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ABSTRACT
In district-based elections, voters cast votes in their respective dis-
tricts. In each district, the party with maximum votes wins the
corresponding “seat” in the governing body. The election result
is based on the number of seats won by different parties. In this
system, locations of voters across the districts may severely affect
the election result even if the total number of votes obtained by
different parties remains unchanged. A less popular party may win
more seats if their supporters are suitably distributed spatially. This
happens due to various regional and social influences on individual
voters which modulate their voting choice, especially in heteroge-
neous societies. In this paper, we explore agent-based models for
district-based elections, where we consider each voter as an agent,
and try to represent their social and geographical attributes and
political inclinations using probability distributions. We propose
several models which aim to represent one or more of these aspects.
These models can be used to simulate election results by Monte
Carlo sampling. The models allow us to explore the possible out-
comes of an election, and can be calibrated to actual election results
for suitable values of parameters obtained by Approximate Bayesian
Computation. Our model can reproduce results of elections in India
and USA, and also simulate counterfactual scenarios.
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1 OVERVIEW
The aim of this work is to develop agent-based models to simulate
voter behavior in a district-based election, that is used in many
democratic systems. Significant research has gone into understand-
ing voter behavior, particularly in heterogeneous societies where
political choices are related to social identity [3, 4, 6, 7, 10]. The re-
sult of elections, i.e. seats won by different parties is strongly depen-
dent on the spatial distribution of voters and districts [2, 5, 8, 9, 11–
13, 17]. Agent-based Modeling is an approach of simulation of com-
plex systems, which has been used extensively in epidemiology [1],
ecology [14] and economics [18]. This is one of the first works to
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build a detailed agent-based model for voter behavior. Here, each
voter is treated as an agent with certain attributes, and their votes
are a function of their interactions, represented by probabilistic
models. The goal of the simulation is to explore possible outcomes
of an election under such circumstances.

Let the total number of districts be 𝑆 , each of which has a seat in
the governing body. Voter 𝑖 belongs to community 𝐶𝑖 and votes in
district 𝑍𝑖 . The districts have {𝑛1, 𝑛2 . . . , 𝑛𝑆 } voters, with 𝑛1 + 𝑛2 +
· · · +𝑛𝑆 = 𝑁 . Now, there are 𝐾 political parties with {𝑣1, 𝑣2, . . . , 𝑣𝐾 }
supporters, such that 𝑣1 + 𝑣2 + · · · + 𝑣𝐾 = 𝑁 . The vote proportion
of these parties can be considered as a 𝐾-dimensional discrete
distribution, \ . In an election, denote the number of votes for the
parties in district 𝑠 by {𝑉𝑠1,𝑉𝑠2, . . . ,𝑉𝑠𝐾 }. The winner𝑊𝑠 is the
party with the highest number of votes in that district. The number
of seats 𝑀𝑘 won by party 𝑘 is the number of districts where it is
the winner. In the proposed models, some or all of 𝑍 , 𝑉 ,𝑊 , 𝐶 and
𝑀 are considered as random variables.

2 AGENT-BASED MODELS FOR VOTERS
We discuss several agent-based models of voter behavior in the
above setting. Each model captures some aspects of voter behavior.

District-wise Polarization Model (DPM): Here we consider
the effect of local polarization, where in each district the voters
choose a party based on local popularity. If 𝑛𝑠𝑘 voters in district 𝑠
already supported party 𝑘 , a new voter in that district will either
choose 𝑘 with probability 𝛾𝑠𝑛𝑠𝑘 , or choose according to the overall
popularity \ . Here 𝛾𝑠 is the polarization parameter for district 𝑠 .
This model represents a trade-off between the popularities of local
candidates and the top leadership of parties. This model is based
on the famous Chinese Restaurant Process (CRP) [16].

Party-wise Concentration Model (PCM): The effect of this
model is to create local concentrations of support in favour of dif-
ferent parties, which helps them to be effective in district-based
elections. It is inspired by the fact that support to political parties
is often based on social identities, and people often choose resi-
dential areas based on social identities. For this model, we once
again use Chinese Restaurant Process. But this time we make the
process two-step: each person 𝑖 is first assigned to a party 𝑋𝑖 , then
(s)he is assigned a district 𝑍𝑖 with a probability proportional to
number of supporters of𝑋𝑖 in that district. The proportionality con-
stants {[1, . . . , [𝐾 } are the concentration parameters for the parties.
High value of the parameter [𝑘 encourages voters of party 𝑘 to
concentrate in a few districts, instead of spreading out uniformly.

Social Identity Model: In this model, we explicitly consider the
community-based identities of the voters. There are 𝐶 social com-
munities, and [𝑐 denotes the proportion of people from community
𝑐 . [ is sampled from a Stick-breaking prior. To every person 𝑖 , we
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assign their community as 𝐶𝑖 ∼ 𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 ([). The people from
the same community tend to stay together in the same district. Each
person 𝑖 is assigned to district 𝑍𝑖 by following a Chinese Restaurant
Process [16] with parameter 𝛼 . Person 𝑖 , resides in district 𝑠 with
probability proportional to 𝛼𝑛𝑠 (𝐶𝑖 ) = 𝛼

∑𝑖−1
𝑗=1 I(𝐶 𝑗 = 𝐶𝑖 )I(𝑍 𝑗 = 𝑠)

(i.e. number of people from same community as 𝑖 already residing
in district 𝑠), or resides in any district chosen uniformly at random
with probability proportional to (1 − 𝛼). Each community is asso-
ciated with a prior over the political preferences of its members.
For community 𝑐 and party 𝑘 , we assign 𝜙𝑐𝑘 ∈ {−1, 0, 1}, indicat-
ing if the relation between them is bad (-1), neutral (0) or good (1)
according to some process or distribution 𝑓 . Also, a variance 𝜎𝑘 is
associated with each party which may be drawn from a Gamma
distribution. Finally, for each voter 𝑖 , their valuation of party 𝑘 is
denoted by _𝑖𝑘 ∼ N(𝜙𝑐𝑘 , 𝜎𝑘 ) where 𝑐 = 𝐶𝑖 . In an election each
voter casts their votes on the basis of these valuations. We also take
into account Local Influence, as the 𝑖-th voter can combine their
own valuations with the mean valuations of other voters in the
same district using a weighing factor ^𝑖 that follows Beta prior.

3 EXPLORING POSSIBLE OUTCOMES
Next, we explore the simulations by these models in a 3-party sys-
tem with 𝑆 = 100 districts and 𝑁 = 1000000 voters, and considering
a few values of the popularity proportion \ . The aim is to see how
the parameter values can impact the election results by altering
the distribution of voters, even if the popularity proportion of the
different parties is fixed. For each setting, the number of seats won
by the different parties is noted by averaging across 100 runs.

In case of DPM, it is found that low values of concentration
causes almost all seats to go to the most popular party, while high
concentration causes the seat share to approach \ . With moderately
high values of concentration, and when popularity proportions of
the parties are comparable, we find potentially tight results. But the
more interesting situations arise in case of PCM, where different
parties can have different concentration values, resulting in situa-
tions where a less popular party can outperform a more popular
one in some cases. This is a characteristic of multi-party elections
in different countries such as USA and India. When all three parties
have low concentration, the most popular party tends to win almost
all the seats, and when all three parties have high concentration
the seat share is similar to \ . However, when the popularity propor-
tions are comparable but concentrations are different, the results
are most fascinating (Table 1).

In case of the Social Identity model, we consider four scenarios -
two involving 3 communities, and two more involving 5 commu-
nities, with varying sizes indicated by [. In each case, Scenario 1
(polarized) involves a party that is favored (𝜙 = 1) by the largest
communities and opposed (𝜙 = −1) by the smaller ones, one party
that is favored by the smaller communities and opposed by the
largest ones, and a third party which is neutral (𝜙 = 0) to all com-
munities. The third party has 𝜎 = 2, while the rest have 𝜎 = 1. In
Scenario 2 (non-polarized), each party is favored by one or more
communities, but not opposed (𝜙 = 0) by the rest. One party again
has high 𝜎 = 2, the others have 𝜎 = 1. It is seen that Scenario 1, the
centrist/neutral party fails to win any seat with 3 communities, but

\ [ = (0.99, 0.99, 0.50) [ = (0.99, 0.50, 0.99)
nA nB nC nA nB nC

(0.5, 0.4, 0.1) 56 42 2 51 48 1
(0.4, 0.3, 0.3) 43 26 31 42 31 27
(0.4, 0.35, 0.25) 44 35 21 42 41 18
(0.37, 0.33, 0.3) 36 32 32 37 37 26

Table 1: Number of seats won by 3 parties (A,B,C) under dif-
ferent parameter settings of Partywise Concentration Model,
for various popularity proportions \ .

observed simulated
Year M1 M2 M3 M1 M2 M3
2019-1 0.48 0.34 0.18 0.51 0.31 0.18
2019-2 0.45 0.40 0.15 0.43 0.41 0.16
Year V1 V2 V3 V1 V2 V3
2019-1 114 23 10 113 28 6
2019-2 88 52 7 89 58 0

Table 2: Comparison of observed and simulated results for
2 simultaneous elections in Odisha state, 2019 using So-
cial Identity Model. Above: rounded popular vote shares
(M1,M2,M3) of 3 main parties, below: seats won (V1,V2,V3).

can do well with 5 communities. Local influence is found to bene-
fit the parties that support the larger communities and harms the
centrist party, particularly when fewer communities are involved.

4 SIMULATION OF OBSERVED RESULTS
It is important to validate the above models to show that they are
capable of producing realistic results. For this purpose, we attempt
to simulate actual multi-party elections in India and USA, and check
if we can reproduce their results. For this purpose, it is necessary
to estimate optimal values of the parameters. As parameter estima-
tion techniques like Expectation-Maximization are not applicable,
we utilize Approximate Bayesian Computation (ABC). Here, we
explore the parameter space by running simulation with a set of
parameter values, and accepting them if the produced result is close
enough to the actual results. We fit the models to Indian state as-
sembly elections in Delhi-NCR and Odisha, both of which have
tripartite contests. We run DPM and PCM by providing them with
\ : the vote-share of different parties, and find that the PCM is par-
ticularly suitable in reproducing the number of seats won by the
parties under optimal parameter settings found by ABC based on a
few elections. These settings can also be extrapolated to estimate
the results of other elections. We are also able to fit PCM to USA
Presidential Elections 2016 and 2020. In all cases, we can explore
alternate results of these elections if the geographical distribution
of the voters had been different.

In case of Odisha, we ran the SIM by specifying the [ and 𝜙
variables (community-party relations) based on post-poll surveys.
It turns out that the popular vote proportions and seat proportions,
as simulated by SIM, are reasonably close enough to the actual
results, as shown in Table 2. This shows that SIM can simulate
realistic results. For more detailed analysis of these models, please
see the full version of the paper [15].
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