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ABSTRACT
In district-based multi-party elections, electors cast votes in their
respective districts. In each district, the party with maximum votes
wins the corresponding “seat” in the governing body. Election Sur-
veys try to predict the election outcome (vote shares and seat shares
of parties) by querying a random sample of electors. However, the
survey results are often inconsistent with the actual results, which
could be due to multiple reasons. The aim of this work is to es-
timate a posterior distribution over the possible outcomes of the
election, given one or more survey results. This is achieved using
a prior distribution over vote shares, election models to simulate
the complete election from the vote share, and survey models to
simulate survey results from a complete election. The desired poste-
rior distribution over the space of possible outcomes is constructed
using Synthetic Dirichlet Likelihoods, whose parameters are esti-
mated from Monte Carlo sampling of elections using the election
models. We further show the same approach can also use be used
to evaluate the surveys - whether they were biased or not, based on
the true outcome once it is known. Our work offers the first-ever
probabilistic model to analyze district-based election surveys. We
illustrate our approach with extensive experiments on real and
simulated data of district-based political elections in India.
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1 INTRODUCTION
Elections are conducted by almost all democratic countries to choose
representatives for governing bodies, such as parliaments. A com-
mon democratic setup is the district-based system in which the
country is spatially divided into a number of regions called dis-
tricts (or constituencies). There is a seat in the governing body
corresponding to each district. The residents of each district elect
a representative from a set of candidates, according to any voting
rule. In many countries, these candidates are representatives of
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political parties, and electors may cast their votes in favour of the
parties rather than individual candidates.

The election results are understood in terms of the number of
seats won by different parties, rather than the total number of votes
obtained by them. If the relative popularity of the different parties
is spatially homogeneous across all the districts, then the most pop-
ular party may win all the seats. But this is very rarely the case. One
reason for this may be the individual popularity of candidates may
vary. But a more complex reason is the spatial variation of demog-
raphy across the country, since the popularity of different parties
often varies with demography [6]. Demographics vary spatially as
people usually prefer to choose residences based on social identities,
such as race, religion, language, caste, profession and economic sta-
tus. This process is sometimes called “ghettoization", where people
with similar social identities huddle together in pockets [7, 8]. Such
ghettoization plays a very important role in district-based elections
if different political parties represent the interests of different social
groups. Even if a political party is not popular overall, it can win a
few seats if its supporters are densely concentrated in a small num-
ber of districts, which forms strongholds of the party. On the other
hand, a party which is overall quite popular, may fail to win many
seats if its supporters are spread all over without concentration.
Also, electors often vote according to the advice of local community
leaders and other local factors [5], which causes “polarization" of
voters in favour of one/two parties inside each district.

Surveys are often carried out to forecast the election results.
These surveys may be conducted by various agencies before or
after the election. Usually a survey involves a small sample of
the electorate, based on whose responses the vote share of the
different parties is estimated. The number of seats to be won by
the different parties can be estimated as well from this sample.
However, the accuracy of these estimates depends on how well
these samples represent the entire population. For example, the
chosen samples may cover only a few districts, or misrepresent the
true vote share of the different parties. This may arise either due
to practical constraints (such as the difficulty of reaching certain
geographical areas) or due to malicious intent or partisan bias of the
survey agency. This gives rise to two complementary questions: i)
Given a surveymethod and results, can we predict the true results of
the election? ii) Once the full results of the election are known, can
we figure out if the estimated result from any survey is consistent
with a particular survey method?

A significant amount of research work exists in predicting the
election results from a survey under different conditions. Most of
these works like [4, 9, 13, 14, 19] focus on finding the minimum
number of samples needed by a survey to forecast the winner
and/or the margin of victory with a given confidence, and efficient
algorithms for the same. [12] extends this analysis to district-based
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settings, and provides algorithms to carry out the survey over a
limited number of districts and a limited number of persons in
each district. However, none of these works, to the best of our
knowledge, predict the number of districts won by the parties in
either deterministic or probabilistic way. Nor are we aware of any
attempt to evaluate if a given survey result is consistent with the
actual results.

The aims of this work are threefold. First of all, we attempt to
provide a probability distribution over the space of all possible
results, given a set of survey results and various associated param-
eters. Here, an election result indicates both the vote share and
seat share of different parties. Secondly, given the actual results, we
attempt to provide a distribution over the space of possible survey
results. This in turn can be used to check whether a given survey
result is conceivable or not. Our final aim is to evaluate the above
for actual district-based elections held in India.

Our approach depends heavily on the simulation of election out-
comes. There are relatively few statistical models for this purpose.
Eggenberger and Polya used the concept of Polya’s urn to propose
a statistical voting model, which simulates the effect that if one can-
didate gets a vote, there are likely to get more [3]. There have been
attempts to extend these to multiple districts [21]. Another popular
approach is Mallow’s Model, which assumes a ‘central’ ranking
over the candidates, and simulates individual votes by perturbing it.
More recently, there have been attempts to systematically represent
various aspects of district-based elections through voter-centric
agent-based statistical models [16, 17]. In this work, we utilize some
of these models to simulate complete election results.

The main contribution of the work is to cast the problem in a
Bayesian setting by defining conditional distribution of the actual
outcome given the survey, and vice versa. These are modelled as
Dirichlet Distributions, whose parameters can be estimated from
samples of election surveys, drawn from complete election out-
comes. Our second contribution is a probabilistic model for surveys,
based on complete election outcome. Our third contribution is to
propose an algorithm based on Approximate Bayesian Computation
to identify the modal (most likely) outcomes, given a survey result.
Next, we show how the above framework can be used to evaluate
survey results using actual outcomes, to test whether they are fea-
sible and consistent with the uniform sampling paradigm. Finally,
we validate this approach through extensive experiments over both
simulated and real data. This involves political elections in India
covering millions of voters and multiple parties. The novelty of the
work lies in the aims, approach and the empirical analysis.

2 NOTATIONS AND PROBLEM DEFINITION
We consider district-based 1-plurality elections, i.e. the candidate/party
with maximum votes in a district wins the corresponding seat. Con-
sider 𝑁 voters divided among 𝑆 districts as {𝑁1, . . . , 𝑁𝑆 }. There are
𝐾 parties in fray, each of whom has a candidate in each district.
Denote by 𝜃𝑠𝑘 the votes received by party 𝑘 in district 𝑠 , and by 𝜃𝑘
its overall vote. Also denote by 𝑉𝑘 the number of districts where
the candidate from party 𝑘 is the winner with maximum number
of votes. Clearly,

∑
𝑘 𝜃𝑘 = 𝑁 and

∑
𝑘 𝑉𝑘 = 𝑆 .

Denote by 𝑋 : the actual electoral outcome. It has two parts:
𝑋 = {𝑋1, 𝑋2} where 𝑋1 = { 𝜃1

𝑁
, . . . ,

𝜃𝐾
𝑁

}, and 𝑋2 = {𝑉1
𝑆
, . . . ,

𝑉𝐾
𝑆
} i.e.

the vote shares and seat shares of the parties. Denote by 𝑌 : the
projected results based on the surveys, which also has two parts:
{𝑌1, 𝑌2} which are the projected vote shares and seat shares of all
the parties.

Denote by 𝑍 the complete election, where 𝑍 = {𝑍1, 𝑍2, . . . , 𝑍𝑆 }
where 𝑍𝑠 = {𝜃𝑠1, . . . , 𝜃𝑠𝐾 } denotes the vote share of the parties
in district 𝑠 . Note that the overall vote share and seat share of all
parties can be easily calculated given 𝑍 . An election simulation
model generates 𝑍 given 𝑋1 (note that 𝑋2 can be calculated easily
from 𝑍 ). A survey model simulates 𝑌 from 𝑍 .

The first task is: given a set of𝑀 surveys 𝑦1, . . . , 𝑦𝑀 , calculate a
posterior distribution 𝑝 (𝑋 |{𝑦1, . . . 𝑦𝑀 }), at least till a proportional-
ity constant. Even if the normalization factor cannot be calculated,
we should still be able to compare different candidate outcomes. A
related aim is to estimate the mode 𝑎𝑟𝑔𝑚𝑎𝑥𝑋𝑝 (𝑋 |{𝑦1, . . . 𝑦𝑚}), i.e.
the most likely outcome.

The second task is the reverse: given the results 𝑥 , calculate
the distribution 𝑝 (𝑌 |𝑥). This shows how likely is a survey (done
under certain conditions) to produce a particular projection. If the
projected result of a survey (claimed to have been done under the
same conditions) has very low density under this distribution, then
we can doubt about its actual methodology.

3 MODEL
Now, we describe the model in full details. This has three building
blocks: the posterior construction using Dirichlet synthetic likeli-
hood, the election simulation models and the survey models. Below,
we discuss each of these aspects in details.

3.1 Constructing the Posterior
Our main aim is to model the probability distribution 𝑝 (𝑋 |𝑌 ) over
possible outcomes 𝑋 , given survey projection results 𝑌 . Using the
Bayes Theorem, we can write 𝑝 (𝑋 |𝑌 ) ∝ 𝑞(𝑌 |𝑋 )𝑟 (𝑋 ).

The prior 𝑟 (𝑋 ) on 𝑋 can be written as 𝑟 (𝑋 ) = 𝑔(𝑋1) ∗ 𝑓 (𝑋2 |𝑋1).
Since 𝑋1 satisfies the definition of a PMF (vote proportion of the
𝐾 parties), it is intuitive to use the Dirichlet distribution here. So
we write 𝑔(𝑋1) = 𝐷𝑖𝑟 (𝛾1, . . . , 𝛾𝐾 ), where (𝛾1, . . . , 𝛾𝐾 ) are hyper-
parameters that indicate our prior beliefs about the relative popu-
larity of the different parties (maybe based on past elections).

Now we introduce the complete election 𝑍 through an election
model which represents ℎ(𝑍 |𝑋1) and survey model, which repre-
sents 𝑞(𝑌 |𝑍 ). Using them, we can write the posterior as follows:

𝑝 (𝑋 |𝑌 ) ∝
∫
𝑍

𝑞(𝑌 |𝑍 ) 𝑓 (𝑋2 |𝑍 )ℎ(𝑍 |𝑋1)𝑔(𝑋1) (1)

Note that 𝑓 (𝑋2 |𝑍 ) is deterministic, i.e. if we known the complete
election result, then we can easily calculate the number of seats
won by the parties. Now, both the election model and the survey
model are simulation-based, i.e. we can sample 𝑍 given 𝑋1 and
𝑌 given 𝑍 respectively, but we have no analytical representation
for 𝑞 and 𝑟 . So the integration is intractable, and hence we need
to use Approximate Bayesian Computation based on Monte Carlo
Sampling, as follows:

𝑝 (𝑋 |𝑌 ) ∝ 1
𝑀

𝑀∑︁
𝑖=1

𝑞(𝑌 |𝑍𝑖 ) 𝑓 (𝑋2 |𝑍𝑖 )𝑔(𝑋1) (2)
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where 𝑍𝑖 are sampled from the election model ℎ(𝑍 |𝑋1).
Note that 𝑌 has two parts {𝑌1, 𝑌2}, the vote share and the seat

share of the parties. In the absence of a theoretical representation of
𝑞(𝑌 |𝑍 ), we can consider Synthetic Likelihood for them, like several
works on Approximate Bayesian Inference [10, 11]. As both of
them are proportions, Dirichlet Distribution is a sensible choice for
such synthetic likelihood. The parameters 𝛼 = {𝛼1, . . . , 𝛼𝐾 } and
𝛽 = {𝛽1, . . . , 𝛽𝐾 } of these distributions need to be estimated, based
on samples of 𝑍 .

𝑞(𝑌 |𝑍 ) = 𝐷𝑖𝑟 (𝑌1 |𝛼 (𝑍 )) ∗ 𝐷𝑖𝑟 (𝑌2 |𝛽 (𝑍 )) (3)

We can write this because given 𝑍 , 𝑌1 and 𝑌2 can be considered
as conditionally independent. This is ensured by the way that the
survey model works. Here 𝛼 (𝑍𝑖 ), 𝛽 (𝑍𝑖 ) are complex functions of 𝑍𝑖 .
One possibility might be to represent them using Neural Networks,
but here we again use another Monte Carlo approach:

𝛼 (𝑍𝑖 ) = argmax𝛼
𝐿∏
𝑗=1

𝐷𝑖𝑟 (𝑦1𝑗 |𝛼) and

𝛽 (𝑍𝑖 ) = argmax𝛽
𝐿∏
𝑗=1

𝐷𝑖𝑟 (𝑦2𝑗 |𝛽)

where 𝑦 𝑗 ∼ 𝑞(𝑦 𝑗 |𝑍𝑖 ) (4)

Here, {𝑦 𝑗 } are 𝐿 sample surveys drawn from the true election 𝑍𝑖
according to the survey model 𝑞. Estimated vote shares 𝑦1𝑗 and seat
shares 𝑦2𝑗 are obtained from them. Our synthetic Dirichlet likeli-
hood is applicable for them too. Using these samples, maximum-
likelihood estimates of (𝛼, 𝛽) are calculated, using the algorithms
discussed in [15]. These ML estimates are used to calculate the
likelihood of the actual survey 𝑌 , using the synthetic Dirichlet
likelihood again.

3.2 Election Models
Suppose we know the total number of voters in support of the
different parties. However, the outcome of the election is unknown,
as it depends on how these voters are distributed across the districts.
To take a small example, let us consider two parties A and B, which
have 15 and 10 supporters respectively. These 25 voters are spread
over 5 districts, each of which have 5 voters.Now if the spread is
uniform, i.e. each district has 3 voters for party A and 2 voters for
party B, then party A wins all 5 districts. On the other hand, if all
voters in 3 districts support A while all voters in the other 2 districts
support B, then A wins 3 districts and B wins 2. But if two districts
have only A voters, while the remaining 5 A voters are spread across
the remaining 3 districts as (2,2,1), then party A wins only the first
2 districts, while party B wins the remaining 3 districts despite
having less supporters. To explore the space of possible electoral
outcomes, it is thus necessary to consider different possible spatial
distributions of the voters, given the overall popularities of the
parties {𝜃1, . . . , 𝜃𝐾 }. The aim of the election model is to achieve
this through sampling.

While simulating the spread of voters across districts, it is nec-
essary to make sure that these distribution patterns are realistic.
Real-world political elections have certain characteristics, such as i)
In a district, most of the voters support a small subset of parties in
fray, ii) People supporting any party are more likely to be staying in

the same districts. These happen due to various sociological factors
that influence electoral preferences, especially in a heterogeneous
society where political preferences often depend on social identity.
An Election Model should be able to produce these features in its
simulation.

One of the most well-known election simulation models that
partially captures the first aspect mentioned above is the Polya
Urn model, which works on the idea that if one voter chooses a
candidate, then the probability of subsequent voters choosing the
same candidate increases. However, this is restricted to the single-
district case. We consider the agent-based models proposed in [16]
for district-based elections. These models focus on each voter as
an agent, and assign them to a district and/or party according to a
probabilistic process to maintain the above two properties.

We first consider the Districtwise/Seatwise Polarization Model
(SPM) that has a single parameter 𝛾 , called concentration parame-
ter. The idea is based on Chinese Restaurant Process [20] similar
to Polya’s Urn. Each voter in a district is likely to choose a party
according to its local popularity (number of votes it has already
received in same district) with probability 𝛾 , while with the re-
maining probability 1 − 𝛾 they can choose a party according to the
overall popularity. In general, high value of 𝛾 causes concentration
of support of parties in specific districts, so that the seat share is
a reflection of the overall popularities of the parties. On the other
hand, low value of 𝛾 causes the vote share in each district to reflect
the overall popularities (vote shares) of the parties, and thus the
most popular party wins almost all the seats.

It often happens that a party with high vote share wins fewer
seats than a less popular party, because its voters are either too
concentrated (reducing spatial spread) or too diffuse (failing to
achieve adequate concentration to win any district). This phenome-
non cannot be captured by the SPM. So we consider the Partywise
Concentration Model (PCM) with party-specific concentration pa-
rameters {𝛾1, . . . , 𝛾𝐾 }. This model places each voter in a district
which already has other voters who support the same party 𝑘 , with
probability 𝛾𝑘 Ḣowever, with probability 1 − 𝛾𝑘 , the voter is placed
in any district uniformly. Different combinations of high/low values
of these party-specific parameters can create widely differing and
unexpected results. The PCM model is much richer than SPM as it
can simulate a much broader spectrum of results, but is also more
difficult to calibrate as it as 𝐾 parameters.

3.3 Survey Models
The aim of a survey is to estimate the underlying reality by examin-
ing a small number of samples. In this case, the underlying reality
is the actual voting preference of all voters, i.e. 𝑍 , and the aim of
the survey is to predict the vote shares 𝑋1 and seat shares 𝑋2. This
is obtained by selecting a small subset of the voters and finding out
their preferences (it is assumed that they respond truthfully).

The main question here is, how to choose these respondents. As
already discussed, the preferences may vary from district to district.
While it may not be possible to cover all districts, an unbiased survey
can be considered to choose districts uniformly at random, and also
choose respondents uniformly at random from these districts. This
approach of uniform sampling has been discussed by other works
like [12], which provided lower bounds on the fraction of districts
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to be sampled, and the number of people to be queried in each
district to be able to predict the winner correctly. In our model, we
represent these as parameters 𝑓𝑠 and 𝑓𝑛 . We further assume that
equal number of people are queried in all the chosen districts.

Suppose in district 𝑗 , we find {𝑊𝑗1, . . . ,𝑊𝑗𝐾 } respondents in
favour of the 𝐾 parties. Clearly, this follows a Multinomial Distri-
bution with parameters {𝑁 𝑗 𝑓𝑛, (𝜃 𝑗1, . . . , 𝜃 𝑗𝐾 )}. The next question
is, given the survey results, how to predict the outcome {𝑋1, 𝑋2}.
Our model estimates the total vote share by simply aggregating the
number of respondents across all districts, who expressed prefer-
ences for different parties. In other words, 𝑌1 (𝑘) =

∑
𝑗𝑊𝑗𝑘

𝑁 𝑓𝑛
(𝑁 𝑓𝑛 is

the total number of respondents) for party 𝑘 . Next, in each of the
𝑆 𝑓𝑠 districts where we carried out the survey, we identify the party
with maximum number of votes among the respondents from that
district. Thus, we find the number of districts {𝑣1, . . . , 𝑣𝐾 } “won"
by the different parties, and we use this as our estimate 𝑌2 of the
overall seat share, i.e. 𝑌2 (𝑘) = 𝑣𝑘

𝑆 𝑓𝑠
.

4 ANALYSIS OF ELECTIONS
As already discussed, our aims in this paper are twofold- prediction
of the results based on the surveys, and evaluating the surveys
based on the results. We now discuss how these can be achieve
these using the model discussed above.

4.1 Prediction from Surveys
Consider the situation where𝑀 surveys have been conducted, with
results 𝑌 = {𝑦1, . . . , 𝑦𝑀 }, where 𝑦𝑖 = {𝑦𝑖1, 𝑦𝑖2} and we aim to
estimate 𝑋 from them. We have already described our approach to
construct the posterior 𝑝 (𝑋 |𝑦1, . . . , 𝑦𝑚). However, this construction
does not account for the normalization factor 1

𝑝 (𝑌 ) . Even if it were
known, it would be difficult to visualize the infinite space of possible
outcomes.

We discuss two ways to utilize this posterior on possible out-
comes. The first one is comparison of a finite number of candidate
outcomes. We are often interested in very specific questions like,
how many votes a particular party may win, or which party can
win maximum seats, rather than the exact vote and seat shares
of all parties. Accordingly, we can construct a few representative
outcomes 𝑥1, . . . , 𝑥𝑘 , and compare their relative likelihoods through
𝑝 (𝑥𝑖 |𝑦1, . . . , 𝑦𝑚).

Also, often the seat share is more important than the vote share,
and there are only a finite number of seat shares (based on how 𝑆

seats can be distributed among 𝐾 parties). So a PMF can be con-
structed by calculating the posterior measure for each possible seat
share, and normalizing them.

If we need a distribution for an individual party’s vote share or
seat share, it is difficult to calculate it analytically from the above
model, because the constructed posterior does not follow a known
family of distributions. However, we can still use a Monte Carlo
approach again if we can draw samples from an approximate form
of the posterior. The proposed approach is as follows:

(1) Initialize sample set S = Φ
(2) Draw a sample 𝑥1 from prior 𝑟
(3) Simulate an election 𝑧 based on 𝑥1 using Election Model
(4) Calculate 𝑥2 from 𝑧

(5) Simulate a survey 𝑦 from 𝑧 using Survey Model
(6) If 𝑦 is close enough to the observed surveys {𝑦1, . . . , 𝑦𝑀 },

ACCEPT the sample, else REJECT it
(7) If sample is ACCEPTED, add {𝑥1, 𝑥2} to S
(8) Repeat till we have sufficient samples

Step 6 ensures that the accepted samples are consistent with the
surveys. Any suitable measure to compare probability distributions,
like Kullback-Leibler (K-L) divergence can be used to compare 𝑦
with {𝑦1, . . . , 𝑦𝑀 }. The ranks of the different parties with respect
to the different estimates should also be compared.

Once we have enough samples of 𝑋 |{𝑦1, . . . , 𝑦𝑀 }, we can fit
another synthetic likelihood on 𝑋 . Once again, we use Dirichlet
likelihood as 𝑋1, 𝑋2 are both proportions over 𝐾 parties. Once
again, the parameters 𝛾 = {𝛾1, . . . , 𝛾𝐾 } and 𝜂 = {𝜂1, . . . , 𝜂𝐾 } can
be estimated using [15]. The marginal distribution of each variate
in a Dirichlet distribution follows a Beta distribution. Using this
property, we can easily calculate the marginal distribution over the
vote-share and seat-share of any party 𝑘 , as follows:

𝑋1𝑘 ∼ 𝐵𝑒𝑡𝑎(𝛾𝑘 ,
𝐾∑︁
𝑗=1

𝛾 𝑗 − 𝛾𝑘 ), 𝑋2𝑘 ∼ 𝐵𝑒𝑡𝑎(𝜂𝑘 ,
𝐾∑︁
𝑗=1

𝜂 𝑗 − 𝜂𝑘 ) (5)

4.2 Investigating the Surveys
An election survey is supposed to be uniform and unbiased. Once
the election result 𝑥 is known, we want to verify if the reported
survey result 𝑦 was consistent with it. In other words, is the proba-
bility 𝑝 (𝑌 = 𝑦 |𝑋 = 𝑥) high enough, if the uniform survey approach
was indeed followed? If not, the survey result may be considered
as dubious.

We have already discussed the use of synthetic Dirichlet like-
lihood for 𝑞(𝑌 |𝑍 ). Given the observations 𝑥 , we generate many
samples of 𝑍 (the complete election) using the Election Model, gen-
erate projected result 𝑌 for each of them using the Survey Model,
and then estimate the Dirichlet parameters (𝛼, 𝛽). Accordingly, we
can calculate 𝑝 (𝑌 = 𝑦1 |𝑥) = 𝐷𝑖𝑟 (𝛼) and 𝑝 (𝑌 = 𝑦2 |𝑥) = 𝐷𝑖𝑟 (𝛽).

To understand whether 𝑝 (𝑌 = 𝑦 |𝑥) is high enough for 𝑦 to be
considered consistent with 𝑥 , one possible approach is to consider
the likelihood ratio, as considered in several works of Sampling-
based Approximate Inference [22]. This ratio is 𝑝 (𝑌=𝑦 |𝑥 )

𝑝 (𝑌=𝑦) . If this
ratio is greater than 1, it means that the projected results are more
likely than usual if conditioned on the actual result, which is an
affirmation of the survey. On the other hand, the ratio being 1 or less
suggest that the projected results may be dubious or independent
of the actual results.

However, calculating 𝑝 (𝑌 = 𝑦) is computationally expensive as
it involves marginalizing over both 𝑍 and 𝑋 . Unlike 𝑝 (𝑌/𝑋 ), we
cannot express 𝑝 (𝑌 ) as a Dirichlet distribution, as possible values
of𝑌 and their respective probabilities are too varied to be expressed
by a single distribution. A possible approach is the Dirichlet Process
Mixture Model (DPMM) with Dirichlet base distribution, but even
then, calculating the marginal likelihood is very difficult [2]. So we
carry out an alternate non-parametric approach based on Monte-
Carlo Sampling, similar to the sampling procedure from 𝑃 (𝑋 |𝑌 ) as
discussed in Sec 4.1.

(1) Draw 𝑁 candidate samples of vote share {𝑋𝑐11, . . . , 𝑋
𝑐
1𝑁 }

from the prior 𝑔(𝑋 )
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(2) From each of them, sample an election {𝑍𝑐11, . . . , 𝑍
𝑐
1𝑁 } using

Election Model
(3) Simulate surveys on them using Survey Model and obtain

projected vote shares {𝑌𝑐11, . . . , 𝑌
𝑐
1𝑁 } and seat shares {𝑌𝑐21, . . . , 𝑌

𝑐
2𝑁 }

(4) Find the number of samples of 𝑌 that are within a specified
distance of both 𝑦1 and 𝑦2,

So, the density at any arbitrary projection 𝑦 = {𝑦1, 𝑦2} can be
obtained as 𝑝 (𝑦) ≈ 1

𝑁

∑𝑁
𝑖=1 𝐼 (𝐾𝐿(𝑦𝑐1𝑖 , 𝑦1) < 𝜖1)𝐼 (𝐾𝐿(𝑦

𝑐
2𝑖 , 𝑦2) < 𝜖2).

Similarly, 𝑝 (𝑦 |𝑋 ) is obtained in the same way, but by considering
only those samples from {𝑋𝑐11, . . . , 𝑋

𝑐
1𝑁 } for which are close enough

to 𝑋1, and the corresponding {𝑋𝑐21, . . . , 𝑋
𝑐
2𝑁 } are also close enough

to𝑋2. Closeness is once again measured in terms of K-L Divergence.
We call the ratio 𝑝 (𝑦 |𝑋 )

𝑝 (𝑦) thus obtained as the nonparametric
likelihood ratio.

An alternate approach is to calculate 𝑝 (𝑌=𝑦 |𝑥 )
𝑚𝑎𝑥𝑌 𝑝 (𝑌 |𝑥 ) , i.e. how likely

are the projected results compared to the most likely projections
from an ideal survey. The denominator can be easily calculated
using the estimated Dirichlet parameters of 𝑝 (𝑌 |𝑥). We call this
ratio as the likelihood mode ratio.

5 EXPERIMENTAL EVALUATION
In this section, we discuss detailed validation of the concepts dis-
cussed above on simulated data, and then proceed to evaluate actual
political elections and surveys held in India. The main questions we
wish to validate here are as follows: i) Can the Survey Model project
realistic results from an election? ii) how does the accuracy of a sur-
vey depend on its scale? iii) Can the constructed Dirichlet Posterior
𝑞(𝑌 |𝑍 ) distinguish between fair and biased surveys? iv) Can we
predict the election results from fair surveys using the constructed
posterior? v) Can we estimate the performance of a party based on
fair surveys? vi) Can we evaluate actual political elections using
this setting? Below, we describe detailed experiments to answer
the questions.

5.1 Survey Model Evaluation
While a single survey’s result 𝑌 is stochastic (depending on the
sample of respondents and districts chosen), we can construct the
distribution over projected results by Monte Carlo sampling us-
ing the Survey Model. To understand this, we construct a small
experiment over 𝑁 = 10000 electors, 𝑆 = 5 districts and 𝐾 = 3
parties. These 5 seats can be divided among the 3 parties in 21 ways
((5,0,0), (2,3,0), (1,1,3) etc). We consider two different vote-shares:
(0.4, 0.35, 0.25) and (0.5, 0.4, 0.1) over the 3 parties. In the first case
there is close contest, while in the second case there is a prominent
winner and loser. However, these votes may be distributed across
the districts in different ways, resulting in different seat shares -
from (2,2,1) to (5,0,0). The question is, can the survey results reflect
these? Are the modes of the survey distributions located at these
outcomes? If not, how far from the modes are they?

The complete election results 𝑍1 and 𝑍2 (corresponding to these
two vote-shares) are generated using the DPM/SPM Election Model
with concentration parameter 0.9. The seat distributions obtained
are (2, 2, 1) and (3, 1, 1) respectively.

The Survey Model is then applied on both 𝑍1 and 𝑍2 1000 times,
and the projected seat shares are recorded in each case. We consider

Figure 1: Comparison of Accurate Seat Projection Rate for
different vote and seat shares in a close contest with vote
shares (0.4, 0.35, 0.25)

𝑓𝑛 = 0.1 and 𝑓𝑠 = 1 (i.e. 10% people are queried from all of the dis-
tricts uniformly). Thus, we obtain empirical frequency distributions
over the 21 possible seat distributions. It is found that for 𝑍1, the
accurate seat projection rate is 65.4%, i.e. the projected seat share
matches the true seat share 65.4% times. Other results which had
significant probability under the survey were (3, 1, 1) and (3, 2, 0),
both close to the correct result. For 𝑍2, this figure is 53.7%.

We scale up the experiments to 𝑁 = 1000000, 𝑆 = 100 and repeat
for other values of the concentration parameter of SPM. The (𝑓𝑛, 𝑓𝑠 )
parameters are held at (0.1, 1). The accurate seat projection rate
for the case of comparable vote shares (0.4, 0.35, 0.25) and different
concentration values are shown in Fig. 1, for different margins
of error (for example, if the true seat distribution is (50, 30, 20)
and projected one is (51, 28, 21) we can say that error is within
margin of 2). It is observed that, seat projection performance is
better for higher values of voter concentration, i.e. when the seat
share reflects the vote share more closely. In case of diverse vote
shares (0.5, 0.4, 0.1), the relation is less clear, but the accurate seat
projection rate is significantly higher compared to Fig 1. The Figure
for this case is available in the full paper [18]. This means, when
the election is closely contested in terms of vote share, surveys are
more likely to be accurate if the seat shares are compatible with
vote shares. In case of lopsided elections in terms of vote share,
surveys are generally expected to be more accurate.

Should a survey go wider (cover more districts) or deeper (ask
more people in each district)? We study how the accurate seat
projection rate varies with the scale of the survey, i.e. with 𝑓𝑛 and
𝑓𝑠 . We repeat this experiment for both the aforementioned vote
shares, and also the two SPM concentration parameters (0.9 and
0.7) resulting in different seat shares. High concentration causes
the seat share to reasonably resemble the vote share, while low
concentration maximizes seat share of the party with highest vote
share. The results are shown in Fig. 2, where the district coverage
is varied, while keeping the people coverage unchanged (10%).
The figure illustrates that covering more districts is clearly more
beneficial in case of high concentration, but not so much in case of
low concentration. In another experiment, the number of people
surveyed is varied, while keeping the district coverage unchanged
(50%). The figure for this is available in the full paper [18]. It is
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Figure 2: Comparison of Accurate Seat Projection Rate
for surveying different fractions of the districts on 4 vote
share/seat share combinations (see legend). Error limit: 3%

observed that covering more people has no clear impact when the
concentration is high, i.e. seat share reflects the vote share. But
for low concentration, covering more people clearly improves the
survey performance.

The above observations are validated further on actual political
elections held in India. We consider four states of India (Tripura,
Himachal Pradesh, Gujarat, Karnataka) that had elections in the
past year. All of these were essentially tripartite contests, where the
vote shares and seat shares of the three main parties are provided
in Table 1. To avoid needless controversies, we have anonymized
the parties. In each case, we refer to the party with most votes as
P1, second most as P2 etc.

Surveys are simulated by the Survey Model using the complete
election data obtained from [1]. Once again we vary 𝑓𝑛 and 𝑓𝑠 as
above, though 𝑓𝑛 is now kept to smaller values (0.1 − 5% of the
total population) due to the huge sizes of the electorate. In most
cases, we see that increasing the district coverage results in clear
improvement of projections (𝑓𝑛 constant at 10%), as shown in Fig 3.
However, increasing people coverage with district coverage held
constant at 50% has no such effect (see [18] for illustration). This is
consistent with our previous analysis, as in all cases (except Gujarat)
the seat shares are not very far from the vote share. The optimal
SPM concentration parameter in all these cases, using which the
seat share can be obtained most accurately given the vote shares, is
found to be around 0.9. So this observation is consistent with our
previous result (Fig 2).

5.2 Posterior Evaluation
We now set out to evaluate the constructed posterior 𝑝 (𝑋 |𝑌 ), i.e.
given the survey projections, how well can we identify which out-
comes are most likely, and which are not? For this, we carry out
three experiments.

In the first experiment, we consider the true result𝑋 0 = {𝑋 0
1 , 𝑋

0
2 }

and generate complete results from the election model. 𝑋 0
1 is sam-

pled from the Dirichlet prior 𝑟 . The survey model is run on it to gen-
erate a projection {𝑌1, 𝑌2}, considering 𝑁 = 1000000, 𝑆 = 100. Now,
we develop the posterior, by Monte Carlo Sampling and Maximum
Likelihood estimate of Synthetic Dirichlet parameters as discussed
in Sec 3.1. We now calculate the posterior density at a number of

Figure 3: Comparison of Accurate Seat Projection Rate for
surveying different fractions of districts of Indian state elec-
tions. Maximum error: 3%

State N S Vote Share Seat Share
P1 P2 P3 P1 P2 P3

Tripura 2.4M 60 0.42 0.38 0.20 0.55 0.23 0.22
Himachal 4.2M 68 0.45 0.43 0.12 0.59 0.37 0.04
Gujarat 29M 182 0.56 0.30 0.14 0.88 0.09 0.03

Karnataka 36M 224 0.46 0.39 0.15 0.62 0.30 0.08
Table 1: Summary of 4 recent state assembly elections in
India. Parties anonymized and ranked in order of vote share

Actual Results Projections Posterior Mode
(0.55, 0.23, 0.22) (0.51, 0.26, 0.23) (0.55, 0.23, 0.22)
(0.35, 0.33, 0.32) (0.34, 0.33, 0.33) (0.34, 0.32, 0.33)
(0.35, 0.33, 0.32) (0.36, 0.34, 0.30) (0.35, 0.33, 0.32)
(0.72, 0.15, 0.13) (0.76, 0.14, 0.10) (0.72, 0.15, 0.13)
(0.36, 0.36, 0.28) (0.36, 0.34, 0.30) (0.37, 0.30, 0.33)
(0.71, 0.27, 0.02) (0.54, 0.34, 0.12) (0.71, 0.27, 0.02)

Table 2: Original, projected, posterior mode vote shares
(above) and seat shares (below) for three candidate settings

candidate results, including 𝑋 0. This is repeated for three sets of
results: i) 𝑋 0

1 = (0.55, 0.23, 0.22), 𝑋 0
2 = (0.72, 0.15, 0.13), ii) 𝑋 0

1 =

(0.35, 0.33, 0.32), 𝑋 0
2 = (0.36, 0.36, 0.28), iii) 𝑋 0

1 = (0.35, 0.33, 0.32),
𝑋 0
2 = (0.71, 0.27, 0.02). Note that ii) and iii) have identical vote

shares but very different seat shares (due to different values of SPM
concentration). Among the candidate solutions in each case, 𝑋 0

and results closest to it are the ones with highest posterior den-
sity. Fig. 4 shows how the posterior density at different results
decreases as their distances (K-L Divergence) from the original
result 𝑋 0 increases. Table 2 shows the true results 𝑋 0, projected
results 𝑌 and candidate solution with highest posterior density.
Note that for case ii) the highest posterior density value is achieved
at 𝑋1 = (0.34, 0.33, 0.33), 𝑋2 = (0.37, 0.33, 0.30) which is differ-
ent from, but very close to 𝑋 0. In cases i) and iii) 𝑋 0 has the best
posterior density.

How does the posterior’s performance change with the number
and scales of the survey? This is the question we study in the
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Figure 4: Relation between posterior density of candidate
solutions and their distance (K-L divergence) from the ac-
tual result 𝑋 0. 4a(left): 𝑋 0 = (0.55, 0.23, 0.22)/(0.72, 0.15, 0.13),
4b(right): 𝑋 0 = (0.35, 0.33, 0.32)/(0.36, 0.36, 0.28)

third experiment. We repeat the second experiment by varying the
number of surveys, as well as 𝑓𝑛 and 𝑓𝑠 in each survey. We see
that as we increase the number of surveys, the posterior density
of the true result increases with respect to other candidates. For
example, in case of setting ii) above, 𝑋 0 has the highest posterior
density when we consider 5 surveys (which was not the case when
we considered 1 survey). The results are shown in Appendix.

In the second experiment, we consider the election results from
the four state elections discussed in Table 1. We consider 5 surveys
in each case, by using our survey model on the complete election
data. Next, the posterior density is computed for several candidate
solutions including 𝑋 0. Once again, Fig. 5 shows how the posterior
density at different candidate results come down as their distances
(K-L Divergence) from the true results increase.

In case of Tripura, the SPMmodel fails to produce the true results
under any parameter settings. So we consider the PCM model.
Even then, the few candidate results with highest likelihood were
quite varied: including (0.39, 0.36, 0.25)/(0.55, 0.4, 0.05) - a tight
victory for P1, and (0.41, 0.37, 0.22)/(0.9, 0.1, 0) - a sweep by P1. In
both cases, either the vote-share or the seat-share are reasonably
close to the actual, but not both. This is a special case of a multi-
modal posterior, where varied results seem to be equally likely. This
is reflected in the nature of the plot in Fig 5. The reason is that,
𝑃3’s vote-share was extremely skewed across districts. In case of
Himachal Pradesh, the most likely result according to SPM model,
based on 5 surveys is (0.46, 0.43, 0.11)/(0.60.40). This result has a
slightly higher posterior likelihood than the actual result. The SPM
model was generally unable to produce results that allocate 0.14
seat share to P3. In case of Gujarat and Karnataka, the actual result
itself had the best likelihood among the candidate results which we
considered. The comparisons of the actual result, projected results
(median from 5 surveys) and posterior mode results are provided in
Table 3, except for Tripura where there is no clear posterior mode.
The conclusion is that, the constructed likelihood is consistent, i.e.
it is able to recover the true result from the surveys in most cases.
In the full paper [18], we show how these results change with the
number and scale of surveys, and the prior distribution 𝑔(𝑋1).

Figure 5: Posterior Likelihood of candidate results versus
their distance (K-L divergence) from the actual results in
case of the 4 state elections. Note the anomalous nature of
the plot for Tripura, which had a multi-modal posterior

State Actual Results Projections Posterior Mode
Himachal (0.45, 0.43, 0.12) (0.44, 0.45, 0.11) (0.46, 0.43, 0.11)
Gujarat (0.56, 0.30, 0.14) (0.57, 0.27, 0.13) (0.56, 0.30, 0.14)

Karnataka (0.46, 0.39, 0.15) (0.47, 0.38, 0.15) (0.46, 0.39, 0.15)
Himachal (0.59, 0.37, 0.04) (0.53, 0.40, 0.07) (0.54, 0.44, 0.02)
Gujarat (0.88, 0.09, 0.03) (0.87, 0.09, 0.03) (0.88, 0.09, 0.03)

Karnataka (0.61, 0.30, 0.09) (0.62, 0.28, 0.10) (0.61, 0.30, 0.09)
Table 3: Original, projected, posterior mode vote shares
(above) and seat shares (below) for each party in the 3 state
elections except Tripura. The projected results mentioned
are based on the median of 5 surveys. with an error range of
±0.05 around the median.

A related question that arises is, given survey 𝑌 , what can we
say about the probable performance of a particular party? Our
approach to this question has already been discussed in Section
4.1. We evaluate the same using the same 4 state elections as above,
based on 5 surveys. The results are illustrated in [18]. We can see
that the approximate posterior mode is quite accurate for vote share,
but not very accurate in terms of seat share. In Fig 6, we show the
synthetic posterior PDF for the first, second and third parties (both
vote share and seat share) conditioned on the 5 survey results for the
elections for 2 states (for all 4 states, please see the full paper [18]).
We find that in each case, the modes for the parties’ curves are
in the correct order of their actual performance, though there are
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Figure 6: Synthetic Posterior distributions for the perfor-
mance of each party individually, in terms of vote share and
seat share, conditioned on 5 surveys for the 4 state elections.

significant variances, which means there is some probability that
the results may have been different. For Tripura, the variances are
very small and modes very close, while for Gujarat and Karnataka
the seat share variance is quite large for 𝑃1.

5.3 Post-facto Survey Evaluation
We finally validate the analysis of Section 4.2, to examine the va-
lidity of surveys once the actual result of the election is known.
We compare three kinds of surveys: genuine, fake and malicious.
Genuine surveys 𝑌𝑔𝑒𝑛 are generated by running the survey model
on the actual complete election data 𝑍 . For fake surveys, first a fake
election 𝑍 𝑓 𝑎𝑘𝑒 is generated by first sampling a vote share 𝑋𝑓 𝑎𝑘𝑒
from the prior distribution, and then applying an election model on
it. The survey model is then applied on 𝑍 𝑓 𝑎𝑘𝑒 to obtain 𝑌𝑓 𝑎𝑘𝑒 . In
case of malicious surveys, the true result is intentionally skewed to-
wards one party. 𝑌𝑚𝑎𝑙 is obtained by linearly combining 𝑌𝑔𝑒𝑛 with
𝑌𝑘 where the entire vote is in favour of party 𝑘 (chosen randomly).

We first consider the synthetic election with 𝑁 = 10000 voters,
𝑆 = 5 districts and 𝐾 = 3 parties. We consider two cases: one where
𝑋1 = (0.4, 0.35, 0.25), 𝑋2 = (0.4, 0.4, 0.2) and another where 𝑋1 =

(0.4, 0.35, 0.25), 𝑋2 = (0.8, 0, 0.2). For the three categories of surveys
(genuine, fake, malicious), we compare both the nonparametric
posterior likelihood and the posterior modal likelihood. The results
are shown in Table 4. We clearly see that in every case, the genuine
surveys have a significantly higher likelihood ratio or posterior
modal ratio compared to the other surveys.

Next, we move to the real data. We sample 100 surveys from
each of the above 3 categories, for each of the 4 states. In each case,
we calculate both the nonparametric likelihood ratio and likelihood
mode ratio as discussed in Section 4.2. Themean results are reported

Actual Genuine Fake Malicious
(0.4,0.35,0.25)|(0.4,0.4,0.2) 5.0 0.08 3.5
(0.4,0.35,0.25)|(0.8,0.2,0) 11.7 2.23 1.29
(0.4,0.35,0.25)|(0.4,0.4,0.2) 0.23 0.11 0
(0.4,0.35,0.25)|(0.8,0.2,0) 1.0 0 0

Table 4: Survey Evaluation on election results simulated by
SPM Model. Top: Nonparametric Likelihood Ratio, Bottom:
Likelihood Mode Ratio (average of 100 surveys of each type)

State Genuine Fake Malicious
Tripura 10.9 2.5 1.6
Himachal 17.1 0.72 3.11
Gujarat 4.62 1.82 3.54

Karnataka 30.3 1.42 6.66
Tripura 0.07 0.02 0
Himachal 0.41 0.00004 0.0012
Gujarat 0.13 0 0.0004

Karnataka 0.05 0.002 0
Table 5: Top: Nonparametric Likelihood Ratio, Bottom: Like-
lihood Mode Ratio (average of 100 surveys in each of the 3
categories)

in Table 5. Once again, we find that the genuine surveys have a
very significantly higher likelihood ratio compared to the fake or
malicious cases. In case of Tripura, even for the genuine surveys,
the modal ratio is quite low because, the actual results could not be
simulated accurately by any of the election models.

6 DISCUSSIONS AND CONCLUSION
While much of the past work on election prediction from surveys
focuses on prediction of the winner, there has been relatively few
works on predicting the number of seats or votes won by different
parties in a multi-party, multi-district setting. This work actually
provides a probability distribution on these, and also on the pos-
sible performance of individual parties. Furthermore, we provide
a way to evaluate the feasibility of survey results, once the actual
results are known. This approach can be very useful in bringing
scientific accuracy in the process of large-scale opinion polling and
in identifying fraudulent or dubious surveys. The unique feature of
this work is that it involved extensive simulations based on actual
elections involving millions of people. While much of the work
presented here is based on Monte Carlo simulations and Approxi-
mate Bayesian Computing, our next aims will be to provide some
theoretical guarantees regarding the actual results on the basis of
surveys. We have not provided any comparison of our proposed
method, since there is no known approach to achieve the same
goals. However, in the full paper [18], we discuss what could have
been possible alternatives, and their shortcomings.
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