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Figure 1: In this paper, we formalize explainable ranking as a new problem for DMTs: given a set of options, the user needs to
find a preferred ranking of those options that is consistent with some weighted combination of simpler or less ambiguous
criteria (an explanation). To assist users in explainable ranking, our tool makes the three loops interactive: (1) rank choices, (2)
explain with criteria and weights, and (3) identify & resolve conflicts. It visualizes conflicts between the user proposed ranking
and the ranking explained by current criteria and weights; allows users to freely edit criteria and weights or add new criteria;
and offers User Insertion Sort to safely using uncertain priors (e.g., from AI or optimization) while ensuring that every ranking
decision is checked by a human user. We evaluate our system on different ranking tasks reflecting real-world use cases.

Abstract
We propose an interactive decision-making tool for discovering
and exploring explainable rankings for a given set of choices (e.g.,
job offers, vacation destinations, award candidates). We define an
explainable ranking as an ordering of choices based on some con-
sistent weighting of measured criteria. Our tool is designed to help
users explore different orderings, criteria, and criterion weights in
search of an explainable ranking that reflects their own personal
preferences. To achieve this, we combine visualization, optimiza-
tion, and (optionally) the integration of AI to help users identify and
correct or explain inconsistencies in their evaluation of different
choices. Through user experiments, we demonstrate that our tool
leads to more consistent explainable rankings with greater user
confidence.
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1 Introduction
Life is full of difficult decisions—ambiguous andmultifaceted choices
that force us to weigh disparate criteria and balance competing in-
terests. For example, selecting between different academic programs
or job offers, evaluating candidates for a position or award, or eval-
uating potential long-term investments like the purchase of a car
or home. The more consequential the decision, the harder it often
becomes to make, as every possible ramification presents a new
dimension to consider, and cascading impacts may be nuanced, sub-
jective, or uncertain. Navigating these decisions is difficult, which
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leaves us susceptible to inconsistencies and cognitive bias, even
when a problem is approached with the best intentions [8, 16, 35].
Here, decision-making tools (DMTs) can help by leveraging well-
de�ned criteria to make complexity easier to navigate, and �awed
reasoning easier to avoid. But for many decisions, identifying the
right criteria is much of the challenge. In this work, we explore a
new type of DMT designed to address a general class of decision-
making problem we callexplainable ranking, where the user is given
a set of options to evaluate, and their task is to �nd a preferred
ordering of those options (aranking) that is consistent with some
weighted combination of simpler or less ambiguous criteria (anex-
planation). What distinguishes our framing of explainable ranking
from problems addressed in previous work is the simultaneous ex-
ploration of both rankings and explanations, without the constraint
that the two should always remain consistent. Previous DMTs have
focused on exploring rankings or explanations individually to avoid
disagreement between the two. We show that permitting such dis-
agreement allows us to create a more general DMT that can also
help users identify and address potential inconsistencies or bias
they may not otherwise be aware of. Our work combines design
and technical innovation to develop our undertanding of explain-
able ranking problems and present a novel and practical system to
address them in real-world applications.

Overview
Much of our original motivation for this work came from a spe-
ci�c real-world problem: the need to develop fair, consistent, and
scalable grading procedures for open-ended projects in a univer-
sity course. Section 3 describes this problem, how it contributed
to our design process, and why many of the challenges it surfaced
could not be solved with existing tools. We then propose a set of
design goals (Section 4) for explainable ranking tools, including
the development of ethical guardrails for the use of automation
(e.g., AI and optimization) in evaluations. In Section 5 we formalize
explainable ranking to help quantify challenges and show how our
framing generalizes beyond open-ended grading. In Section 6, we
introduce two key technical innovations that play signi�cant roles
in our approach to explainable ranking, and also carry potential
signi�cance for other applications:

� Explanation-Rank Resolution(Section 6.1): an approach to in-
teractive ranking that o�ers users unconstrained control over
rankings and explanations, and uses a DMT to identify, visual-
ize, and resolve inconsistencies between the two.

� User Insertion Sort(Section 6.2): an interactive strategy for safely
integrating uncertain priors (e.g., based on AI or optimization)
into the ranking process, while ensuring that every ranking
decision is checked by a human user.

Section 7 then describes the design of our interactive tool and how
it balances our design goals. Finally, in Sections 8-9, we evaluate
our system on four di�erent ranking tasks re�ecting real-world use
cases, including one based on an open-ended grading application
that our tool has already been used for to grade hundreds of real
student projects over multiple years.

2 Related Work
Decision making has been studied in a wide range of �elds, from
psychology and economics to HCI, operations management, and
game theory. Our formulation of explainable ranking in Section 5
also establishes useful mathematical connections to work in con-
joint analysis [6], recommendation systems [18, 43], and Bayesian
optimization [42]. In the interest of brevity, we note these wider con-
nections here and discuss mathematical connections as they arise
in our method, but focus our the rest of this section on especially
relevant ideas from psychology and related work on DMTs in HCI.

2.1 Decision-Making & Cognitive Bias
Large bodies of research have examined inconsistencies and bias in
human decision-making [7, 8, 19, 31, 34]. We are particularly inter-
ested in what Tversy and Kahnerman �rst described as cognitive
biases and heuristics [34� 36]. At a very high level, cognitive biases
can be thought of as common mistakes or inconsistencies in human
decision-making, and heuristics as theories that predict or explain
those mistakes. Two heuristics are especially relevant to our appli-
cation: availability, and bounded rationality [7, 19, 31]. Essentially,
limited memory, knowledge, and reasoning lead humans to take
shortcuts when making decisions. One such shortcut is called the
anchoring and adjustment e�ect [35], which describes a bias toward
evaluating new options relative to those that have been seen before
or recently. For example, a user may be more likely to rate a given
option highly immediately after considering several options that
are clearly inferior by comparison. For long tasks that call for many
comparisons to be made (like ranking) this can result in drifting
standards that cause inconsistencies over time. Much of our sys-
tem design aims to mitigate availability and bounded rationality
heuristics with the help of visualization, optimization, and AI.

2.2 Multi-Criteria Ranking Tools
Multi-criteria DMTs have been explored in several previous works
from HCI and related �elds [9, 22, 25, 33, 40, 41]. The work most
closely related to ours comes from systems that focus on ranking
tasks [3, 13, 29, 37]. As noted in Section 4.3, these systems can be in-
terpreted as explainable ranking tools where criteria are assumed to
be �xed and known a priori, and rankings are directly determined by
a weighted combination of those criteria. LineUp [13] allows users
to interactively combine attributes and adjust weights to explore
how di�erent con�gurations a�ect rankings. RankASco [3, 29] vi-
sualizes categorical and numerical attributes along with underlying
correlations, and lets users explore non-linear weighting schemes
for di�erent criteria. Podium [37] lets users specify a set of soft
ranking constraints (i.e., an ordering for some subset of choices)
and then optimizes attribute weights to best �t those constraints,
which, to our knowledge, is the closest that previous work has come
to allowing independent exploration of rankings and criteria. These
systems o�er a powerful way to explore rankings when each choice
can be summarized completely by its provided attributes. However,
this setting often fails to adapt to more nuanced or subjective com-
parisons, and as the number of possible choices grows, so does the
portion of possible rankings that cannot be explained with �xed
criteria. We formalize these limitations in Section 5.
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2.3 AI-Assisted Decision-Making
HCI researchers have increasingly worked on incorporating AI
into decision-making systems, for example, by providing humans
with recommendations [30]. However, concerns about algorithmic
bias and its potential to lead to unfair or harmful outcomes are
signi�cant [ 10, 20], leading to signi�cant interest in research on
algorithmic fairness [1], transparency [24,27,38,39], accountability,
and appropriate reliance [4, 5, 14, 23]. Recent work by Echterho� et
al. [11] takes a somewhat di�erent approach. Like us, they focus on
using AI to �nd inconsistencies in the user's decisions, speci�cally
by capturing and balancing anchoring bias in sequential decision
tasks. We believe this strategy for leveraging AI has a lot of yet
unexplored potential.

3 Formative Exploration: Open-Ended Grading
Early motivation for this work came from a speci�c use case related
to scaling fair grading procedures for open-ended projects in a
university course on computer graphics, which we will refer to in
this paper asCourseX. The course is designed to center around open-
ended projects that encourage students to use course concepts in
creative ways. Three of these projects are assigned over the course
of the semester. As enrollment in the course has grown, so has the
number of projects to grade. In the six o�erings that have used
this project-based structure, enrollment has ranged from84to 300
students, with most semesters averaging around145students1. A
majority of the projects were done in pairs, so most semesters have
called for grading 3 projects with around70submissions each.

3.1 Open-Ended Grading & Explainable
Ranking

3.1.1 Open-Ended Projects vs. Subjective Criteria.It is useful to
distinguish between what we call open-ended projects and assign-
ments that simply include subjective grading criteria. Our work is
relevant to both, but open-endedness is primarily responsible for
challenges related to scaling. Subjective grading criteria are quite
common, even in large classes. For example, in liberal arts course-
work, writing assignments often necessitate some subjectivity in
grading. However, subjective grading criteria can still be carefully
speci�ed, for example, in a rubric and/or through examples pro-
vided for each achievable grade. When we refer to �open-ended"
projects, we mean ones where students are incentivized to go be-
yond provided speci�cations in creative and often surprising ways.
Projects can be open-ended without having subjective criteria. For
example, imagine asking students to build a mechanism to launch
tennis balls as high as possible into the air. Even if the criterion for
grading is objective (e.g., the altitude reached by a ball), the lack
of a known upper bound means that, if we grade on a curve, there
is a strong incentive for students to �nd creative new solutions to
the problem (literally, to shoot for the moon). This example also
illustrates the need for ranking: if the distribution of criteria is
unbounded and unknown when the assignment is given, the map-
ping from projects to grades cannot be determined until all projects
have been evaluated�at which point it becomes a ranking problem.

1Enrollments �uctuate over the semester, so these numbers are approximate. Variation
across o�erings stabilized after a cap of 150 was placed on enrollment.

When multiple criteria are used, even if each is individually objec-
tive, graders are tasked with determining their respective weights.
When the criteria are known and �xed, this becomes the problem
addressed by Multi-criteria DMTs. Explainable ranking generalizes
this further by helping users incorporate new and subjective criteria
during the ranking process.

3.1.2 Rubrics & Grading Criteria.Open-ended projects and grad-
ing do not preclude the use of rubrics and well-speci�ed grading
criteria. InCourseX, for example, rubric with criteria for grading
each project are provided when the project is assigned, with spe-
ci�c guidelines on what is required to achieve grades up to a given
threshold (roughly in the B range). Grades up to this threshold are
uncurved, and based on the provided rubric. However, grades above
the threshold are di�erentiated on a curve, which is what leads to
ranking. While somewhat uncommon for grading, this scheme is
similar to many decision problems encountered in other settings.
For example, when making hiring decisions, employers often use a
set of requirements to �lter candidates before ranking those that
remain. Filtering is much faster than ranking, because candidates
only need to be evaluated against a single list of criteria, while
ranking requires evaluation against all other candidates. Rubrics
can serve a related purpose in grading for large courses: the e�ort
of evaluating a single assignment against a rubric does not depend
on the number of students in a course, but e�ort required to rank
an assignment does.

3.2 Inconsistency in Ranking
3.2.1 Local vs. Global Assessment.When criteria for ranking are
subjective, nuanced, or varied, this gives rise to two distinct types
of assessment. The �rst type, which we calllocalassessment, in-
volves evaluating an item in isolation to understand its merits and
how they relate to existing criteria. Grading based on well-de�ned
rubrics amounts to local-only assessment. However, ranking allows
for a second type ofglobalassessment, where items are compared
to weigh their relative merits. Global assessment cannot precede
local assessment, as one cannot compare the merits of two items
without �rst understanding what those merits are. With this in
mind, the �rst step in our approach to grading involves evaluat-
ing submissions according to the provided rubric. This determines
the uncurved portion of grades, serves as a way to identify the
strengths and weaknesses of each submission.

3.2.2 Estimating Consistency in Local Assessments.A common
strategy for scaling grading is to have several graders work in
parallel. We also used this strategy to scale the local assessment
of submissions in our grading. We begin by grading a sampling of
submissions as a group in the same room for calibration. Then, the
remaining submissions are divided among graders such that each
submission is graded by two graders. Initial scores are then calcu-
lated for each submission by averaging its two corresponding scores.
In our �rst iteration of the course, grading ended here, and we later
discovered several inconsistencies between grades assigned to dif-
ferent projects. That discovery was the original motivation for this
work, eventually leading to the system we use now, which follows
an initial round of parallel local assessments with a round of global
assessments performed with our interactive tool as a group, and
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Figure 2: The x-axis shows the �nal scores that are veri�ed by
the instructor. The y-axis shows �rst pass scores that are the
average of values assigned independently by two TAs. Red
dots indicate the projects we used in our second case study.

a �nal round of global assessments by the instructor the next day
to check for consistency. Finally, the instructor applies a curve to
the veri�ed rankings to determine project grades. This new process
o�ers us a lens into the consistency of local assessments by letting
us compare initial scores against the �nal scores that are veri�ed
by the instructor. Figure 2 shows anonymized data from a project
we refer to as C2, where �nal scores are plotted against the initial
local estimates by course sta�. The Spearman's rank correlation
between the initial and �nal scores was 0.74 (? Ÿ 0”001��� ). From
Figure 2, we see a clear but noisy correlation between �rst pass and
�nal rankings. However, if we measure this noise in terms of �bad"
grading decisions�i.e., those where the ordering of two grades was
deemed inconsistent or incorrect upon further scrutiny�the results
suggest that simply averaging multiple graders is quite problematic
on a su�ciently open-ended project. In practical terms, had we used
initial scores to assign grades (as many courses do!), most of the
students in the class would be able to �nd several submissions that
received higher scores than their own for what most of the course
sta� would agree to be weaker work. In our second case study
(Section 9.2), we examine this grading application in more detail
with four of the original graders from the course to better examine
how our tool helps make their evaluations more consistent.

3.3 Grading vs. General Explainable Ranking
Our grading application is representative of many common decision
problems that can be expressed as explainable ranking. What makes
these problems di�cult is balancing explainability with the need
to compare many diverse items based on diverse and sometimes
unanticipated criteria. This challenge is, in essence, one of gener-
alization. It should be no surprise, then, that an e�ective solution
would generalize to other problems. For example, to evaluating
award nominees, comparing job applicants or o�ers, or navigating
important purchases. To facilitate such generalization, we derive

design goals and a mathematical formulation of the problem based
on explainable ranking more generally, which we formalize in Sec-
tion 5. We later evaluate our tool on three scenarios in addition to
grading in user and case studies, and include more examples in our
supplemental material.

4 Design Goals
Based on our experiences with open-ended grading and through
iterative testing and design, we derived four high-level goals for
explainable ranking tools: explainability, adaptability, scalability,
and ethical guardrails. Our major design challenge is to balance
these goals when they are often in con�ict.

4.1 Explainability
Humans are notoriously bad at making complex multi-faceted
choices. The core idea of explainability is to factor those choices
into a combination of much simpler and less ambiguous decisions
that can be easily explained. This serves two purposes: for the user,
it supports metacognitive awareness by externalizing their thought
process, often making it easier to recognize inconsistencies or bias.
And for others, it can o�er transparency into the user's reasoning
as a way to provide greater insight and accountability. A common
example of this can be found in the use of rubrics for scoring par-
ticipants in a competition. Such rubrics help judges score each
competitor fairly, and help competitors understand why they have
received a given score. Similarly, our system should help users eval-
uate choices consistently, while also generating an interpretable
explanation for their �nal ranking. In our testing with users, we
measure this by evaluating user con�dence in rankings, and the
consistency of those rankings. Here, consistency can be measured
by testing whether subsequent pairwise comparisons agree with
earlier ranking decisions. Note that this kind of consistency implies
a weak form of explainability even in isolation, as it o�ers evidence
that a ranking has a valid explanation, even if that explanation has
not been made explicit.

4.2 Adaptability
A common limitation of rubrics is that they fail to adapt to less struc-
tured tasks. For example, when used for grading, it may be simple
to assign values to di�erent answers for a multiple-choice problem,
but much more complicated for essays or other more open-ended
tasks. This is where adaptability becomes essential. A good example
of adaptability can be found in one of the oldest known DMTs, the
pros and cons list, which we can think of as an explainable ranking
tool for binary decisions (e.g.,� vs.� ) and binary criteria values
(�pro" or �con"). By limiting choices and criteria to binary value, the
pros and cons list minimizes the complexity of adding new criteria,
which lets the user focus on enumerating and weighing di�erent
factors that may impact their decision. Similarly, we want our sys-
tem to make it easy for users to add and customize new criteria�but
in our case, without limiting choices and criteria to binary values.

4.3 Scalability
The pros and cons list is very adaptable, but limited binary decisions.
Decisional balance sheets [17], which extend the pros and cons list
to non-binary choices, are often used in psychological interventions
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[15], but rarely to decide between more than a very small number
of options (e.g., 2-3) for reasons we discuss in Section 5.2. More
recent work on multi-criteria DMTs for ranking trades adaptability
in favor of scalability by limiting criteria to qualities that are �xed
and known [3, 13, 29, 37]. This reduces the problem to weighing
known criteria, which maps well to computation even when the
number of options becomes large. Our work aims to balance this
kind of scalability with more adaptable control over criteria. Here,
the goal need not be to scale our process to hundreds or thousands
of options�though we will discuss how this might be accomplished
as future work�rather, even scaling to tens of options constitutes
while maintaining adaptability is signi�cant.

4.4 Ethical Guardrails
It is important to understand that explainability is not the same as
fairness. It can often improve fairness by helping users avoid certain
types of bias or inconsistency�this is one of the main motivations
for our work�but that does not preclude self-consistent biases (e.g.,
use of deliberately biased criteria), nor does it prevent a determined
user from using bad-faith explanations to justify biased decisions.
This raises two particular concerns that in�uence how we approach
the integration of AI and optimization in our system:

� Bias in AI: Our system supports the use of AI for scalability.
However, AI is subject to its own biases [10, 20], and in some
cases, its use for evaluation may even be inherently unethical.

� Explanations vs. Excuses: Our system supports the use of
optimization to help users reason about the values implied by a
given ranking. As we discuss later in the paper, such optimiza-
tion could potentially be abused to �nd plausible explanations
for decisions made in bad faith.

These concerns can turn e�ective tools for explainable ranking into
something of a double-edged sword. With this in mind, our fourth
design goal is to limit the risk of potential abuse, which we do by
applying two principles to our design:

(1) Rather than using AI or optimization to perform evaluations
automatically, we focus on using them to accelerate human
evaluation or identify inconsistencies in a users' reasoning. A
key strategy we use to accomplish this is what we calluser
insertion sort, described in Section 6.2.

(2) We make uses of AI and optimization optional and modular so
that they can be restricted or disabled when appropriate.

5 Problem Formulation & Strategies
Here, we establish a formal de�nition of explainable ranking, which
we can use to quantify the strengths and limitations of existing
tools, and to guide the design of an alternative approach.

5.1 Formulation
The user is given some set of= choices,- = fG1• ”””• G=g, to compare.
The goal is to help them �nd anexplainable rankingof these choices,
which we will de�ne as one that is consistent with some linear
combination of known attributes. More formally, an explainable
ranking requires three things:

� A ranking � � that gives a partial ordering of the choices
being evaluated, withG8 � � G9 indicating thatG9 is valued
as greater than or equal toG8

� A criteria matrixX with columnsf x0•� � � •x=g, where eachx8
is a vector of: values describing the corresponding attributes
of choiceG8

� A weight vectorw that describes the relative importance of
each measured attribute.

We say that the ranking� � can beexplainedby X and w if its
ordering of- is consistent with values of the productw| X. More
precisely, if we de�ne� w as:

G8 � w G9 () w| x8 � w| x9 (1)

then � � is explainedby the productw| X when:

G8 � � G9 =) G8 � w G9 (2)

Intuitively, if we think of w| x8 as values forG8 predicted byX
andw, then Eq. 2 states that� � should rank items consistent with
these predictions. Our task is then to help the user �nd or build
f� � •X•wg that best re�ect their own evaluation of the items in- .

5.2 Existing DMTs for Constrained Explainable
Ranking

Existing tools had addressed special cases of the explainable ranking
problem under di�erent constraints, which are useful to interpret
in terms of our design goals.

5.2.1 Pros and Cons List.The classic pros and cons list favors adapt-
ability over scalability by limiting the number of choices to just two
options: one supporting a decision (�Pro�) and the other rejecting it
(�Con�). Each item in the list represents a criterion row ofX, where
�pro" items can be encoded as rows with1in the Pro column and0in
the Con column, and �con� items encoded as rows with the opposite
values. Interestingly, so long as our list has at least one pro and one
con, all possible rankings (Pro, Con, or tie) can be explained. As a
consequence, the weight vectorw can be wholly implied, as any
decision can be defended after the fact with an appropriate choice
of weights. This makes adding a criterion toX extremely easy, as
the user only needs to consider two things: whether that criterion
is positive or negative, and whether it changes their �nal decision.

5.2.2 Previous Multi-Criteria DMTs.Most existing multi-criteria
DMTs represent a near-opposite approach to the pros and cons
list, focusing on scalability at the expense of adaptability. This is
typically achieved by limiting the user to interactions that change
the weight vectorw. The criteria matrixX is assumed to be given
and immutable, and the ranking� � is set to a direct function of
w| X (i.e.,� � = � w ), e�ectively limiting the user to rankings that
are explainable by construction. In this case, every edit tow triggers
the calculation ofw| X and a sorting operation, which is easy to
compute at interactive rates even for very large criteria matrices.
This lets the user focus on exploring the space of possible criteria
weights. Notably, Podium [37] deviates from this slightly by letting
the user estimate weights based on a set of ordering constraints.
This is a step toward some of the interaction that our tool supports,
but asX is immutable, user-speci�ed ordering constraints can often
be impossible to satisfy.
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6 Key Innovations
Our approach to explainable ranking introduces two innovations
that feature signi�cantly in the design of our tool:

6.1 Explanation-Rank Resolution
Existing tools manage the complexity of explainable ranking by
prohibiting direct control over one or more of the parameters in
f� � •X•wg. This prevents con�icts from arising between rankings
and explanations, but also limits adaptability or scalability. Our
tool takes a di�erent approach by letting users edit any part of
f� � •X•wg independently, making it highly adaptable by design.
Notably, doing so permits edits that can put the current ranking
� � in con�ict with the current explanationw| X. This is one of our
biggest departures from previous approaches: rather than forcing
rankings to be explainable by construction, our system focuses on
helping users identify and resolve contradictions as they arise. To
describe this process, which we callexplanation-rank resolution
(ERR), we must distinguish between the current ranking� � and the
one suggested by the current explanation,� w . Con�icts between� �

andw| X often signify inconsistent reasoning or missing criteria.
This is both an opportunity and a challenge for ERR, because if
we can navigate the added complexity, we can help them identify,
visualize, and resolve potential �aws in their own reasoning.

6.2 User Insertion Sort
Many of the individual tasks involved in ERR can be expressed as
a sorting operation on choices according to di�erent criteria. For
example, the ranking task itself is a kind of sorting, as is the task of
checking ranks or criteria values for consistency, or updating� w

based on changes tow| X. For completely objective criteria, this
process is simple to automate, but for subjective criteria, reliable
sorting depends on asking the user to make a series of pairwise
comparisons [32]. One of the most powerful techniques we intro-
duce in our tool is what we calluser insertion sort(UIS), as it o�ers
a way to safely leverage incomplete or uncertain information to
accelerate this kind of subjective sorting. The basic idea follows
the observation that the insertion sort algorithm 1) can be con-
ducted with pairwise comparisons, and 2) has time complexity that
depends heavily on the insertion order. Notably, the number of
comparisons used in insertion sort reduces to the same minimum
number required to manually verify that an ordering is correct. UIS
works by asking the user a sequence of pairwise comparisons that
map to the operations of insertion sort, where the insertion order
can be determined by an imperfect guess at the true ordering. For
good guesses, this accelerates the sorting process to a linear number
of comparisons, while ensuring that every decision is checked by
the user. In our implementation, we also randomize the order that
items appear on-screen to help minimize ordering bias.

There are two main uses for UIS in our tool. First, we let users
trigger a sort to set� � based on the order� w predicted by current
weights to check and see if the current explanation is consistent
with their subjective ranking of choices. Second, UIS o�ers a poten-
tially safer way to incorporate AI and optimization into evaluations.
More speci�cally, when assigning values to criteria, we can use
values estimated by AI to determine an insertion order for UIS. This
o�ers three options for how to integrate AI into the system: we

Figure 3: Data Loading Panel. Users select which �elds to import
(image, numeric, text) and con�gure numeric columns' editability
and normalization range.

can disallow it completely in high-risk tasks, we can use it to fully
automate the evaluation of criteria when doing so carries little risk,
or we can use it in UIS to accelerate manual evaluation of criteria.

7 System Design
We begin by describing the data format our tool supports. Then we
introduce the di�erent parts of our interface and the typical use
patterns they supports. Our strategy for balancing adaptability and
scalability will rest on o�ering a �exible and e�cient way to resolve
con�icts between� � and� w (i.e., ERR). Section 7.3 will discuss how
this is done without optimization and AI and when doing so be-
comes di�cult to scale. Section 7.4 then describes how we integrate
optimization and AI to address these problems with scalability.

7.1 Data Format and Loading
Our tool supports a wide range of data types, including text, num-
bers, images, �les (e.g., PDFs), and videos. Users prepare data in a
Google Sheet where, starting at the third row, each row represents
a choice. The �rst row contains the �eld names (column headers),
and the second row speci�es the �eld types. We support six types:
image(a link to an image: JPG/PNG/SVG/GIF),info (free-form text
describing the choice),name(the display name for each choice),
file (a link to a readable �le stored in Google Drive, e.g., a PDF),
criterion (numeric information for a choice, such as pre-scored
criteria), andvideo (a link to a YouTube video).

To upload data, users paste the Google Sheet link into our tool.
TheData Loading Panel (Figure 3) then opens, showing each �eld
as a toggle. Users select which �elds to include in the tool. For nu-
meric �elds, users can also choose whether the values are editable
and whether to normalize them on import (and, if so, specify the
normalization range).
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Figure 4: User Interface. (A) Target Rank Panel: Drag items to edit their target ranking. Green borders mark items placed lower than their
position in the current explanation; red borders mark items placed higher. (B) Weights Panel: Each criterion's weight is shown as a bar;
drag to adjust. Click Estimate Weights (K) to run an SVM that infers a weight vector from the target ranking. (C) Weight Rank Panel: A
horizontally scrollable list ordered by the current explanation; not directly editable because it is a function ofw andX. (D) Rank Comparison
Panel: A slope chart showing con�icts between the target rank (top) and the explainable rank (bottom). Clicking an item reveals dots at
intersections; clicking a dot (G) opens the Choice Comparison Panel (Figure 5). Use the Switcher (H) to switch to the Score Distribution Panel
(Figure 7). (F) Scoring Panel: Each criterion is a slider; as users drag, all choices sharing the current score on that criterion are shown for
comparison. (E) Criteria Panel Button: Opens the Criteria Panel (Figure 6). (I) Add Criterion Button: Opens the Adding New Criteria Panel
(Figure 8). (J) User Insertion Sort Button: Initiates UIS, prompting users to make a series of pairwise comparisons in the choice comparison
panel (Figure 5) to rank all choices.

7.2 Interface
Figure 4 shows the main page of our interface. With= choices and
: criteria, the: � = criteria matrix X is the biggest obstacle to scala-
bility. With this in mind, the main page of our interface focuses on
editing � � andw, and on visualizing inconsistencies between� �

and � w , while operations that deal with more detailed information
aboutX are abstracted into separate panels that can be toggled as
needed. Our main page has four di�erent panels:

� TheTarget Rank Panel (Figure 4A) at the bottom left repre-
sents� � with an ordered list of choices. Users can drag and
drop items in the list to edit� � .

� TheWeights Panel (Figure 4B) at the bottom right represents
w, with each criterion weight shown as a di�erent bar. Users
can click and drag on these bars to increase or decrease their
value.

� TheWeight Rank Panel (Figure 4C) at the top left shows a
small horizontally scrollable list of choices ordered according

to the current explanation� w . This ordering cannot be edited
directly, as it is a function ofw andX.

� The Rank Comparison Panel (Figure 4D) at the top right
visualizes con�icts between the current ranking� � and the
current explanation ranking� w in a vertical slope chart (see
Section 7.3).

Actions by the user can also toggle one of three additional panels:

� TheCriteria Panel (Figure 6), toggled on the main page (Figure
4E), is used to de�ne or edit criteria. This is arguably the single
most di�cult operation to scale, and the main place where we
explore the (optional) integration of AI.

� TheScoring Panel (Figure 4F), toggled by selecting a choice in
the Target Rank Panel, lets the user view and edit criteria scores
for a particular choice, with each criteria represented as a slider.

� The Choice Comparison Panel (Figure 5) shows info and
criteria scores for speci�c choices, aligned next to one another
to facilitate detailed comparisons and edits.
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