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ABSTRACT

Algorithmic decisions often result in scoring and ranking indi-

viduals to determine credit worthiness, qualifications for college

admissions and employment, and compatibility as dating partners.

While automatic and seemingly objective, ranking algorithms can

discriminate against individuals and protected groups, and exhibit

low diversity. Furthermore, ranked results are often unstable Ð

small changes in the input data or in the ranking methodology may

lead to drastic changes in the output, making the result uninfor-

mative and easy to manipulate. Similar concerns apply in cases

where items other than individuals are ranked, including colleges,

academic departments, or products.

In this demonstration we present Ranking Facts, a Web-based

application that generates a “nutritional label” for rankings. Ranking

Facts is made up of a collection of visual widgets that implement

our latest research results on fairness, stability, and transparency for

rankings, and that communicate details of the rankingmethodology,

or of the output, to the end user. We will showcase Ranking Facts

on real datasets from different domains, including college rankings,

criminal risk assessment, and financial services.
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1 INTRODUCTION

Algorithmic decisions often result in scoring and ranking indi-

viduals Ð to determine credit worthiness, desirability for college

admissions and employment, and compatibility as dating partners.

While automatic and seemingly objective, rankers can discriminate
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against individuals and protected groups [1], and exhibit low di-

versity [9]. Furthermore, ranked results are often unstable Ð small

changes in the input or in the ranking methodology may lead to

drastic changes in the output, making the result uninformative

and easy to manipulate [3, 10]. Similar concerns apply in cases

where items other than individuals are ranked, including colleges,

academic departments, and products.

Algorithmic decisions are produced by complex processes with

many hidden assumptions, and are increasingly used outside of the

original context for which they were intended. In response, develop-

ers, regulators and the public need to quickly determine the łfitness

for usež of a given model or dataset, and to assess the methodol-

ogy that was used to produce it. This motivates development of

interpretability and transparency tools.

With the exception of recent machine learning results that enable

interpretability of particular classes of algorithms [6, 7, 12], recent

scholarship on algorithmic accountability has primarily focused

on enabling an analyst to retroactively verify particular properties

rather than proactively exposing a standard suite of information.

Because algorithmic processes can be complex or secret, these

methods rely on retrospective checks, using techniques like zero

knowledge proofs [4], audits [8], and reverse engineering [5]. These

are valid methods of interrogation, but they put a significant burden

on users. The burden should instead be borne by the vendor who

produced the result, who is in a better position to explain it.

In this work we develop an interpretability tool, Ranking Facts,

that is based on the concept of a nutritional label. We draw an anal-

ogy to the food industry, where simple, standardized labels convey

information to consumers about the ingredients and production

processes. Short of setting up a chemistry lab, the consumer would

otherwise have no access to this information. Similarly, Ranking

Facts explains ranked outputs to a user, with appropriately summa-

rized information regarding the ranking process.

An example of the output produced by our tool is presented

in Figure 1. It explains a ranked set of Computer Science depart-

ments. The data was obtained from CS Rankings (https://github.

com/emeryberger/CSRankings), augmented with attributes from

the NRC (http://www.nap.edu/rdp/) dataset, see details in Section 3.

Ranking Facts is made up of a collection of visual widgets. Each

widget addresses an essential aspect of transparency and inter-

pretability, and is based on our recent technical work on fairness

and diversity [2, 9, 11, 13], transparency [10], and stability (ongoing)

in algorithmic rankers. We describe next how we explain rankings

using the widgets (Section 2) and then discuss demonstration sce-

narios (Section 3) before concluding in Section 4.








	Abstract
	1 Introduction
	2 Explaining rankings
	2.1 Recipe and Ingredients
	2.2 Stability
	2.3 Fairness
	2.4 Diversity

	3 Demonstration Scenarios
	4 Take-Away Messages
	References

