sessions in a different range of session
length to fit the model, Table 6 reports the fitting results.

Table 6: Model fitting for session-level satisfaction based on
query satisfaction. (*p<0.05. **p<0.01. ***p<0.001)

Session a0 a1 b0 b1 b2
L ≤ 3 RC 3.108*** -0.790*** 0.403*** 0.236*** -0.196***

SE 0.273 0.128 0.054 0.034 0.025
L ≤ 4 RC 3.861*** -0.935*** 0.222*** 0.194*** -0.112***

SE 0.195 0.088 0.032 0.023 0.016
L ≤ 5 RC 3.938*** -0.785*** 0.204*** 0.100*** -0.056***

SE 0.164 0.068 0.025 0.017 0.010
All RC 4.050*** -0.560*** 0.149*** 0.034*** -0.017***

SE 0.113 0.039 0.013 0.008 0.004

We can see from Table 6 that all the fitting coefficients are signif-
icant. This indicates that we have constructed an effective model
to capture the user’s session satisfaction. We can see that b1 is a
positive number, this means that the recent query has a higherwr
in a session. So that the user’s session satisfaction is affected by the
recency effect of query level satisfaction. b2 is a positive number
indicating that wr will decrease as the session length increases,
this implies that it is necessary to normalize the wr . This result
indicates that the user’s attention is increasing during a session
so that the cascade assumption is not suitable for characterizing
session-level satisfaction.

5.2 Correlation with session-level metrics
In the last section, we find that the users’ query satisfaction has
a recency effect on their session satisfaction. However, this result
conflicts with existing session-level metrics which usually have a
decaying weighting function which emphasize the primacy effect.
Therefore, we would like to investigate which kind of metric can
better characterize session satisfactionwhen the calculation is based
on different measures (usefulness, dwell time or relevance) and
sequences (click sequence or SERP).

As shown in Table 7, we investigate the following five types of
weighting functions which emphasize different ordering effect to
weight query-level measures:
• Decreasing weight: the earlier queries have higher weight.
• Increasing weight: the later queries have higher weight.
• Equal weight: all queries have the same weight.
• Middle low: the earlier and later queries have higher weight.
• Middle high: the middle queries have higher weight.

The session metrics can be calculated with Equation(12) in which
si represents the ith query metric score. The metric is normalized
so that it can adapt to different session lengths.

M =

∑N
r=1wr · sr∑N
r=1wr

(12)

Table 8 shows the Pearson’s correlation coefficient between
users’ session satisfaction and session-level metrics consisting of

Table 7: The query’s weight at the r th query position of dif-
ferent session weighting functions (N is the query number
of a session).

Metrics wr (0 < r ≤ N /2) wr (N /2 < r ≤ N )
Decreasinд_weiдht 1/r 1/r
Increasinд_weiдht r r

Equal_weiдht 1 1
Middle_low 1/r 1/(N + 1 − r )
Middle_hiдh r N + 1 − r

different combination of query-level metrics and session weighting
function.

The first subtable shows the result of weighting the query-level
satisfaction directly using different weighting functions. We can see
that the metric with decreasing weights has the lowest correlation
coefficient with session satisfaction (r = 0.644) while the metric
with increasing weight has the strongest correlation (r = 0.765).
The second subtable shows the result that when the calculation of
the query-level metric is based on users’ usefulness feedback. We
can see thatMean performs the best while CG performs the worst
among the seven query-level metrics. Increasinд_weiдht performs
the best while Decreasinд_weiдht performs the worst among the
five session-level weighting function. The metric which combines
theMean of usefulness and an increasing weighting function has
the highest correlation with users’ session satisfaction (r = 0.638).
Since usefulness and satisfaction are directly obtained from user’s
feedback, these results suggest that it is the recency effect but not
the primacy effect that has a stronger influence on user’s session-
level satisfaction perception.

The third and forth subtable shows the result that when the
calculation of the query-level metric is based on relevance annota-
tions. We can see that whether the calculation is based on the click
sequence or based on the SERP, theMiddle_low performs the best
among the five session-level weighting function. As for the best
performing query-level metric,Mean performs the best when the
calculation is based on click sequence and DCG performs the best
when the calculation is based on the SERP. The metric performance
based on the click sequences (r = 0.319) is slightly higher than
the metric performance based on the SERP (r = 0.290). This tells
us that when designing relevance-based evaluation metrics, we
should consider both the primacy effect and recency effect. And
if we know the users’ click sequence, we can better characterize
their session-level satisfaction. Compared with the performance of
metric based on usefulness, we see that the performance of metric
based on relevance is much lower. This reflects the limitations of
relevance measure in characterising user satisfaction, and users’
usefulness perception can better reflect their session satisfactions.

The performance when the calculation of metric is based on
user’s dwell time is shown in the last subtable. The result shows that
the session-level metric has a higher correlation with user’s session
satisfaction when the query-level metric isMin. The metric which
combines the Min of dwell time and the Middle_hiдh weighting
function has the highest correlation with users’ session satisfaction,
however, there is only a weak correlation has been achieved (r =
0.214). However, there is not a big difference between these five
session weighting functions. Therefore, it is difficult to reflect user’s
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Table 8: Correlation of different combination of query-level metrics and session weighting functions with session-level satis-
faction. The darker shadings indicate the strongest correlation under specific measures.

Query-level Metrics Session Weighting Function
Middle_low Middle_hiдh Equalw Decreasinдw Increasinдw

Query Satisfaction 0.732 0.696 0.724 0.644 0.765
CG 0.331 0.333 0.336 0.313 0.344
DCG 0.452 0.446 0.454 0.420 0.468

Usefulness RBP0.8 0.444 0.438 0.445 0.415 0.456
Based ERR 0.468 0.450 0.467 0.431 0.472

Min 0.487 0.480 0.494 0.454 0.497
Mean 0.614 0.596 0.617 0.551 0.638
Max 0.532 0.513 0.532 0.463 0.560
CG 0.113 0.092 0.104 0.121 0.090
DCG 0.173 0.152 0.165 0.173 0.154

Relevance RBP0.8 0.156 0.135 0.147 0.158 0.136
Based (Click) ERR 0.222 0.207 0.218 0.210 0.210

Min 0.311 0.289 0.307 0.285 0.302
Mean 0.319 0.285 0.309 0.281 0.314
Max 0.247 0.205 0.232 0.212 0.240
CG 0.289 0.250 0.276 0.277 0.264
DCG 0.290 0.254 0.277 0.278 0.266

Relevance RBP0.8 0.284 0.248 0.270 0.273 0.260
Based (SERP) ERR 0.135 0.133 0.133 0.132 0.125

Min 0.124 0.123 0.126 0.129 0.114
Mean 0.263 0.213 0.243 0.235 0.247
Max 0.138 0.118 0.122 0.114 0.155
CG 0.049 0.074 0.062 0.057 0.059
DCG 0.072 0.101 0.088 0.077 0.088

Dwell Time RBP0.8 0.080 0.104 0.093 0.081 0.094
Based ERR 0.063 0.083 0.074 0.068 0.073

Min 0.202 0.214 0.212 0.201 0.207
Mean 0.173 0.197 0.189 0.172 0.187
Max 0.092 0.126 0.112 0.094 0.115

session-level satisfaction by using dwell time with our proposed
method.

6 A FRAMEWORK FOR SESSION-LEVEL
METRICS

In the previous sections, we have presented that user’s query-level
and session-level satisfaction are affected by different cognitive
effects. In this section, we try to propose a two-step framework
to capture user’s session-level satisfaction based on these findings.
The first step is to estimate query-level satisfaction and the second
step is to estimate session-level satisfaction based on the query-level
satisfaction estimation.{

Mq1 = дp (l1)
Mqn = дp (ln ) + дe (ln , l1) + дa (Mq1 )

(13)

As shown in Equation 13,Mqn represents the metric score of the
nth query, it comes from the contribution of three parts. The дp (ln )
represents the contribution of the result list (ln ) of the current query
in which we should consider the primacy effect. The дe (ln , l1) is a
function of the result list of the initial query and the current query,
it represents the contribution of expectation effect. The дa (Mq1 ) is
affected by the user’s satisfaction perception of the initial query, it
represents the contribution of the anchoring effect. Existing query-
level metrics only consider the primacy effect so that they only
include the first part дp (ln ). But when evaluating a query in a
session, we need to consider the interaction effect since the queries
are not independent. We have mentioned in Section 4.3 that we
can better characterize the query satisfaction if considering the
anchoring effect and the expectation effect. However, due to the
limited space of this paper, we only focus on how to design a session-
level metric based on the query-level metrics, the investigation of

Table 9: The correlation of user satisfaction with evaluation
metrics under different λ.

λ 0.2 0.3 0.4 0.5 0.6 0.7
PCC 0.762 0.774 0.777 0.775 0.768 0.760

designing better query-level metrics is left to future work.{
Ms1 = Mq1
Msn = (1 −wn ) ·Msn−1 +wn ·Mqn

(14)

Equation 14 shows the method of obtaining the session-level
evaluation metric, which is calculated based on the result of the
query-level metrics.Msn represents the session metric score of the
previous n queries in the session, the contribution of each query is
controlled by the parameterwn . This kind of form ensures that the
metric is normalized. To verify the validity of the framework, we
directly use the query satisfaction feedback from the user as the
score of the query metrics and use the following function forwn .

wn =
1
nλ

(15)

As shown in Equation 15,wn is simply chosen as a function of n
in this paper. In the future work, more complex functions, such as
the function that considers the gain and cost of the search, can be
used to modelwn . When λ is equal to 1, the weight of all queries
is the same. When λ is larger than 1, the weight of the subsequent
querywill become smaller. So themetric will emphasize the primacy
effect. When λ is less than 1, the weight of the subsequent query
will be larger which emphasizes the recency effect. When λ is equal
to 0, only the last query contributes to the session metric.

In the previous section, we have found that the user’s session-
level satisfaction is affected by the recency effect, so λ should be
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less than 1. We test 5 different λ shown in Table 9, and compute
the PCCs between theMsn and the user’s session-level satisfaction
feefback. We found that when λ = 0.4, the evaluation metric has a
strong correlation of r = 0.777 with the session-level satisfaction.
Based on this framework, it is easy to derive new session-level
evaluation metric from the query-level.

7 CONCLUSION
Understanding what factors will influence user satisfaction in the
whole search session and how to design session-level evaluation
metrics accordingly is crucial for improving the search engine,
especially in supporting complex search tasks. To achieve this goal,
we conducted a laboratory user study to collect real users’ feedback
during their search process. Furthermore, we analyze our collected
data in the user study to address the three RQs.

We find that the query-level metrics have different performance
under different conditions. When the calculation is based on the
SERP, the metrics which emphasize the primacy effect (e.g. RBP)
perform better. However, when the calculation is based on the click
sequence, the Mean performs better than the other metrics. The
metrics based on usefulness perform better than the metrics based
on relevance or dwell time. We show that user’s satisfaction on the
initial query in a session will cause an anchor effect or expectation
effect on the satisfaction on the subsequent queries. The satisfac-
tion on the second query is mainly affected by the anchor effect
of the initial query. The user’s perception of the relative difference
in satisfaction between queries is almost consistent. We find that
users’ experience with the later queries has a greater impact on the
session-level satisfaction feedback, which proves that the recency
effect has a stronger influence on user’s session-level satisfaction
than the primacy effect. On the other hand, if we want to charac-
terize user’s session-level satisfaction with the document relevance
annotations, we need to consider both the recency effect and pri-
macy effect. We compare different combinations of query-level
metrics and session-level weighting functions. Results show that
the Increasinд_weiдht session weighting function is more suitable
for the metrics based on usefulness-based measures. However, if
the metrics are computed with the external relevance annotations
of documents, theMiddle_low session weighting function will be
more appropriate.

From our results, we can see that traditional evaluation metrics
may not be suitable for characterizing user satisfaction because
they ignore the recency effect in users’ perception of session-level
satisfaction. Furthermore, the experiment results suggest that a
metric for session-level satisfaction should meet the following cri-
teria: (1) The SERP will cause a primacy effect on users’ query
satisfaction; (2) The average and maximum usefulness perception
of documents in a query is the most important; (3) The initial query
has an anchoring effect on the perception of the subsequent query;
(4) The session weighting function should be normalized to adapt
to different session length; (5) The recency effect has a stronger
influence on user’s session satisfaction.
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