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ABSTRACT

People’s tendency to overly rely on prior information hasrbeell
studied in psychology in the context ahchoring and adjustment
Anchoring biases pervade many aspects of human behavior.
this paper, we present a study of anchoring bias in infonati
retrieval (IR) settings. We provide strong evidence of amitiy
during the estimation of document relevance via both hureéa: r
vance judging and in natural user behavior collected viecbdag
analysis. In particular, we show that sequential relevgmdgment
of documents collected for the same query could be subjean+to
choring bias. That is, the human annotators are likely tagass
different relevance labels to a document, depending on tiag g

ity of the last document they had judged for the same query. In

addition to manually assigned labels, we further show thatirn-
plicit relevance labels inferred from click logs can alscdffected
by anchoring bias. Our experiments over the query logs ofnaco
mercial search engine suggested that searchers’ intemagtth a
document can be highly affected by the documents visitedamm
diately beforehand. Our findings have implications for tlesign

of search systems and judgment methodologies that coreidker
adapt to anchoring effects.

1. INTRODUCTION

Consider a simple experiment; which involves estimatiregtth
tal value of the following mathematical equation in five set®

1 X2Xx3Xx4XxH5X6XT7TxXx8

What was your estimate? Now, how about the following equ&tio

8XTX6XxHxXx4x3x2x1

It is immediately apparent that the second equation is theesss
the first but in reverse order, thus the estimate should nahgd

In 1974, Tversky and Kahnemanid] conducted the same exper-
iment and presented the first sequence to a group of subjedts a
the second to another group. They noted that the medianagstim
was 512 for the subjects in the first group ar2@50 for those in
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the second. This drastic difference between the median estimates
of the two groups can be explained by #wechoring effect also
referred to asnchoring biag12]. Anchoring — or focalism —is a
cognitive bias that explains the human tendency to rely iheam
first presented informatiorafichor) when making decisions. In the
example above, given the short amount of time permitted &br ¢
culation, the subjects were subconsciously biased by teeféw
numbers in equations and reached significantly differetineses
across the two groups. Anchoring effects have been studied i
range of settings. Northcraft and Nea® ghowed that the listed
price of a property affects how much people — including etger
— are willing to pay for it despite having access to comprsiven
information about the quality factors. Wansink et dl4][demon-
strated that consumers are likely to purchase more produois
they are presented in multiple-unit prices and purchaskslife.g.,
“On sale — 6 cans fd§3” versus “On sale — 5¢'). Here, the number
of units acts as the anchor and biases consumer behavior.

In this paper, we study the anchoring effect in IR. In pattcu
we focus on how anchoring affects thelevanceratings of docu-
ments. Relevance labels for documents are usually obtaitieelr
(1) in a batch form by soliciting explicit judgments from ham
assessors with respect to a query, or (2) in an online fornrevhe
the document relevance is inferred by using implicit feettag.,
time spent on a document (dwell time) from search log data. We
first demonstrate that the relevance label of a documentestatl
by the judgment that was made on an immediately preceding doc
ument. We further focus on relevance inferred from dwelletim
and show that the relevance of the previously-clicked dantm
can also have a significant impact on the time searchers spend
the current document, which could significantly affectvatece in-
ferred via dwell time. While the notion of relevance in IR Heeen
studied for decades], we believe that our study is the first inves-
tigation of anchoring bias on implicitly inferred relevaniabels.

Our results suggest that (1) the biases introduced by tlee rel
vance of the last labeled/clicked document should be cersii
both for batch and online evaluation, (2) that dwell timereates
should be used with caution as proxy for relevance, in pagidor
the documents that are presented towards the bottom of adank
list (which are likely to be considered only after highenked al-
ternatives), and (3) the models that infer relevance froraldiime
could be improved by incorporating the relevance label (@eltl
time) of the previously judged/clicked document, if avhi&a

2. ANCHORED RELEVANCE RATINGS

Relevance judgments for a query are typically collectedcicles
where each assessor may rate multiple documents for the same
query [L3]. The problem with this common practice is that the doc-
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Figure 1: Conditional probability of observing a relevancelabel for a document given the relevance label assigned tosinchor. (a)
probability distribution when the document labels are collected in the absence of anchors. (b-d) the dark blue bars shotlue labels

assigned to anchored documents separately for each classavfchor.
the same subset of documents based on the unanchored judgnten

ument(s) judged early for a given query aarchorjudges’ remain-
ing judgments on that topic. Carterette and Sobortfifere the
first to report that sequential labeling of documents magcafthe
assigned relevance label. They observed that sequerijtididyed
documents tend to receive the same labels, and referredsto th
phenomenon as “autocorrelation”. However, the authorsndid
provide any explanation for their observations nor comphedr
results with unanchored datasets to establish a grourtd trut

Scholer et al. 9] performed the first analysis of anchoring in rel-
evance assessments by measuring the “priming effect” évaace
judgments They used the relevance of the téplabeled docu-
ments by an assessor as the anchor and analyzed how thenceleva
of these documents may affect the labels assigned to therdots
judged subsequently. They showed that if the judges arepied
with many documents of high relevance when they start asgpss
for a query, they tend to assign lower relevance labels tameats
labeled later on (and vice versa). In our work, part of ouufois
to analyze how the relevance of the previously-labeled charu
can affect the relevance label assigned to the current dexurin
contrast to Scholer et al9], our results show that when labeling
a document, judges tend to assign the same label as the ywevio
document they have labeled.

Our conclusions do not necessarily reject those reachecchy S
holer et al. ]. The differences are caused by the type of anchor-
ing that is considered in the two studies. Scholer et al. $amu
long-term anchoring (tog labeled documents as the anchor) and
analyze how this affects the relevance labels assignedetddhb-
uments judged later. In our work, we focus on the short-tenm a
choring (last labeled document as the anchor) and analyzeHis
affects the relevance labels assigned to the document quidge
mediately after. The relevance of a single document is ahlito
have a significant effect on judges’ overall expectatioretdvance.
However, having seen a document of a certain relevance lineel
judges might subconsciously expect the relevance levédleohext
document judged to be similar, and hence their judgmentsheay
affected.

For our experiments, we sampled 400 queries from a rankar tra
ing dataset of the Bing search engine. For each query in étésdt
there are tens of documents from which we randomly selehteé t

2There is a subtle difference between the anchoring and pgimi
paradigms; in the latter, the priming information (or anghis of-
ten externally provided by the experimenter, while in therfer it

is internally generated by the participants themselték [

In each plot, the red columns depict the label distthution over

The first two documents are used as anchgrs, (42) and the last
document is used as the target (anchoreyiiocument to measure
the impact of the anchoring effect. We hired three mutuaky e
clusive groups of professional relevance assessors frerartwd-
sourcing platform of the Bing search engine, and providemiith
with an identical judging guidelines for rating the relegamf docu-
ments in three levels (Bad, Good, Perfect). In total we ctdie our
judgments from 220 assessors. We used the first group ofgudge
(81 assessors) to colleghanchoredrelevance labels for our target
documents. Each document is judged by three different seises
from this group and is annotated based on the majority vdte (a
though other consensus models can be also used insteadp%n 8
of cases (34 queries) there were ties, which were brokenlbgtse
ing one of the labels at random. Figur@) depicts the distribution
of relevance labels for target documents assigned by theges.

The assessors in the other two groups are used to collect an-
chored judgments. We refer to these assessoas@®ored judges
The anchored judges first rate an anchor documdntdr A, de-
pending on the group) and then rate the target documgrfof a
query. Therefore, the target documents are rated by botipgrof
anchored judges, while the anchor documents are diffe@osa
the two groups. Again, each anchor and target documentes rat
by three different judges in each group, and the final labeleis
termined by the majority vote and tie-breaking as with thanin
chored set. Judges rated a maximum of 20 (query, anchoet}farg
tuples. They always judged an anchor document4; or As)
then the target (anchored) documeat t). For each task, a tu-
ple was randomly sampled, without replacement, from the pbo
400 total. To ensure that there are no systematic diffesshee
tween the anchored groups we compared the overall distibat
labels. An unpaired-test found no statistically significant differ-
encesp = 0.979).

The first question that we investigate is if relevance judgise
are subject to anchoring effects. That Boes anchor quality af-
fect the labels assigned to target documen®@ grouped the an-
chored judgments collected for the target documents aiwptd
the labels assigned to their anchor documents. The darlbbhsen
Figurel represent the probability of observing a relevance lalrel fo
a target document, depending on the rating assigned todtsoan
For instance, Figur&(b) includes only cases where the target docu-
ment was judged immediately after an anchor page which vied ra
asBadby the assessor. Figutéc-d) are generated in a similar man-
ner but forGoodandPerfectanchors respectively. The red bars in



Figure 1(b-d) represent the distribution of labels assigned to the
same set of documents but by unanchored judges. It is clear fr
these graphs that the anchored and unanchored judgmestslifrav
ferent distributions despite the fact that they are congpotesr the
same set of target documents. We applied Chi-squared testst-
pare the label distributions for each of the three anchoesyp
Figurel(b-d). The results confirm that the differences between the
anchored and unanchored groups are statistically signifi&ad
anchor: x?(2) = 8.91,p = 0.0028; Good anchor:x*(2) =
80.49, p < 0.0001; Perfect anchory?(2) = 6.76,p = 0.0093).
This provides supporting evidence for the presence of amabi-
ases that can be introduced in collecting sequential netevaudg-
ments from human assessors. Overall, there is a strongeoiang
effect for Good and Perfect judgments. This is expected axlGo
and Perfect documents both represent relevant documedhtaran
more similar to each other than to Bad documents, which esk ir
evant. The next question that naturally arises from theskniys

is: Can the anchoring direction be predictedPhat is, given the
label of the anchor document can one make any predictionst abo
the label that will be assigned to the target (anchored) mecu?
The conditional probabilities in Figur&c-d) clearly suggest that
the most likely label for a relevant (Good, Perfect) targetuiment

is the rating assigned to its anchor. In other words, the @uiroi
direction istowardsthe anchor. However, FigurEb) shows that
non-relevant anchors (Bad) have the opposite effect, withared
judges being observed to be less likely to select a ratingaaf. B
Understanding all factors that affect the anchoring dioecin rel-
evance judgments is an interesting direction for futureaesh.

3. ANCHORED CLICK BEHAVIOR

Search result clickthrough rate was once commonly usedéo in
the relevance of document8][ Subsequently, it has been shown
that clickthrough statistics are often highly affected &suies such
as presentation bias and perceived relevance of the do¢sinTére

not be computed for the last clicks for impressions (sineeghwvas
no subsequent event on which to base dwell time estimated), a
these clicks were ignored in our analysis. We divided thelilzm
page dwell times into two groups: (i) Quickback: Dwell tinfel&s
or less, and (ii) Satisfied: Dwell time of 30s or more. Thesegh-
olds were derived from previous research on implicit feet@tand
satisfaction modeling in Web search settindls Documents with
dwell times ranging from 16-29s (inclusive) were excludedi-
der to simplify our analysis since it is less clear whethehsdwell
times are associated with satisfaction or dissatisfaction

We utilize similar terminology as used in the previous s®tti
For queries with multiple clicks, we define the setofthorclicks
as the first clicks and the set target clicks as the second clicks.
Note that we may observe separate instances of the samey,(quer
clicked URL) pair in both sets depending on search actieity, for
a given queryy, a searcher may click on a documehand termi-
nate the search session (unanchored), while another seanaty
click on a few documents first before clicking drfanchored). The
average rank position) of the anchor clicks and the target click
is significantly different (anchor clickr = 2.28, target (anchored)
click: » =4.15, independent measutetest: p < 0.001), signaling
that searchers often adhere to a top-down examinatioregyrat

The first question that we sought to answer was whether there
were differences in the dwell times for the target clicksegithe
nature of the anchor. Since we consider clicks within a quegy
could be more confident that the searcher had the same orenti
with each observed click. Tableshows the distribution of dwell
times (as percentages of the total count of query-clickspaithe
four groups) across the four combinations of dwell time$gaesl
to the first and the second click for a query. The table shouaisith
this analysis, consistent satisfaction (i.e., pairSafisfiedclicks)
is observed most frequently, whereas decreased satisfa@te.,
transitions fronSatisfiedto Quickbackclicks) occurs least often.

Given the raw counts that are used in computing the percesitag
reported in Tabld, we can also compute the extent to which they

perceived relevance of a document is mainly based on the sum-eviate from expected given independence between the fidst a

mary (snippet) of the document presented on the result gk,
can be different than the actual relevance of the documemnigée
searchers may end up clicking on a document and discovei that
not relevant2]. In order to overcome this problem, dwell time, the
time spent examining a document, has been proposed as aciimpl
signal of relevance. Dwell time has been examined in a nurmber
previous studies to infer searcher satisfactiéng] and relevance
[5] from observed search behavior. Over many years, a dwed tim

second click. The numbers in brackets present the perceuizg
viations from theexpectedralues given independence between the
dwell time groups (i.e., for each cell, expected = (sum of row
sum of column) / overall total). It is clear that there is andfigant
deviation from the expected dwell time in the distributidrdaell
times on the second (target) click for a query given the dtirak of

the first (anchor) click (Chi-squared test over the freqyezaunts

for the cells in Tabld produces (1) = 3139222.15, p < .0001).

of 30 seconds has become a standard threshold from which to in This Suggests that there is a Strong association betweearathee

fer document relevance from document examination behuidr
Document visits with dwell times exceeding that threshodareh
been regarded as implicit indications of relevance.

Beyond controlled experimental settings, such as thateyeql
in the previous section, we were also interested in whetienet
was any evidence of anchoring effects in the wild, in natstial
search settings such as Web search. In such settings, amgchor
might affect relevance labels inferred implicitly from setabehav-
iors. We used six weeks of search logs from the Bing searcineng
These logs contained millions of query-URL pairs on whicpéo-
form our study. To remove geographic and linguistic vaoiasiwe
focused on queries generated by searchers within the Usitgds
geographic locale. The logs contained queries, the tirdered se-
quence of result clicks for each query, and dwell time on ezch
the landing pages reached through a result click.

In this analysis, we focused on the effects of anchoring od-la
ing page dwell time. We calculated dwell time based on the tier
tween subsequent search engine interactions, includingite to
the search result page and query reformulations. Dwelldicoaid

of the dwell time on an anchor click and the dwell time on tire ta
get (anchored) click that follows. However, this analysisnly for
queries with multiple clicks, and there may be limitationsonsid-
ering such situations alone. For instance, low quality doents—
that tend to have high Quickback rate—are more likely to appe
low quality search results. That is, if there is a low-rele@& doc-
ument returned in the top results, there might be a highemagha
that the other top results are also low quality. To help askithis
concern, we identified a set ahanchorecclicks comprising those
with no preceding clicks (i.e., the first click for queriesprh the
same six weeks of data used in our log-based analysis. We then
investigated the dwell times of the same query-URL pairsrwhe
they appear in our anchored sets. For each of the two angbes ty
(QuickbackandSatisfiedl we then computed the distribution of me-
dian dwell times for the anchored clicks, and compared itresga
the distribution of median dwell times from the unanchortcks.
Figure2 shows the cumulative distribution of median dwell times
across the 60 seconds immediately following the page |oexdu@l-



Table 1: Distribution of dwell times across all combinatiors
of the two dwell time groups (Quickback (< 15s), Satisfied &
30s)). Values in brackets denote percentage deviations froex-
pected given independence between dwell time bucket groups
of first and second clicks. Arrows denote direction of the deia-
tion (up=higher than expected, down=lower than expected).
2nd click
Quickback Satisfied

10.74% @46.3206]  25.51%Y¥19.68%]
10.08% [v38.28%]  44.68%416.26%]

Quickback

Istelick g tisfied
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Figure 2: Cumulative dwell time distributions for anchored and
unanchored clicks, per anchor type (Quickback and Satisfied

ing the region from 16-29s that excluded in the earlier ssig)y
grouped by anchor type. At any point on theaxis of the figure,
the value on the-axis reflects P(DwellX ¢, wheret denotes the
dwell time in seconds.

From Figure2 we can observe clear differences in dwell time dis-
tributions between the documents in the anchored and unestth
sets. These differences are significant according to thexsgbrov
Smirnov test within each anchor type (Quickback Anchpr:=
0.6333, p < 0.001; SAT Anchor:D = 0.2833, p = 0.0162). This
demonstrates that the dwell time on the anchor documeniaitede
to the dwell time on the target page. Research on dwell timpe ty
cally considers the time spent on each document indepdgdent
applications such as satisfaction modeling, efj.,Qur findings in
this section suggest that models that interpret dwell tiofesdoc-
ument from median dwell time across all searchers may betafie
by anchoring biases. These models also need to considewtik d
time of any anchor that may be present when making inferences
about the target (anchored) click, for applications suatekevance
and satisfaction estimation.

The trends in our findings are clear and we analyze the aggre-

gate behavior of millions of searchers, improving our carfice

in the robustness of our conclusions. However, we shoull ads
knowledge that there are other factors that may influencelres!

time beyond the nature of the anchor, such as those asgbciate
with searcher traits (e.g., people with a tendency to reypages
quickly) or task constraints (e.g., pressing deadlinegiteato the
rapid review of content). Further work is required to untkamd

the significance of these additional factors on the geretaility

of our conclusions about anchoring effects and dwell times.

4. CONCLUSIONS

Anchoring is a cognitive bias that explains the human teoglen
to rely heavily on first presented informatioanchor when mak-
ing decisions. In this paper, we studied how anchoring may af
fect human perception of relevance during relevance jugfgimd

in the examination of search results in naturalistic seagttings.

In particular, we focused on (1) relevance labels obtaineh fele-
vance assessors by obtaining explicit judgments, and [@)aece
labels inferred from dwell time, the time spent on a documeve
showed that relevance of the last labeled document can hsige a
nificant effect on the relevance label assigned to the cudec-
ument during relevance assessment. Our results demengiet
judges tend to assign different labels depending on theaete

of the previously labeled document. We showed that the inpac
of short-term anchoring based on preceding documents dmld
different to those reported previously based on the longen &an-
choring P]. Determining the point where one effect diminishes and
the other becomes dominant is an interesting future daectiVe
further demonstrated that the time searchers spend dgaeidlina
document is highly related to the amount of time they havatspe
on the last document that they clicked on, which can leadgwifsi
icant biases on relevance labels inferred from dwell time.

Our findings can significantly impact the evaluation of atal
systems and the training of learning-to-rank algorithmsr @sults
suggest that when human generated or implicit relevan@idaive
used, labels assigned to previous documents need to belemthi
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