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• Spatiotemporal data => Samples dependent spatially and temporally

• Sparse Data

• High dimensional feature space

• Imbalanced class distribution

Motivation
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[2]

Classical machine learning 
algorithms fail!

Neighboring samples correlated 
spatially

[43]

Challenges
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• 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).

Objectives
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Class Precision Recall F1

0 1.00 1.00 1.00

1 0.53 0.09 0.15

Class Precision Recall F1
0 1.00 0.78 0.88

1 0.00 0.31 0.01

Class Precision Recall F1

0 0.99 1.00 1.00

1 0.63 0.16 0.25

Class Precision Recall F1
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1 0.01 0.38 0.02
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0 0.99 0.90 0.94

1 0.03 0.34 0.05
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Random Forest

CNN2D+LSTM
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Phase I: Results
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Class Precision Recall F1
0 0.99 1 0.99
1 0.34 0.21 0.26

Class Precision Recall F1
0 0.99 1 0.99
1 0.38 0.19 0.25

Class Precision Recall F1
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1 0.04 0.45 0.07

VC 1 Soft Voting
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Phase II: Results
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• Model fit is not very reliable.
• Also need to focus on the important 

predictors

Voting Classifier 1: 
DT+NB+QDA+LG

• Large feature space ~ 600 features
• Model is too complex
• Low Bias High Variance (Overfitting)

Feature 
Selection

Phase III: Motivation
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Method(fea-
-tures 

selected)
Class Precision Recall F1

Mutual 
Information(

50)
1 0.61 0.17 0.27

Forward 
Stepwise(77) 1 0.37 0.18 0.24

RFE(3616) 1 0.79 0.13 0.23
Forward Ʌ 
RFE(49) 1 0.36 0.18 0.24

Forward U 
Mutual 

Information(
117)

1 0.67 0.17 0.27

LASSO(479) 1 0.24 0.66 0.35

PCC(2213) 1 0.17 0.50 0.26
LASSO 100 

sims(82) 1 0.71 0.22 0.34

Tuned LASSO

Tuned LASSO
 100 sim

s

Model Class Precision Recall F1
Logistic 
Regression

1 0.68 0.27 0.39

Random 
Forest

1 0.68 0.20 0.31

Xg Boost 1 0.64 0.25 0.36
QDA 1 0.15 0.60 0.23
Voting 
Classifier

1
0

0.97
0.60

0.99
0.31

0.98
0.41

Phase III: Results
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• 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.

Model Comparison



18

• 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

Conclusion
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