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Introduction

ACLED Conflict Index: Country Rankings Modality of incidences of political violence
reported during the 2020-2021 electoral period
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Motivation

Spatiotemporal data => Samples dependent spatially and temporally
Sparse Data
High dimensional feature space

Imbalanced class distribution



Challenges

Neighboring samples correlated Classical machine learning
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Objectives

* Developing a generalized methodology to model imbalanced
event type spatiotemporal data using a subset of high
dimensional feature space.

* Analyzing spatiotemporal patterns in political conflicts.

* Find the set of predictors that are important in classifying the
labels (the predictors of political conflicts).



Dataset

1210 variables
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Phase |: Training
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Original Data
Class Precision | Recall | F1
0 1.00 1.00 1.00
1 0.53 0.09 | 0.15
Random Forest
Class Precision | Recall | F1
0 1.00 0.78 | 0.88
1 0.00 0.31 0.01
CNN2D+LSTM

Phase I: Results

Under-sampled Data

Concatenation

Class Precision | Recall | F1
0 0.99 1.00 1.00
1 0.63 0.16 0.25
Random Forest
Class Precision | Recall | F1
0 0.99 0.64 0.77
1 0.01 0.38 0.02
CNN2D+LSTM

Class | Precision | Recall | F1
0 0.99 0.90 | 0.94
1 0.03 0.34 | 0.05
CNN2D+LSTM




Phase IlI: Motivation
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Phase Il: Training

Pre-processed
data

Forest(RF)

Decision
Tree(DT)
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Phase Ill: Motivation

)

Model fit is not very reliable.

* Also need to focus on the important

predictors

Large feature space ~ 600 features
Model is too complex
Low Bias High Variance (Overfitting)
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Phase Ill: Training
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Phase Ill: Results

Method(fea-
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Model Comparison

o B ¥ Support
Model Precision(1) | Recall(1) | F1(1) . | [ e | s
Time (sec) Time isec) &
tiom
CNN +
LSTM
(Concate- = i 42375(0) vs
e | g Ll 1 : 303(1)
Undersam-
pling)
CNN +
LSTM (2
Independent . 42375000 vs
3
T 0.073 0.36 0.05 50 1 393(1)
with Under-
sampling)
Logistic Re- JBIB1(0) vs
= 27 3 ;
gression 0.67 0.2; 0.38 44.68 1.43 141641)
Decision % : IBIB1(0) vs
27 2 7 :
Tree 0.27 0.30 0.29 557.99 1.67 1416(1
Random :
Forest (Un- | D.82 0.17 0.28 497.22 497 ~BLERG) s
: 141641
weighted)
G e g5 IRIBLD) vs
KNN 0.55 0.11 0.18 17.22 420.84 1416(1
) 5 iy IR1B1(0) vs
e Baye g .34 .2 4.3 : iy
MNaive Bayes | 0.15 0.34 0.20 14.34 5.15 1416(1
Gradient i : IRIB100) vs
7 3 2 9 ,
s 0.66 0.27 0.39 1120.34 269 1416(1)
Voting Clas-
sifier with : by IRIB100) vs
LASSO 100 0.60 0.31 0.41 4.4 1.39 1416(1)
sims (Soft)
Voting Clas-
sifier  with y
1 IBIEL0) vs
3 2 :
LASSO 0.63 0.33 043 111.96 290 1416(1)
complete
(Soft)

* Model Complexity
* Feature Engineering
» Scalability

 Generalization

The classical methods are trained on whole data with 647 municipalities with 7232
predictors having both the majority and minority class. The neural networks and the
voting classifier with LASSO 100 are trained on 82 predictors from the union of
predictors from 100 independent LASSO simulations. The voting classifier with
LASSO complete is trained using 479 predictors.




Conclusion

Classical methods outperform deep neural network models for tabular
dataset.

Univariate time series analysis revealed previous 1 lag dependency using
which voting classifier was trained which performed the best.

Feature selection using LASSO 100 sims selected just 82 predictors and
gave a F1 score of 41%.

Year, month, accident, material conflicts and presence of positive
sentiments turn out as the important predictors that drive the political
conflicts



Time series of violence
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