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Abstract

Gerrymandering is the manipulation of redistricting to in-
fluence the results of a set of elections for local representa-
tives. Gerrymandering has the potential to drastically swing
power in legislative bodies even with no change in a popula-
tion’s political views. Identifying gerrymandering and mea-
suring fairness using metrics of proposed district plans is a
topic of current research, but there is less work on how such
plans will be perceived by voters. Gathering data on such per-
ceptions presents several challenges such as the ambiguous
definitions of ‘fair’ and the complexity of real world geog-
raphy and district plans. We present a dataset collected from
an online crowdsourcing platform on a survey asking respon-
dents to mark which of two maps of equal population distri-
bution but different districts appear more ‘fair’ and the rea-
soning for their decision. We performed preliminary analysis
on this data and identified which of several commonly sug-
gested metrics are most predictive of the responses. We found
that the maximum perimeter of any district was the most pre-
dictive metric, especially with participants who reported that
they made their decision based on the shape of the districts.

Introduction

Gerrymandering is the practice of creating districts for leg-
islative maps that manipulate the results of an election to
advantage whichever party is drawing the districts. In the
United States, this practice is most commonly seen in elec-
tions for the United States House of Representatives, where
each state is divided into a certain number of districts based
on population data collected during the census each decade.
These maps are often drawn and chosen by state legisla-
tures, which allows parties in control of those bodies to cre-
ate maps which give their candidates greater chances to win
a large number of Congressional seats during the election.
Gerrymandering that discriminates on voters based on race
has been deemed unconstitutional (Shaw v. Reno (1993) and
Miller v. Johnson (1995)). However, partisan gerrymander-
ing along political lines remains legal in many states and the
Supreme Court has ruled that federal courts lack authority to
decide cases about such gerrymandering (Rucho v. Common
Cause (2019)). Recently, the North Carolina State Supreme
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Court decided that partisan gerrymandering violated their
state constitution (Harper v. Hall (2022)). Other states have
sought to set up bipartisan redistricting commissions. Nev-
ertheless, due to its political advantages and legality in many
states, gerrymandering remains prevalent across the United
States.

It would be ideal if one could construct an algorithm to
detect gerrymandering as an unbiased way to view poten-
tial redistricting plans, but such efforts often are futile. A
gerrymandered map has no precise definition and no spe-
cific legal criteria, and so conventional algorithms are dif-
ficult to construct. Similarly, using machine learning algo-
rithms presents its own set of challenges, as the collection
of data would require samples of both gerrymandered and
non-manipulated maps, which again requires a definitive no-
tion of what defines a gerrymandered district map. Even if
such a standard were to be created and detection algorithms
were able to exist, these efforts would still fail to consider
the voting population’s perceptions of gerrymandering. Le-
gal guidelines could differ from people’s perceptions of po-
tential maps, causing rifts where ‘objectively’ fair maps ap-
peared unfair. If drawing fair districts is the ultimate goal, it
is just as important that any ‘fair’ proposals are also seen as
such by voters to ensure trust in the election’s results. Fur-
thermore, voters might be fooled into thinking a district map
is fair when it is actually heavily biased or manipulated.

Therefore, we designed a survey and produced a dataset
using crowdsourcing that could be used to gain insight into
how people view district assignments. We hope that with this
data we can inform future decisions in creating fair and trust-
worthy districts. We present our choices in designing the sur-
vey, the dataset itself, and some preliminary analysis of the
data on which features were the most predictive of perceived
unfairness.

Related Work
Real Life Examples

Previous works on gerrymandering work either concretely
with real life examples or more theoretically with abstrac-
tions of the problem. (Clelland et al. 2022) proposes redis-
tricting plans for the state of Colorado. Using ensemble anal-
ysis, the authors generate multiple versions of the district
plans applied on to the voter map and prune out the maps that



produce outlier results. (Guest, Kanayet, and Love 2019) ap-
ply weighted k-means to pick the best redistricting plan for
each state using real life data from the US census. They find
that they are able to improve the compactness of districts in
every US state. (Herschlag et al. 2020) apply a similar en-
semble technique using Markov Chains to generate possible
maps in the state of North Carolina to compare the three re-
districting proposals.

There are projects open online sharing their efforts in re-
drawing the district maps in various states. (Bycoffe et al.
2018) analyze the current district maps of the US in 2018
to understand the influence of the districts exert on the elec-
tion outcome. They show the possible results of elections
using maps drawn following certain criteria such as favor-
ing one party or focusing on the shape of each district. Their
results show that biased redistricting policies greatly influ-
ence the outcome of future elections, especially compared
to more ‘even’ maps that are drawn when keeping the dis-
trict shapes in mind. (Garg et al. 2021) simulate elections
US House of Representatives elections under various vot-
ing rules and election systems. They consider multi-member
districts in which a district can cast votes for multiple candi-
dates, and find that single transferable vote (STV) with inde-
pendent commissions can achieve proportional outcomes in
every state. (DeFord et al. 2021) apply the partisan symme-
try metric defined by (Katz, King, and Rosenblatt 2020) as a
new fairness metric in designing voting districts in states of
Utah, Texas and North Carolina. They find that using parti-
san symmetry alone can lead to unforeseen consequences in
the election results.

Theoretical Aspect of Gerrymandering

While works on new methods of drawing district maps are
important, understanding what metrics should be used in
evaluating district maps remains critical as well.

(Ramachandran and Gold 2018) discuss the limitations of
current methods which average district ‘shape’ metrics used
by officials, and discuss using outlier detection. Outlier de-
tection of voting outcomes in a group of possible maps can
be used to determine if a map is unnatural. This approach
was also used by (Clelland et al. 2022) and (Guest, Kanayet,
and Love 2019), where they generated multiple instances of
district plans and chose the map producing the median of the
election outcome. (Wang 2016) focus on measuring the fair-
ness of each state’s district plan, looking at the compactness
of each district as well as its political makeup.

Other works have focused on representing gerrymander-
ing as more common mathematical problems in order to
reason about its potential effects and hardness. (Cohen-
Zemach, Lewenberg, and Rosenschein 2018) describe rep-
resenting gerrymandering as a graph problem and show that
such a representation is NP-Complete. (Borodin et al. 2018)
discuss the importance of population density in gerryman-
dering and that the gerrymandering power of a political party
is amplified by its support in rural areas.

While it is important to be able to distinguish whether a
map is natural or not, using the ensemble approach of gen-
erating every possible instance and picking the best one can
be a very computationally intensive approach. If one had a
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Column \ Value
Per each question
IsGerrymander [Map A, Map B]
Considered features {Shape, Winner,
Population, None}
Text

Suggestions

Per each user

User ID Unique string
Feature importance | {[0, 10], [0, 10], [0, 10]}
Explanation Text
Survey summary Text
Response key UUID
IsSpam Boolean

Table 1: Columns present in the final dataset.

better understanding of what features indicate a given popu-
lar perception of the assignment, the possible space of maps
can be greatly reduced. Our work presents a dataset of over
2000 comparisons of different maps and human responses
on which map appears more fair. This data sheds some light
into how people tend to evaluate district maps.

The Gerrymandering Perception Dataset

As our main contribution, we present the The Gerryman-
dering Perception Dataset. This dataset is composed of re-
sponses from 482 unique participants. Each participant an-
swered 5 different questions comparing two district maps
applied on the same population distribution and selected
which maps appeared to be more ‘fair’. For each question,
the participant also selected the features of the map they con-
sidered when making their decisions. We provided the par-
ticipant three potential features: district shape, population
distribution, and election outcome, allowing for multiple se-
lections. In order to account for cases where the participant
considered features that were not presented in the available
options, we also asked them to provide an optional written
response on what other features they might have considered.
At the end of the survey, we asked the participants to assign
a score to each of the three features, assigning highest score
to the feature they considered the most important throughout
the survey. We also asked the participant to share their over-
all decision process in the survey, asking them to elaborate
why they made their decisions the way they did.

Description of Dataset

The final dataset is composed of 25 different columns for
each response. These columns include the anonymized user
ID, responses to the three questions for each of the 5 pairs of
maps presented, and four questions asked at the end of the
survey and five other values used to filter spam responses.
A detailed description of each column present in our dataset
can be seen in Table 1.

Map Design

We generated simplified maps of a 64 voter city who are split
amongst three political parties. These voters were arranged
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Figure 1: Screenshot of the main survey question.

Which of these two maps is more fair at dividing this city into districts?

Map A Map B

What makes you think so?
The shape of the districts
The winner of election
The distribution inside districts

None of the above
Figure 2: Screenshot of the reason question for main survey

question.

Please assign a score for each attribute

Assign a higher score to attributes you considered more important

shape: The shape of the districts 0
winner: The winner of election 0
population: The distribution inside districts 0

Figure 3: Screenshot of the final survey question.

in an eight by eight grid and then divided into four districts.
This construction is a simplified representation of real dis-
trict maps, but our goal was to create maps that were simple
enough that the information could be conveyed to the partic-
ipants easily. More complicated, real world style maps con-
tain too much information for respondents to easily parse,
and so by simplifying our model we allowed them to focus
on all relevant data contained within our maps. We discuss
some of the limitations this representation causes in a later
section. While we initially designed a set of 15 maps by hand
that examined different features, we realized that in doing so
we might introduce our own biases by presenting maps we
thought ourselves to be particularly fair or unfair. In par-
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ticular, if we strived to create a selection of fair and unfair
maps, we would be doing so using our preconceived notions
of what features caused maps to be fair or unfair. Thus, we
instead randomly generated the assignments to avoid such
bias tainting our results. We first constructed five voter lay-
outs that served as the distribution for each of the questions.
Then, for each map, we generated five random district as-
signments splitting the voters into four districts of 16 voters
each.

Survey Design

The main part of the survey was composed of five questions,
each of which asked the participant to pick the map that they
considered more fair out of two possible options. Each main
question was composed of a required response about which
map is more fair and the reasons behind the choice, followed
by an optional written response on any possible suggestions
on other features that the participants considered. Screen-
shots of the main question page can be seen in Figures 1 and
2.

In order to make sure that our participants understood the
possible changes made to the election outcome for differ-
ent district plans, we included a pie chart to indicate the
voter preference in the overall population and the election
outcome for each district plan. As can be seen in Figure 1,
the center pie chart describes the overall population’s po-
litical preference, while the pie charts on each side describe
election results from the respective district plans. When hov-
ering on each block, the user was also able to view the voter
distribution inside the district it belonged to.

In the final page of the survey, we asked the participants
to rank the importance of each aspect of the district as-
signments as well to provide a written explanation of how
they made their decisions throughout the survey. Participants
were asked to assign a score between 1 and 10 for each
feature, namely Shape of districts, Winner of election and
Population distribution of districts, with the higher score in-
dicating a higher importance. This question provides some
ground truth for each participant’s response. Although the
participants also marked which features they took into con-
sideration when comparing each pairs of maps, they were



not asked to provide a specific ranking for them. Thus, we
added the final question as a ground truth measure of the
participant’s overall utility of these features. The written re-
sponse served a similar purpose and also allowed us to look
into the key words or phrases the participants used to de-
scribe their decision making process.

Data Collection

We ran five batches of 100 instances of the survey on Ama-
zon’s Mechanical Turk platform. We did not restrict the de-
mographics of our participants, and did not have access to
such data. Each participant was compensated with 40 cents
for their response, which was calculated with the estimation
of five minutes per response and the federal minimum wage
of 7.25 dollars per hour. In order to be able to display the
maps and the related statistics, we built a web platform using
React.JS and collected the responses using Google’s Sheets
APL. Figures 1, 2 and 3 show the two types of questions that
were present in our website !. Figure 4 shows Kendall Tau’s
correlation between feature values of the pair of maps that
the participants in the dataset faced. Aside from the voter
misrepresentation being correlated to other values, which is
to be expected to a degree, we see that the other feature val-
ues are not very strongly correlated to each other, in order to
provide a fair ground for the survey.

Data Filtering

In order to weed out data from participants who did not pay
enough attention to the survey content or are automated bots,
we first asked the users to pass a Captcha field in the begin-
ning of the survey. The participants are only allowed to pro-
ceed in the survey if they pass the Captcha check. To make
sure that our participants also understood the task being pre-
sented, we added a required written response at the end of
the survey on describing the summary of the survey to serve
as an attention check. This response was examined manu-
ally, and only those who passed this check were marked as
non-spam on the final dataset, which resulted in 416 valid
participants out of the total 482. Only the non-spam re-
sponses were considered in our data analysis. In this process,
we noted that while some participants barely passed the at-
tention check with responses that almost seemed random,
some responses were very detailed in both the description of
the survey and their decision process, providing a good in-
sight into how the participants were handling the questions.
In the end, our dataset was gathered through two different
stages of filtering, namely the captcha field in the beginning
and the attention check at the end of the survey.

Hypotheses

We had several hypotheses when collecting our dataset
about what types of features we expected to see be most pre-
dictive. Broadly, we imagined there being two categories of
features: election result based and district shape based. The
former would depend on the difference between the distribu-
tion of preferences of the voters and the distribution of dis-
trict winners after the election. Such features get to the heart

"https://inwonakng.github.io/gerrymander-map- builder/
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of the effect of partisan gerrymandering, which can lead to
large differences in election winners including turning mi-
nority parties into significant majorities. We expected to see
a significant effect when parties earned far more or far less
seats than they ‘should’ based on the population distribution.

The other type of feature we expected to learn was dis-
trict shape features. Rather than being related to the popu-
lation distribution and election results, these features were
solely based on the geometric shape of the districts. Real
world discussions about gerrymandering often include dis-
trict shape as evidence of gerrymandering, as highly com-
plex and ‘weird’” shapes allows for more control and poten-
tial for manipulation. Additionally, when looking at redis-
tricting plans (especially highly complex real world exam-
ples), the shape of the district is what is visually apparent to
a viewer on first inspection. These intuitions led us to believe
that ‘weird’ district shapes would be more likely to be inter-
preted as unfair. Defining ‘weird’ is a question with much
debate and many metrics have been proposed. Part of our
goal was to use several commonly suggested metrics and see
which matched how people viewed the district assignments.

Data Analysis

To understand the dataset we collected, we did exploratory
data analysis to find out if a correlation exists between
the features of each district assignment and the responses.
We were interested in finding out whether our participants
would focus on the shape of the district or consider other
features of the map, such as the winner by population or
winner by district. So we focused on features that either de-
scribed the shape of the districts or the election outcome. In
our analysis, we found that our participants primarily con-
sidered the shape of the districts, even when they responded
that they considered the election outcome in their responses.

Perceived Fairness of District Layouts

In our survey, each map was expressed through a eight by
eight grid. Each grid block represented a unit population,
colored by its political preference and which district it be-
longed to. While this grid format cannot be said to be faithful
expressions of real-life maps, it allowed us to present a va-
riety of maps that our participants could easily understand.
For each pair of maps compared, the political preferences
of each block stayed equal, while only the district scheme
changed. This pairwise comparison allowed us to calculate
some features only related to the district layout in order to
find out what features people considered when making their
choices. Out of the features tried, Table 2 describes the fea-
tures we found had the most correlation to the final choices
made.

To find the correlation between these feature values and
the perceived fairness of the presented maps, we calculate
the difference between the feature values of the two maps.
For two map features Fiqpa and Fi,qp 5, the resulting fea-
ture values are calculated as Fi,,qp4 — Finapp. In case mapB
is selected as the more fair map, we negate the difference in
order to generate one distribution for the fair map. Using
this method, we are able to check the distribution of our fea-
tures for maps that were selected to be ‘more fair’, shown



Feature Description
Maximum diameter of district

__ District area
Minimum convex polygon

District areq
Border length of district

District area
District votes

Population votes
votes for winner
total votes

Diameter

Convex Hull

Border length

Votes misrep.

Winner Ratio

Table 2: Features used in analyzing results.
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Figure 4: Correlation matrix of feature values used in maps

in Figure 5. The values in this figure show the distribution
of the difference in the maximum of each feature value for
the agents who selected the first map. The feature values for
agents who selected the second map were negated. When we
checked the distribution of the calculated feature values, we
found that only those related to the shape of district showed
any trend.

In addition to the importance question at the end, we also
had the participants select which features they considered
for every comparison they made. These features were the
same as the features asked in the final question, namely
Shape, Winner of election, and Population distribution of
districts. To find out if the participants actually considered
these reported features when making their decisions, we ex-
amined the same distribution for different groups separated
by their response to which features mattered the most. How-
ever, we found that the trend was almost the same for all
groups. This apparent contradiction led us to conclude that
even though some participants reported having considered
other features, the most dominant feature in terms of corre-
lation to the final decisions are all shape-based.

Participant Reported Feature Importance

In the final question of the survey, we asked the participants
to share the ranking of features in order of their perceived
importance, i.e. higher score for more important features.
This question can be seen in Figure 3. The responses to these
questions indicate that most people place the ‘Shape’ feature
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in either the top or second importance. The second most pop-
ular feature was the distribution of the political preferences
inside the districts, followed by the final winner of the elec-
tion.

It is interesting to note that even though some participants
indicated that they considered features other than shape, our
analysis show that most groups seemed to only consider the
shape when making their choices in the comparison. This
odd behavior may be due to the fact that the district shape
the first feature apparent upon inspection or that population
distribution or election simulations are more complicated for
people to consider fully. The distribution of the ranking of
these features can be seen in Figure 6.

Written Responses

We also looked at the responses to the written question in-
cluded at the end of the survey. While not all participants
were interested in sharing an in-depth description of their
own reasoning, we found that some participants provided
insightful comments for their decisions. Some of these more
useful comments provided by the participants can be seen
in Table 3. The distribution of the frequency of the top 20
mentioned words are shown in Figure 7. Interestingly, we
found that even those who reported that the winner of the
election mattered the most still mentioned the words ‘shape’
and ‘look’ most frequently, suggesting that even though the
respondents claimed to have considered the election results
first, they still considered the shape to be more important.
These words are highlighted in red in the figure.

Experimental Results

To further analyze the dataset we collected, we made use of
well established machine learning models to fit our data. In
our experiments, we used logistic regression, linear regres-
sion, linear SVM, decision trees and XGBoost. These mod-
els were chosen for their interpretable nature, so that we can
examine the importance of each feature learned by them. We
found that training the models on the entire dataset, or even
training on dataset filtered by the reported feature impor-
tance yields poor results, with accuracy scores around 60%.
However, when training the classifiers for each individual,
we found more success. Each participant has a unique deci-
sion making process, and each model should learn the indi-
vidual preferences rather than learning on the entire popu-
lation. Each participant responded to five questions on map
pairings, and by flipping their responses and inverting the
feature values, we used ten data points per individual. This
was possible because our questions were pairwise compar-
isons which resulted in binary labels of 1 and -1. By flipping
the labels and negating the feature differences, we were able
to augment our dataset for each agent. These models were
used for a classification task, where the input vector was the
feature difference of the two maps, and the target label was
1 or -1, depending on if the first map was chosen to be more
fair or not.

Learning from Individual Participants

For individual participants, we split the ten data points into
a training set of eight samples and tested on two samples.
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Figure 6: Distribution of the importance ranking of features.

After training each model, we then applied 5-fold cross-
validation to ensure that they are not overfitting. This di-
vision is especially important because of the small size of
our individual datasets. Because each individual dataset con-
tained ten data points split evenly between the two labels, 5-
fold was the maximum number of folds that could be applied
by taking 1 sample of each label for each test set.

We found that among the tested models, logistic regres-
sion and linear SVM performed the best. The averaged per-
formance of these two models can be seen in Table 4. These
linear models are also useful for interpretation because they
contain a scalar weight for each feature. By looking at the
learned weights for each feature, we can deduce which fea-
tures the model considers to be more important. We find that
perimeter, especially the maximum perimeter of a district in
each map, has the highest weight for both classifiers. Figure
8 shows the mean weights assigned to each feature by the
two classifiers. This result matches our earlier analysis that
shape of the district seemed to play the largest role in de-
termining the perceived fairness of a redistricted map. The
importance of features related to the election outcomes did
not appear to play a large role in either classifiers, further
supporting the notion that the shape of a district is most pre-
dictive of the perception of fairness.
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Figure 7: Appearance frequency of top 10 words grouped by
the most important feature selected by participant.

Comparison of Results and Hypotheses

We had originally hypothesized that features related to both
distribution of seats and the shape of the districts would be
predictive of how a district assignment would be perceived.
The results of our analysis indicate that we were partially
correct in our hypothesis. Our analysis showed that features
related to shape were predictive, particularly district perime-
ter. We were surprised by this result only in that district
perimeter is a less suggested metric for evaluating district
shape. Other metrics such as the ratio of the area of the con-
vex hull to the area of the district performed worse. This



Top feature
Shape

Response
“I strongly prefer a more even geo-
graphical distribution for districts.”

“To me, roughly equal populations in
simple shape voting districts is the best
situation. Any attempt to draw odd
shape boundaries to skew elections is
not a good situation.”

“I tried to be as fair as possible, so the
majority gets reflected, and second try
to give every group a representation if
possible.”

Winner

“I ranked the fairness by winner of
the election, then by regularity of the
shapes.”

“There should be an approximate
equal number of different voters in
each district.”

Population

“How fairly voting blocs were dis-
tributed was my primary concern. I no-
ticed that in a lot of them, one of the
three were broken up so they couldn’t
really have a cohesive voting bloc.
Sometimes it was done so only one re-
ally had an advantage.”

Table 3: Sample responses from groups who ranked each
feature most important.

Model Train CvV Test
Logistic Regression | 0.9926 | 0.8728 | 0.9036
Linear SVM 0.9033 | 0.7542 | 0.7294

Table 4: Average performance of the 2 best models.

poor performance may be attributable to having consistent
area across districts or the fact that we used a grid-based ap-
proach to represent the map, as there was less variation in
the feature. We discuss some other limitations of our map
designs in regards to shape metrics below. Nevertheless, we
were pleased to see that we were able to find a shape fea-
ture that performed well on our dataset, particularly when
applied to those who selected that they used the shape in
their decision process. Even though the correlation matrix
in Figure 4 shows that voter misrepresentation is not highly
correlated with the shape features, most of our participants
seemed to have considered the shape features first.

Our hypothesis that people would use the party distribu-
tion and the seat distribution was challenged, even when
looking at just those who indicated that they primarily
considered those metrics when making their decisions. Even
though our maps were generated from a fixed population
distribution, we designed the maps so that sufficient amount
of them have voting misrepresentation. We expected those
features to be the most important to our respondents,

130

LogisticRegression

District Diameters Min -

District Diameters Max -

District Diameters Mean -

Convex Hull Ratios Min -

Convex Hull Ratios Max

Convex Hull Ratios Mean -

District Perimeters Min -

District Perimeters Max

variable

District Perimeters Mean

Votes Misrep Min -
Votes Misrep Max -
Votes Misrep Mean -
District Winner Ratio

Winner Ratio Change -

Figure 8: Feature importance learned by logistic regression.

but during our analysis, none of these features ended up
showing a strong correlation. Since a change in distribution
of seats is often the primary and more obvious effect
of partisan gerrymandering, those changes not being an
important factor in how people viewed the district maps was
surprising and suggested that our participants cared more
about the aesthetic shape of the districts than any political
difference. This discovery might indicate that people
are more easily fooled by ‘normal’ looking manipulated
districts and less accepting of ‘fair’ maps if they happen to
look strange. We might then conclude that when attempting
to draw bipartisan and fair districts the seat distribution is
the primary concern, but a secondary concern should be
ensuring the map has ‘normal’ shaped districts to allow the
map will also be perceived as such.

Limitations and Future Work

As previously mentioned, the design of our maps is inten-
tionally simplified in an attempt to make the questions more
friendly for a crowdsourced environment. However, this rep-
resentation does bring with it some limitations that should
be discussed. In order to not overwhelm participants with
information, we limited the questions to maps with uniform
population density. While easier for respondents to under-
stand and inspect visually, real world populations are far
more complicated, which might affect how people perceive
maps drawn on those voter maps. Our number of districts
was also limited to four, which was intended to make our
survey quicker and easier to hold respondents attention. Cal-
ifornia (at time of writing) has 53 districts, which raises
the complexity of the problem significantly. Additionally,
all districts in our maps have the same area, while real world



maps might have massive districts for rural areas while other
districts representing cities are far smaller. This difference is
particularly important since political parties with large sup-
port in rural areas were found to have stronger ability to ger-
rymander districts (Guest, Kanayet, and Love 2019). A dif-
ference in district size could be a potential feature used by
respondents, and so further work should be done to inves-
tigate its effect. Additionally, some metrics like the ratio of
district perimeter to district area change based on the size
of the district, and may add nuance to its correlation with
how participants perceive the districts. We also assume the
region being divided has rather plain geography, lacking ob-
stacles like bodies of water or mountains. These features of-
ten cause districts to appear strange as they are shaped out of
geographic necessity, even including some non-contiguous
districts.

One additional limitation is that a dataset such as this
would presume to know the outcomes of elections before
they occur on the level of individual voters. Obviously, real
world election data lacks such precision and so if the pub-
lic were to be presented a real world redistricting plan they
could not be certain of exact election outcomes. Especially
for highly competitive or so-called ‘toss-up’ districts, pre-
senting voters with a guarantee of a certain elections out-
come is overly optimistic. Similarly, we assume all voters
fall into only three constant political parties, and while many
citizens will vote consistently along party lines in most elec-
tions, this assumption does discount possibilities for ‘swing
voters’ and differences in popularity between candidates of
the same party.

By asking participants to only compare between two pos-
sible assignments and choose which they thought was most
fair, we also are unable to answer the binary question of
whether people believe an assignment is gerrymandered or
not. This question is almost an entirely separate problem,
as it requires learning how people would define ‘gerryman-
dered’ and likely would require a broader context for ques-
tions. This question is critical as well and worth exploring in
the future.

Our dataset only considers certain kinds of gerrymander-
ing, namely partisan gerrymandering where the goal is ad-
vantage or disadvantage members of a certain political party
or group. While much of the gerrymandering in the United
States and other regions is done along these political lines,
other kinds of manipulation exist that are not covered by
this model. For example, there have been attempts to move
district boundaries to separate popular representatives from
their current constituents to lower their chance of reelection.
These and other of these forms of gerrymandering are im-
portant to consider, but add too much complexity that we
were hoping to avoid. Thus, future work could focus on how
to communicate these other kinds of issues to participants.

Finally, our participants were likely from many differ-
ent demographic groups including multiple nationalities. It
is possible that a person’s political affiliation or nationality
might influence how they would perceive such maps. For
example, the prevalence of gerrymandering in the United
States might bias its citizens on the issue compared to a cit-
izen of a country which has outlawed gerrymandering. In
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the future, if data is collected to use on applications specific
to the United States or another country, it would be wise to
ensure respondents were residents of that country.

Conclusion

In this work, we present a dataset containing people’s per-
ception of which redistricting map is more fair. Each partic-
ipant compared five pairs of our synthetic maps, and marked
which one appeared more fair. The participants also reported
the features they considered, as well as their reasoning be-
hind their choices for each pair of maps presented. We found
that shape-related features were the best indicators for peo-
ple’s perception of fairness in given maps. Although we did
our best to include simplified information about the political
layout of the region and describe the election outcomes with
and without the districts, it seemed that our participants’ fi-
nal choices were not heavily influenced by these factors. In
fact, even the participants who reported they considered ei-
ther population distribution or election winner more than the
shape features seemed to have made their decisions mostly
based on the shape of the districts.

We initially assumed that both the shape and the seat dis-
tribution of the district assignment would be predictive of
perceived fairness, but upon receiving our data some of our
assumptions were challenged. From our initial analysis of
the dataset, we discovered that the shape of the districts ap-
peared to be far more important than proportional seat dis-
tribution to people viewing the assignments. From this in-
sight, we conclude that to ensure public trust when drawing
fair districts, it is important that the districts are shaped in
a reasonable way, perhaps even more so than equal and fair
distribution of seats. This finding was surprising and war-
rants further research to investigate the extent to which real
world maps can be manipulated while still appearing ‘fair’
to many individuals.

The topic of gerrymandering has been gaining more pub-
lic attention. While it is important that districts are designed
with more care to their influence on the election results, it
is also important that policy makers should be able to con-
vince the public of the design’s fairness. With this work, we
hope to shed some light on what non-experts may consider
fair. We also hope that our dataset can spark the discussion
about the human perception of district design, and add to the
ongoing discussion of fair district design by bringing up the
perspective of regular voting citizens.
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