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ABSTRACT

Rankings distill a large number of factors into simple compar-
ative models to facilitate complex decision making. Yet key
questions remain in the design of mixed-initiative systems
for ranking, in particular how best to collect users’ prefer-
ences to produce high-quality rankings that users trust and
employ in the real world. To address this challenge we evalu-
ate the relative merits of three preference collection methods
for ranking in a crowdsourced study.We ind that with a cate-
gorical binning technique, users interact with a large amount
of data quickly, organizing information using broad strokes.
Alternative interaction modes using pairwise comparisons
or sub-lists result in smaller, targeted input from users. We
consider how well each interaction mode addresses design
goals for interactive ranking systems. Our study indicates
that the categorical approach provides the best value-added
beneit to users, requiring minimal efort to create suicient
training data for the underlying ranking algorithm.
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1 INTRODUCTION

Ranking is a commonly employed tool which simpliies de-
cision making when the number of factors impacting choice
is large. A ranking of objects distills high dimensional infor-
mation into a simple ordered list, helping people to quickly
grasp the relative merit of objects or choices. People rely
on rankings published by companies, consumer groups, and
government agencies for guidance across many domains
- from evaluating the quality of institutions like colleges
and hospitals [25, 48], assessing potential employees [47], to
evaluating regional economics [13, 40]. These rankings are
typically consumed łof the shelfž, lacking personalization to
relect the priorities of individual users for decision making.

At the same time, personalized ranking is commonly per-
formed as a subtask for web-based search and recommen-
dation engines to provide top search results. Recently, in-
teractive systems have been proposed [30, 31, 43] which
support personalized ranking to empower users to lever-
age learning-to-rank algorithms [33] for their own decision
making. Rather than relying on the preferences of similar
users as is common in recommender systems, these systems
allow a single user to fully control the ranking process by
explicitly specifying their personal preferences. For instance,
with a personalized college ranker, a student may specify
her preferences over colleges she has visited so far based on
her own goals and interests. The system then automatically
generates a global ranking over a larger set of universities
that the student is not able to visit in person. This process
may provide insight by revealing the data attributes used by
the system to create the ranking ś thus allowing the student
to better understand their own priorities.
Such mixed initiative systems [24] rely on user-machine

collaboration to facilitate sense-making that would other-
wise not be possible. Machine automation provides computa-
tional power, while humans provide domain expertise, under-
standing of the task at hand, and personalized preferences.
A key challenge in the design of ranking systems thus lies in
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the elicitation of this information from users. While prefer-
ence elicitation techniques are well studied [2, 10, 22, 28, 29],
their use in interactive ranking systems has not been for-
mally evaluated. The impact of diferent preference collection
mechanisms on user behavior and level of satisfaction with
the ranking system is thus not well understood.
Further, the speciication of enough information so that

the learning engine can reliably infer a useful ranking repre-
sents an arduous task for humans. Yet the availability of a
large enough training dataset over which to learn a ranking
is imperative in determining a meaningful ranking [46]. As
discussed by Crouser et al. [11], for the design of appropriate
interactive systems we should evaluate and quantify both
the computational complexity of the processes used as well
as the complexity of the human efort required.

Our Approach. In this work, we consider the impact of
preference collection methods for interactive ranking sys-
tems. Our aim is to understand the impact on both user
behavior and system performance. To evaluate this, we con-
sider three primary modes of interaction which allow users
to directly express relative preferences among items: sub-
list ranking, categorical binning, and pairwise comparisons.
We evaluate the efect of these three modes on interactive
ranking using a between-participants crowdsourced user
study on the Mechanical Turk platform with n = 144 partici-
pants. The study results reveal that categorical binning leads
to signiicantly more user interactions, without increasing
the time spent. As a result, this mode provides the largest
amount of training data to the ranking engine, providing the
best tradeof between user efort and model quality. Our dis-
cussion of these results covers implications of these indings
for the design of mixed-initiative ranking systems.
The contributions of this work include:

(1) We conduct a large scale (144 participants) crowd-
sourced user study on the efect of preference collec-
tion methods on interactive ranking. We evaluate the
complexity of human efort in interaction, rate of in-
formation extracted from interactions, and the impact
on user satisfaction.

(2) We design three alternative interfaces that embody
three distinct modes of preference speciication em-
bedded into an interactive ranking tool to provide the
study participants with an end-to-end experience.

(3) Our study inds that a categorical binning approach
provides the best value-added beneit, requiring min-
imal efort while producing more training data. This
in turn positively impacts the quality of the ranking
created by the underlying machine learning algorithm.

(4) Our indings raise interesting questions that point at
future investigation into the composition of interac-
tion modes and alternative means for increased user
engagement in ranking systems.

2 RELATEDWORK

Multi-Atribute Ranking Systems

In recent years, several multi-attribute ranking systems have
been developed to help users interact with rankings [8, 19, 30,
31, 38, 41, 43]. Much focus has been on aiding users in man-
ually adjusting the data attribute weights of a multi-criteria
ranking and on visualizing the resulting impact across at-
tribute subsets [38], alternative rankings of the same items
[19], and rankings over time [41].

Lately, work has begun exploring the incorporation of user
preferences over objects into mixed-initiative systems [24] to
better capture users’ intuitive sense of the relative value of
the objects to be ranked. A learning-to-rank algorithm [33]
is then employed to infer a global ranking over the rest of
the objects in the dataset based on these interactions. As
detailed in Section 3, the RankSVM algorithm [27] features
properties that naturally it the interactive ranking task.
To date, the mechanisms by which users specify their

preferences in these interactive ranking systems have not
been formally evaluated. The Podium [43] system applies a
semantic interaction approach to preference collection [16].
Preferences are inferred from users’ interactions re-ordering
items in a list, rather than being directly speciied by the user.
This lead to cases where the user would place an item at a
certain position, but that position would not be maintained
in the inal ranking. One user reported feeling that they were
łarguing with the modelž since their intentions were not well-
captured. Other systems allow users to directly judge the
relative merits of pairs of items [30] or organize a subset of
items from the dataset according to their preference [31].

Preference Elicitation in Recommender Systems

For insight into the problem of collecting user preferences,
we can look to the wealth of research around HCI for rec-
ommender systems [7, 22, 28, 29], which rely on ranking
according to user preferences as a subtask. However, key
diferences between recommendation and ranking systems
exist. Recommender systems aim to automatically ind inter-
esting items in a dataset, while interactive ranking systems
help users gain a global understanding of a dataset. In the
latter process, users may come to understand their own in-
tuition and preferences better, similar to how systems for
personal informatics encourage self-relection [32].

For recommendation, user preferences are often collected
implicitly, based on interactions such as search queries or
click-through logs. Preferences ofmultiple users are typically
aggregated using collaborative iltering [2]. In our setting, a
subset of data is manipulated by a single user to deliberately
train a ranking model. The model is then applied to help
the user create a global ordering over the same dataset in a
semi-supervised manner [42].
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For recommendation systems, it has been observed that
user satisfaction is positively impacted by a sense of control
over the recommendation process [7, 29]. As discussed in a
survey by He et al. [22], explicit interaction and visualiza-
tion have been incorporated to improve qualitative aspects
of the recommendation process. User preferences may be
used to match similar users or address łcold startž problems.
The most prevalent way recommender systems collect this
information is to have users rate items (such as giving 1 to 5
stars). However, studies have demonstrated that user ratings
can be inconsistent or inaccurate [3], and that humans are
more cognitively adept at making relative judgments [9, 10].
Some interactive recommender systems accomplish this by
allowing users to group together items they consider similar
[22]. One recommender system [35] evaluated the impact
of collecting pairwise preferences between subsets of items,
inding that it improved user satisfaction.

3 METHOD OF THE STUDY

In this work we compare the impact of alternative preference
collection interfaces which allow users to explicitly specify
their preferences using relative judgments. The chosen in-
teraction modes cover a broad spectrum of core methods
employed in interactive ranking and recommendation sys-
tems to date, following from our literature review above.
Chosen methods to collect preferences over items in the
dataset are sub-list ranking, categorical binning and pairwise

comparisons, Pair comparison has been popular for prefer-
ence elicitation [9, 10, 35]. A list is included given its use
in a recent visual analytics system, Podium [43]. Finally, to
allow users to group similar items as in previous ranking
and recommendation systems [22, 31], we develop an inter-
face where users group items into categories: high, medium,
or low. Our study used a between-participants design in
which each participant was randomly assigned to one of
three preference collection modes.
Research questions investigated in the study are (1) do

users behave diferently depending on the interaction mode,
(2) does the mode of interaction impact user satisfaction, and
(3) what kind of trade-of does each mode ofer between user
efort versus the training requirements of the underlying
ranking engine. Drawing on analytic approaches from sev-
eral recent studies that examine user behavior [5, 14, 17, 21,
44], and analysis of the computational complexity of system
processes [11], we frame our research questions as follows:

• interaction behavior: does the collection mode im-
pact measures of behavior such as total time spent
entering preferences or the number of items added?

• self-reported user experience: does the collection
mode afect the perceived ease of use of the ranking

tool? Does it impact their anticipated adoption of the
tool for ranking tasks?

• systemperformance: does the collectionmode afect
the size of the training data generated from the given
user preferences?

Design of Alternate Preference Collection Interfaces

We implement each interaction mode as part of a mixed-
initiative ranking system to compare the efect on user in-
teractions of each mode as a study condition. The resulting
interfaces are depicted in Figure 1. A pairwise learning-to-
rank algorithm powers the ranking engine [27]. For this,
pairs of items are extracted from the user interactions and
used to train the ranking model.

Sub-list Ranking.The sub-list preference collectionmode
(Figure 1a) closely matches a typical ranking activity. Prefer-
ences are speciied by sorting a subset of items into a com-
pletely ordered list. Items at the top of the list are preferred
to those placed below. At a minimum, two items must be
placed in the list so as to form one pair. The user can add
any number of additional items up to specifying a complete
ordering over all items.

Categorical Binning. The second preference collection
method (Figure 1b) uses a categorical approach. Users ex-
press their preference by binning a subset of items into three
categories: high, medium, low. Items within each category
are not compared. However, items in the high category are
preferred to all items in both the medium and low categories,
and items in the medium category are preferred to those in
the low category. At a minimum, two items must be placed
in separate categories in order to derive a ranking. The user
may choose to organize objects in any two out of three cate-
gories, or use them all, with any number of objects in each.

Pairwise Comparison. The last ranking method we con-
sider is the pairwise preference collection mode (Figure 1c).
Here, users directly express their preferences as binary re-
lations between pairs of items. Users place two items in an
ordered pair, with the one on the left preferred to the one on
the right. Unlike the other comparison modes, in the pair-
wise interface the same object can be entered multiple times
if it is preferred to multiple other items.

College Ranker Interactive Ranking Scenario

These alternative preference collection modes are incorpo-
rated into an interactive College Ranking system. The US
News and World Report Best Colleges dataset1 is used. The
dataset contains both numeric and categorical attributes of
colleges in the United States. The system is composed of
two views, a łBuildž view where users enter their prefer-
ences, and an łExplorež view where they access the global

1https://www.usnews.com/best-colleges/rankings/national-universities
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(a) Sub-list

ranking mode.

(b) Categorical

binning mode.

(c) Pairwise

comparison mode.

Figure 1: Alternative preference elicitation interfaces.

ranking generated based on their input. Users can iterate be-
tween these views to continually reine their ranking. Each
component of the system is described in detail below.

Build View. The Build view has two main components - the
data is displayed on the left side of the screen and the pref-
erence collection interface on the right. To avoid biasing
the user toward any pre-ranked numeric or lexicographic
ordering [39], we display the colleges from our target dataset
in a łdata poolž where they are represented only by name
arranged in a grid format. As a user may want to further
learn about each college and its properties, we provide the
attribute values for each item in a tooltip accessible on hover.
On page load, the college dataset is randomly shuled and
displayed in the data pool. Multiple navigation modes are
ofered: users can search for a college by name, sort the data
alphabetically, or use thełShule" button to randomly per-
mute the data. All three build modes employ the same basic
interaction; to enter their preferences, the user drags colleges
from the data pool into the preference collection interface
(Figure 1). Users can move as many objects as they want,
swapping their order and moving them between the pool
and the diferent ields within the Build view.

Explore: Global Ranking Interface. Once the user hits the
łRank!" button, they are redirected to the Explore view. A
thinking step displays a spinner andmessage łwe are comput-
ing your global ranking ... " to communicate the conceptual
division between the data the users have manipulated to
train the underlying model, and the learned global ranking.
The Explore view visualizes the learned college ranking in a
tabular display. To easily identify and evaluate their input
from the previous view, colleges that the user manipulated
are highlighted with bold text.

Ranking Engine. Internally, amixed-initiative system for rank-
ing leverages a machine learning algorithm to generate a
global ranking of the dataset from the partial input collected

from the user. Existing systems [30, 31, 43] adopt a pairwise
formulation of the learning-to-rank problem [33] which al-
lows a ranking to be learned by applying a binary classiier
to ordered pairs of data instances. Building on this result,
many classiication models have been employed for learning-
to-rank [6, 18, 27, 37]. Here we briely review the Rank SVM
algorithm [27] employed in our college ranker system. We
aim to provide the reader with the intuition behind these
algorithms as foundation for our subsequent analysis on the
efect of preference collection mode on training dataset size
and system performance (See Section 4). In particular, we
describe the type of training data required and the amount of
information needed to infer a meaningful resulting ranking.
The RankSVM algorithm [27] uses a Support Vector Ma-

chine (SVM) algorithm to distinguish between correctly or-
dered and incorrect pairs of data instances. This rests on
the assumption of a linear function U (x) = ®wTx where ®w
is a d-dimensional weight vector mapping each object in
the dataset xi to a value corresponding to its rank. Then the
following holds true:

®wTxi > ®wTx j =⇒ ®wT (xi − x j ) > 0

Therefore, instead of learning the ranking from the indi-
vidual data instances xi in the training dataset, the function
can be learned over the combined feature vector (xi − x j )
of each ordered pair of objects. Each training pair is as-
signed a binary class label c ∈ {−1, 1}, where a label of 1
indicates a correctly ordered pair, and −1 indicates an in-
verted pair. The weight vector ®w is a hyperplane decision
boundary which distinguishes between these two classes
while maximizing the space between them. Once the bound-
ary has been learned from the training data, a global ranking
over all unseen data can be extracted. For each object xi , ®wxi
gives a score ŷi which determines its rank position.
In a typical supervised learning problem formulation, the

true ranking over all n training data points is known. For
interactive ranking, the problem is semi-supervised [42], in
that labels are given only for a subset ofm < n data points. A
key consideration in the performance of the ranking model
in a semi-supervised setting is sample complexity analysis to
evaluate the number of training pairs required to efectively
learn a model. Wauthier et al. [46] consider the sample com-
plexity of the RankSVM algorithm. They observe that if pairs
are selected at random and labeled, then the RankSVM algo-
rithm performs optimally and requiresO(n) pairs to produce
a better than random expected result.

This complexity analysis is crucial to understandingwhether
interactive ranking can be efective given a small number of
examples from a user. Clearly, for dataset of n = 100 items,
having to manually specify preferences over 100 pairs puts
a non-trivial burden on the user. To reduce this, elicitation
techniques should generate as much information as possible
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Figure 2: Experiment phases: (1) training, (2) rank building, (3) rank exploration, (4) post-test survey. Participants can iterate

between build and explore unlimited times.

for the least amount of user efort. The mode of preference
collection employed impacts the number of pairs that can
be extracted from the user input. We examine this efect in
depth in Section 4.

Procedure and Tasks

Pilot studies were used to reine experimental instructions
and pacing, and to estimate the required sample size for
the inal study. The inal study was conducted on Amazon’s
Mechanical Turk (AMT) crowdwork platform, which has
been validated as a platform for studies in human-computer
interaction [36] and visualization [23]. In particular, Mason
and Watts ind that inancial incentives on AMT inluence
the quantity, but not the quality of work [36]. Following Hara
et al. [20], our workers were paid $1.25 based on the average
completion time of 5-8 minutes in our pilot studies. Payments
were structured as $1.00 base rate with a bonus of $0.25
ofered for creating a satisfactory ranking, to incentivize
engagement with the tool. Unbeknownst to the workers,
they all were paid the bonus. Average hourly wage for the
full study was $10.42, exceeding US federal minimum wage
of $7.25. Each participant was randomly assigned to one of
the three interaction modes and rewards were consistent
throughout the three methods. All participants viewed an
IRB-approved consent form.
Our procedure consisted of four phases: Training, Rank

Building, Rank Exploration, and Post-test Survey. Views of
each phase are shown in Figure 2.

Training:We provided participants with an instruction
page that described their task and the interaction mecha-
nisms in the ranking tool. For example, in the sub-list collec-
tion mode, the instructions stated:

You will use an interactive tool to create

a personalized college ranking. First, you

use the Build Tool to enter your preferences

about colleges in the dataset. Choose asmany

colleges as you wish and place each into a

ranked list. After you make your selections,

the system will provide you with a ranking

of the entire dataset of colleges based on your

initial choices.

Each speciic interaction mode was described, with ani-
mated gifs illustrating the preference collection process. For
the Sub-list mode users were instructed:

Drag colleges from the dataset on the left to

the list on the right. Place the most preferred

colleges at the top of the list, and the rest in

descending order of your preference.

Rank Building: After viewing the instructions, partici-
pants proceeded to the College Ranker tool. The Build view
contained the randomly assigned preference collection in-
terface. Participants then interacted with the colleges in the
dataset, entering as many preferences as they desired with-
out any time limit. When participants were satisied with
their preferences, they could click a łRankž button to advance
to the Rank Exploration phase.

Rank Exploration: The Explore view displayed the gen-
erated ranking over the entire dataset in a tabular format. On
this page participants could explore the ranking by scrolling
or paging through results, examining the order of items
and the scores assigned by the ranking engine. From here,
clicking the łEdit Preferencesž button navigated back to the
previous Build view. Participants could amend or reine their
preferences, iterating between the Build and Explore views
as many times as they wished. To complete the ranking task,
users participants clicked łFinish Rankingž. A modal window
prompted them łWould you like to revise your ranking by
returning to the Build page?ž to ensure users were aware of
the option to return to Build. Users could then click łYes -
Return to edit preferencesž or łNo - This is my inal rankingž,
which advanced them to the inal phase of the study.

Post-test Survey: Participantswere providedwith a short
set of statements and asked to indicate their agreement to
provide qualitative feedback.

Measures

We collect quantitativemeasures by logging user interactions
during the rank building and rank exploration phases of the
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study. We also record the time spent in each phase of the
study. Interactions logged include:

• Additions: The number of items participants entered
into the preference collection interface by dragging
them from the data pool.

• Removals: The number of items participants removed
from the preference collection interface and returned
to the data pool.

• Selections: The set of items entered into the prefer-
ence collection interface.

• Ranks: The number of times the participant clicked
the łRank!ž button to advance from the Build view to
the Explore view.

• Reines: The number of times the participant clicked
the łEdit Preferencesž button to return to the Build
view from the Explore view.

To evaluate the system performance, we consider the size
of the training dataset provided to the ranking engine using
each interface. As detailed in Section 3 the training data con-
sists of pairs of data objects generated from user preferences.
We measure the training data size in two ways:

• Pair growth rate: The number of pairs p generated
fromm items entered by the user. 2

• Actual pairs: An empirical count of the number of
training data pairs generated in practice.

In addition, self-reported quantitative measures were col-
lected using the post-test survey. Finally, using free-response
questions, we also collect participant comments on their
ranking strategy and experience using the College Ranker.

Pilots, Analyses, and Experiment Planning

To ensure our experiments included enough participants to
reliably detect meaningful diferences between the condi-
tions, we conducted efect size and statistical power analyses.
Speciically, we estimated the variance in our quantitative
measures based on results from two pilot studies, and com-
bined these with the observed means to approximate how
many participants were needed. In response to concerns
about the limitations of null hypothesis signiicance testing
[12, 45], we model our analyses on HCI research that seeks
to move beyond these limitations (e.g. Dragicevic [15]). Fol-
lowing Cumming’s [12] recommendations regarding group
comparison using conidence intervals (CIs), we compute
95% CIs using the bootstrap method, and use Cohen’s d to
measure efect sizes (the diference in means of the condi-
tions divided by the pooled standard deviation).

2This is a distinct measure from the total number of interactions performed

by the user since they may add, remove, and swap many items during the

Build phase before ranking.

●Category

List

Pairwise

30 60 90

(a) Number of Items Added

●Category

List

Pairwise

5 10 15 20

(b) Number of Items Removed.

Figure 3: Comparing the number of user interactions across

preference collection modes.

4 RESULTS

144 participants were recruited for the study. Out of the
total, 49 participants were randomly assigned to the sub-
list preference collection mode, 45 to categorical binning ,
and 50 to the pairwise mode. For each measure we compute
quantitative results comparing each study condition. Error
bars are 95% conidence intervals (CIs).

Elicitation Techniques and Observed User Behavior

Efect on Number of Interactions. We found that the average
participant assigned to the categorical binning mode inter-
actedwith signiicantlymore items from the dataset (M = 69.9
items added with 95% CI [46.4, 106.6]) than those participants
assigned to the sub-list or pairwise modes (M = 18.6 items
added with 95% CI [12.1, 41.1], and M = 12.7 items added
with 95% CI [10.5, 15.6] respectively) as seen in Figure 3. Fol-
lowing Cumming [12], we can interpret the upper and lower
limits of the conidence intervals as meaning that the average
participant in the categorical binning group added at least 5
items and up to 95 additional items during the build phase
compared to the other two conditions. The efect size as mea-
sured by Cohen’s d is large between categorical binning and
pairwise modesd = 0.79 [0.57, 1.06] and between categorical
binning and sub-list modes d = 0.66 [0.27, 0.96]. While there
is a small efect observed between sub-list and pairwise with
d = 0.22 [−0.24, 0.5], the negative lower-bound suggests
that diferences in these two groups should be considered
inconclusive.
We also count the number of items removed from the

preference collection interface during the build phase. While
there are fewer remove interactions on average, we observe
a similar efect across modes. The average user assigned to
categorical binning removed more items (M = 13.4 items
removed with 95% CI [7.9, 23.8]) than in sub-list mode (M
= 5.3 items removed with 95% CI [3.5, 8.9] or pairwise (M
= 3.6 items removed with 95% CI [1.9, 6.7]). The efect sizes
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●Category

List

Pairwise

3 4 5

(a) Time spent building in minutes.

●Category

List

Pairwise

0.50 0.75 1.00 1.25 1.50

(b) Time spent exploring in minutes.

Figure 4: Comparing the time spent interacting with the

preference collection interface during the build phase.

are d = 0.51 [0.23, 0.73] between categorical and pairwise,
d = 0.42 [0.11, 0.71] between categorical and sub-list, and
d = 0.28 [−0.37, 0.78] between sub-list and pairwise.

Efect on Time Spent Interacting. Despite the signiicant dif-
ference in the number of items added, we do not see a cor-
responding diference in the amount of time spent entering
preferences in the rank building phase (re 4a). Sub-list time
building (M = 3.2 minutes 95% CI [2.3, 4.7]), categorical bin-
ning time building (M = 3.9 minutes 95% CI [3.0, 5.2]), and
pairwise time building (M = 3.6 minutes 95% CI [2.8, 4.6]) do
not exhibit any signiicant efect from the preference collec-
tion mode used. Rank exploration time is not signiicantly
impacted by preference elicitation technique either (Figure
4b). Results show similar sub-list time exploring (M = 1.0
minutes 95% CI [0.7, 1.4]), categorical binning time explor-
ing(M = 0.7 minutes 95% CI [0.5, 0.9]), and pairwise time
exploring (M = 0.9 minutes 95% CI [0.7, 1.1]).

Efect on User Satisfaction. We include examples of the quali-
tative statements presented to users in the Post-study survey
(Figure 5). No signiicant diferences between preference
collection modes were observed. While participants didn’t
report a diference in their experience of the three modes, the
diference in number of interactions tells a diferent story.

Elicitation Techniques and ML Implications

Efect on Pair Growth Rate. As discussed in Section 3, to
learn a global ranking over the dataset the ranking engine is
trained over data pairs. To evaluate the efect of alternative
preference collection methods on system performance, we
consider the number of pairs that can be extracted using each
elicitation technique. We derive the pair growth rate for each
mode (shown in Figure 6a) which captures the number of
pairs n that is generated givenm data items entered into the
preference collection interface. Here we consider the number
of items collected when the user clicks łRank!ž to generate
the global ranking. Since objects are arranged diferently

Category

List

Pairwise

Strongly Disagree Disagree Neutral Agree Strongly Agree

(a) The inal ranking generated by the system relected my

personal preferences about colleges.

Category

List

Pairwise

Strongly Disagree Disagree Neutral Agree Strongly Agree

(b) I would use this system tomake decisions about colleges.

Category

List

Pairwise

Strongly Disagree Disagree Neutral Agree Strongly Agree

(c) When I was entering colleges into the build tool, I could

easily express my preferences.

Figure 5: Qualitative assessment. Users were asked to indi-

cate their level of agreement with each statement.

in each preference collection mode, there is a diferent pair
growth rate associated with each.

Sub-list Ranking Pair Growth Rate: The sub-List in-
terface speciies an explicit order over the set of items. Its
pair growth rate is thus

(m
2

)

= m(m − 1)/2, relecting all
possible ways of choosing ordered pairs from the list. This is
a quadratic growth rate, meaning ifm items have been added
into the list, then the number of pairs implicitly speciied is
on the order of O(m2).

Categorical Binning Pair Growth Rate: The categori-
cal binning mode is more diicult to quantify, since a difer-
ent number of objects can be added to each of the 3 bins. In
the worst case,m − 1 items will be placed in one bin, and
only one item placed in a second bin. In this case, onlym − 1
pairs would be formed (O(m) linear growth rate). However,
assuming an equal distribution ofm/3 objects in each bin,
many more pairs would be formed. In this best case, the

growth rate is m2

3 possible pairs. While this method is also
quadratic in the best case, it has a slower growth rate than
the sub-list mode. The max and min rates are both shown
in Figure 6a, with the shaded region covering the possible
range of pairs resulting from an uneven distribution of items
across bins for the categorical mode.

Pairwise Comparison Pair Growth Rate: This mode
is most directly aligned with the pairwise formulation of the
underlying ranking algorithm. Here the user speciies each
pair explicitly, meaning this is the most labor-intensive of
the three modes. Since two items are required to form every
pair, the growth rate is linear, namely,m/2, and even slower
than the minimum rate of the categorical mode.
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Figure 6b shows the actual number of pairs generated
by users laid over the pair growth rates, this time in log
scale for readability. We can see that while the number of
pairs generated by the sub-list and pairwise modes are ixed
dependent on m, for the categorical mode values can fall
anywhere in the shaded region. On the whole we can see
that users tend to distribute data evenly among the bins in
practice, yielding pair numbers of close to the maximum
categorical rate.

Efect on Training Data Size. We found that the average par-
ticipant who was assigned to the categorical binning mode
generated signiicantly more training data pairs (M = 2185
pairs 95% CI [1170,3805.5]) than those assigned to the pair-
wise mode (M=4.5 pairs 95% CI [3.9,5.2]), as indicated by
Cohen’s d with efect size d=0.63 [0.45,0.86]. The sub-list
mode also resulted in fewer pairs on average (M = M=401.4
pairs 95% CI [55.1,1875.2]). These results are shown in Fig-
ure 7. The efect size as measured by Cohen’s d between
categorical binning and sub-list modes d=0.44 [0.01,0.69],
and between sub-list and pairwise modes d=0.2 [0.16,0.26].

5 DISCUSSION AND FUTUREWORK

The results of our study suggest that the mode of preference
collection employed can signiicantly inluence the number
of interactions performed by users (Figure 3) as well as the
amount of training data provided to the ranking engine (Fig-
ure 7), without impacting the amount of time spent (Figure
4) nor the perceived ease of use of the ranking tool (Figure 5).
One general implication of these results is that the categor-
ical binning mode provides the best tradeof between user
efort and training dataset size. We next consider other possi-
ble explanations for these indings followed by implications
for the design of interactive ranking systems.

Categorical Binning: High User Engagement and

Expressiveness?

We targeted preference collection techniques which allow
the user to make relative judgements, based on previous
studies [9, 10]. Our results demonstrate appreciable difer-
ences in user behavior when specifying the relative value
of items in diferent ways. The cognitive process of binning
items in groups appears to impose less of a burden on the
user, as opposed to the ine-grained distinctions required by
the pair and sub-list modes. The categorical binning mode
allows users to organize information using broad strokes, in-
teracting with a large amount of data quickly, and providing
the most training data to the ranking engine on average. It
appears to facilitate sense-making over an entire decision
space, as many participants in our study categorized the ma-
jority of colleges in the dataset. This result has the potential
to provide utility for many tasks in addition to ranking, and
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rates due to an unequal distribution of items in each bin.
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Figure 6: Pair growth rates comparingm the number of items

in the preference collection interface against p the number

of pairs extracted.
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Figure 7: Number of pairs generated from user preferences.

aligns with the indings of other recent studies. Loepp et al.

[35] observed that collecting user preferences between small
subsets of items improved the user experience of interac-
tive recommendation, compared to a more labor-intensive
manual search for preferred items. Using categories was
also shown by Hu et al. [26] to facilitate understanding of
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recommendation results, for instance helping users identify
qualities such as diversity.
Following from Horvitz’s work on mixed-initiative sys-

tems [24], an interactive ranking systemmust be able to learn
models that contribute meaningful insights to the ranking
problem. In this setting, there is no absolute łground truthž
ranking as the target. Thus we cannot expect users to input
objects labeled with an exact position in the inal ranking,
as might be provided in a traditional training dataset. This
would require them to know not only how many items in
total are being ranked, but also the precise position of one
particular item in exact relation to all others. Previous work
by Amatriain et al. [3] showed that such absolute evalua-
tions elicited as numeric scores for individual items were an
unreliable indicator of users’ true preferences. A beneit of
categorical binning is that it can capture ambiguity on the
part of the user. For example, items placed in the top category
may be perceived by the user to be preferred to other items,
however, they are not forced to impose a strict order among
them. The ease of understanding and expressing high level
diferences between items allowed by the categorical bin-
ning approach seems to facilitate the data exploration task
well, allowing users to provide large amounts of training
information to the system with ease.
Future work might more closely investigate the possible

variations in user behavior and intent within binning modes,
as it is possible that a person would want to organize both
between categories, as in the college ranker tool, as well as
within categories. This line of research may be shaped by
signiicant existing research targeting cognition and user
interface (UI) elements in human-computer interaction. For
example, Aula et al., [4] examined search behavior using
cognitive proxies such as experience to further disambiguate
observed diferences in behavior with search interfaces. Con-
necting cognitive principles to preference elicitation tasks
and UI elements may be a promising means for developing
and evaluating interaction modes that better enable peo-
ple to express their intent in human-computer collaborative
contexts.

Supporting Diverse Ranking Strategies

Interaction modes using pairwise or sub-list preferences re-
sulted in smaller input from users. While the sub-list mode
has the fastest pair growth rate, in practice many fewer train-
ing pairs were generated using this mode. Lists have a high
potential, but rarely do people use them to their full capacity.
The pair preference format received the lowest rating from
study participants. This aligns with the fact that the slow pair
growth rate means that much more user efort is required
to enter enough data to learn a useful ranking. Future re-
search could draw on work in human-computer interaction
targeting search elicitation strategies, such as work from

Agapie et al. which explored UI components that led peo-
ple to longer search queries [1]. Merging łnudgingž threads
of research with rank preference elicitation may yield addi-
tional evidence-driven design guidelines that better optimize
the relationship between the user and the underlying rank-
ing algorithms explored in systems today [19, 30, 31, 43]. It
remains unclear what control schemes best align with indi-
viduals’ ranking strategies. New studies could be designed
that evaluate the consistency and diversity of ranking strate-
gies, perhaps by varying not only the interface, but also the
framing and underlying datasets under consideration.

Towards Compositions of User Elicitation Techniques

Although the study results indicate that users add signif-
icantly more data with categorical binning, it should not
be taken to mean that categorical techniques are strictly
superior to other elicitation modes. We posit that compo-
sitional approaches to user preference elicitation may be a
path towards mitigating the drawbacks of each mode while
maximizing the amount and quality of information the user
provides to the system. For example, given that the sub-list
mode has the fastest growth rate, and the fact that some (out-
lier) participants were observed to use the list technique to
its full potential, future interfaces may possibly combine the
beneits of both preference collection modes. Exploring this
would require the creation and then evaluation of novel elic-
itation interaction techniques. Recent work from Wall et al.
on the Podium system can be taken as a point in this design
space [43], given their system allows users to directly ma-
nipulate a ranking result list. A recent approach of łblended
recommendationž [34] which explores the use of manual
interactions such as data attribute iltering and weight ad-
justment combined with automated recommendation could
also inform design for interactive ranking.

Rankings are often used to capture an ill-deined or com-
plex quality, which is diicult to measure directly, and in
the end hinges on subjective evaluation by the user. As this
design space grows, it will likely become necessary to further
develop trustworthy and transparent experimental method-
ologies while also exploring how ranking algorithms can be
modiied to better include human-in-the-loop input.

6 CONCLUSION

Ranking is a powerful tool often employed by decision mak-
ers to understand complex data. Automated tools designed
to facilitate the ranking process can provide insight based
on users’ domain knowledge and intuition about the objects
being ranked. However, the impact of preference elicitation
methods on both the user experience of interactive rank-
ing systems as well as the quality of the learned rankings
has not been well understood. In this work we evaluated
three preference collection mechanisms designed to allow
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users to directly specify relative judgments about items in
a dataset in a crowdsourced study. Our results indicate that
a categorical binning preference collection mode provides
the best trade-of between user efort and training dataset
size. The results of this study have practical implications for
the design of interactive ranking systems, in how best to
engage users and derive suicient information from which
to generate meaningful rankings.
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