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The Economic Context

A Landscape of Volatility

Sri Lanka faces unique inflation risks due to external shocks, climate impacts, import dependency, and economic rigidities.

2021-2022 Crisis: A sharp acceleration in inflation 

driven by domestic factors and global supply chain 

disruptions.

Changing Relationships: Globally, traditional indicators 

failed to capture the steepening of the Phillips curve.

Motivation: Accurate inflation forecasts are crucial 

for monetary policy decisions and communication.

Challenges in Inflation Forecasting: Emerging 

economies like Sri Lanka face numerous shocks, making 

inflation predictions difficult.

The Need: A robust forecasting tool that can adapt 

to rapid structural breaks and non-linear dynamics.
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Why Traditional Models Fail

Limitations of Econometrics

Traditional econometric models assume fixed 

functional forms and linear relationships. They often 

struggle to adapt when structural breaks occur, such 

as the post-pandemic shifts in consumption.

The "non-linear" Problem

Standard models historically underestimate the role 

of non-linear drivers—such as sudden weather 

shocks or global oil price spikes—leading to 

significant forecast errors during periods of high 

volatility.
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The Machine Learning Advantage

Flexible Relationships

ML allows the data to reveal 

functional relationships rather 

than imposing them ex ante, 

capturing complex non-linear 

dynamics.

High Dimensionality

Capable of handling a vast array 

of predictors—from climatic data 

to global indices—without the 

multicollinearity issues.

Optimization

Focuses explicitly on minimizing 

out-of-sample forecast errors 

rather than estimating structural 

parameters.
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Related Literature

Global & Conceptual Context

Sri Lankan ContextLiu et al. (2024): Demonstrated enhanced 
inflation forecasts using ML methods like LASSO 
and Random Forest.

Kohlscheen (2022): Showed regression trees 
reduced RMSE relative to AR models in 20 
advanced economies.

Bentele & Roth (2021): Applied ML to a small 
open economy context, highlighting the 
importance of external and commodity price 
features.

Samarakoon et al. (2025): Applied a range of ML 
methods to forecast Sri Lanka's monthly inflation 
(2015-2025)

Bandara & De Mel (2023): Found SVM Regression 
effective for Sri Lankan inflation but relied 
primarily on univariate data.

Gap: This study bridges the gap by using 
multivariate ML models tailored to Sri Lanka's 
specific economic drivers.

Medeiros & Mendes (2016): Confirmed Adaptive 
LASSO outperforms traditional AR and factor 
models in US inflation forecasting.
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Objectives of the Study

Machine Learning for Inflation

Apply machine learning models to forecast headline, 

core, and food inflation at 1, 3, and 6-month horizons.

Benchmark Model Comparison

Compare machine learning forecasts with traditional 

Random Walk and AutoRegressive benchmark models 

for accuracy.

Key Inflation Predictors

Identify important economic, financial, and climatic 

variables driving inflation from comprehensive 

datasets.

Policy Insights and Impact

Improve short-term inflation forecasting to support 

proactive monetary policy and effective stakeholder 

communication.
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Methodology: Supervised Learning Framework

The study models future inflation as a function of current 

and lagged economic indicators using a supervised learning 

setup.

Target (π): Headline, Core, and Food Inflation.

Horizons (h): 1, 3, and 6 months ahead.

Validation: Time-series K-fold cross-validation.

Features (x): 15 predictor variables.
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Linear Machine Learning Models

LASSO

Least Absolute Shrinkage and Selection Operator

Enhances prediction by imposing an L1 penalty, 

which shrinks coefficients towards zero. This 

performs implicit variable selection, effectively 

removing noisy or redundant predictors—crucial for 

high-dimensional macroeconomic data.

Elastic Net

Combined L1 and L2 Regularization

Balances the sparsity of LASSO with the stability of 

Ridge regression. It is particularly effective when 

predictors are highly correlated (e.g., money supply 

and credit), allowing the model to select groups of 

related variables.

The literature favours linear regularization for near-term forecasts due to its inherent simplicity, robustness against 
noisy data, and transparent policy insights.
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Tree-Based Ensemble Models

Random Forest

Bootstrap Aggregation

Constructs multiple decision trees on random 

subsets of data and features. By averaging the 

predictions of these trees, it reduces variance and 

captures complex non-linear interactions without 

overfitting.

XGBoost

Extreme Gradient Boosting

A powerful, optimized gradient boosting algorithm 

that builds trees sequentially to correct the errors of 

previous models. It excels at capturing threshold 

effects and intricate patterns in volatile data.

Tree-based ensembles are favoured for short-term forecasting and volatile series (like food inflation) because they 
expertly map non-linear relationships and capture structural breaks.
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Key Inflation Drivers

External Shocks

Import dependency makes Sri Lanka 

vulnerable to global supply chain pressure 

and exchange rate fluctuations.

Domestic Demand

Real output, credit growth, and remittance 

inflows are likely demand-side predictors.

Domestic Supply

Local climatic factors, specifically rainfall in 

key agricultural districts, directly impact 

food inflation.
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Data Overview

Category Key Indicators

Domestic 
Activity

Real GDP, Industrial Production (IIP), Foreign 
Remittances, Producer Price Index (PPI)

Money & 
Credit

Private Sector Credit, Broad Money (M2b), Prime 
Rate (AWPR)

External 
Factors

Exchange Rate (LKR/USD), Brent Crude Oil, Global 
Supply Chain Pressure Index (GSCPI)

Food & 
Climate

FAO Food Price Index, Rainfall & Temp 
(Anuradhapura/Nuwara Eliya)

Predictor Variables (Features)Target Variables (Forecasts)

The study aims to predict three key inflation measures:

Headline Inflation: The official policy target.

Core Inflation: Underlying inflation trend.

Food Inflation: Critical for household welfare.

Data Range: Jan 2014 – Jun 2025

Captures inflation as measured by the Colombo 
Consumers Price Index (Base 2013=100) onwards
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Implementation: Feature Engineering

Data Transformation

All series were first checked for stationarity and 
transformed to ensure meaningful feature contributions:

Predictor Generation (𝒙𝒕 Construction)

To explicitly model policy and shock transmission lags, the 
feature set was extensively planned:

Inflation: Calculated as year-on-year percentage change 
for all targets (i.e., Headline, Core, Food).

Nominal Series (e.g., Money Supply): Transformed using 
log differences to represent growth rates.

Interest Rates: Used in levels to capture changes in 
policy stance.

Lagging: Every primary predictor includes up to 6 lagged 
values to capture transmission delays (approx. 15 
variables times 6 lags → approx. 90 predictors).

Standardization: Features were standardized to prevent 
variables with larger magnitudes from dominating the 
penalized/distance-based models (LASSO/Elastic Net).
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Validation and Tuning Strategy

Time-Series Backtesting

Traditional random cross-validation is inappropriate 
for time-series data. We used an Expanding Window 
Backtest:

Model Hyperparameter Optimization

The training window incrementally grows, 
mimicking real-time forecasting.

Forecasts were generated monthly starting from 
July 2021 (48 forecast points).

This ensures that only historical data is used to 
predict the future, providing true out-of-sample 
performance metrics.

LASSO/Elastic Net: Penalty strength (𝛼) was 
optimized automatically using the efficient 
LassoCV and ElasticNetCV classes, via internal 
cross-validation.

XGBoost/Random Forest: Hyperparameters were 
efficiently tuned using Bayesian Optimization 
(BayesSearchCV) to maximize performance within 
the time-series cross-validation framework.

Optimization Metric: Optimization sought to 
minimize the Root Mean Squared Error (RMSE) 
across the training window.
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Headline Inflation: Projected vs. Actual 
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Headline Inflation: Forecast Accuracy
Comparison of Root Mean Squared Error (RMSE) at 1-Month, 3-Month, and 6-Month Horizons. 
Lower is Better
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Near-Term (1 Month)

Linear models perform competitively well at very 

short horizons. This suggests that near-term inflation 

is driven by high persistence and stable linear 

relationships.

Short-Term (6 Months)

Tree-based models demonstrate superior accuracy 

at longer horizons. They successfully capture the 

non-linear impacts of economic shocks and policy 

effects that linear models fail to anticipate.



Feature Importance

Methodology: Extracted using absolute coefficients for LASSO and Information Gain for XGBoost.

Near-Term (LASSO)

Focus: 1-3 Month Horizon

The model selects features reflecting immediate 
pass-through:

Short-Term (XGBoost)

Focus: 6 Month Horizon

The model captures lagged & structural effects:

Cost-Push: PPI & Exchange Rates (immediate 
production costs).

Real Economy: Real GDP & IIP (current output & 
supply capacity).

Demand Conditions: Foreign Remittances 
(immediate demand impact).

Global Shocks: FAO Food Price Index (all recent 
lags).

Money Supply: Distant lags of Broad Money 
(delayed price impact).

Climate Risk: Rainfall - Anuradhapura (direct 
supply-side effects on food).



Core Inflation: Projected vs. Actual 
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Core Inflation Performance
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Comparison of Root Mean Squared Error (RMSE) at 1-Month, 3-
Month, and 6-Month Horizons. 
Lower is Better Linearity Dominates Core

Core inflation, which excludes volatile food and 
energy prices, exhibits more stable dynamics. As a 
result, Linear Regularization Models tend to 
outperform complex tree-based models at 
shorter horizons.

1- and 3-Month Horizon: LASSO and Elastic 
Net are highly effective.

Gains in tree-based models are most visible 
at 6-Month ahead horizon.



Food Inflation: Capturing Volatility
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The Power of Non-
Linearity
Food inflation is driven by complex, 
non-linear factors such as weather 
patterns and global commodity shocks.

Tree-based models (e.g., XGBoost) 
significantly outperform linear models 
at the 6-month horizon, reducing the 
forecast error drastically. 



Robustness Checks

Giacomini & Rossi Test

To ensure reliability, model performance was evaluated 
using the Giacomini & Rossi fluctuation test for 
conditional predictive ability.

Key Finding: The test statistics for LASSO (at 3-month 
horizons) and XGBoost (at 6-month horizons) 
consistently exceeded the critical bounds, confirming 
that their predictive superiority over the Random Walk 
benchmark is statistically significant.
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Note: Giacomini and Rossi's (2010) test rejects the null hypothesis of equal 
predictive ability when the test statistic is outside the band lines.



Implications for Monetary Policy

Data-Driven Decisions

Monetary policy should rely on 
information-rich models. Moving 
beyond simple econometrics to 
ML allows the Central Bank to 
process high-dimensional data 
(climate, global indices) for 
better accuracy.

Timely Intervention

Improved accuracy at 3-6 month
horizons aligns with monetary 
transmission lags, enabling 
proactive policy adjustments.

Credibility

From a communication 
standpoint, integrating ML-based 
projections with traditional 
forecasting tools could enhance 
policy credibility.

21



Conclusion
Machine Learning offers a "Smarter Oracle" for Sri Lanka's economy.

✓ By incorporating diverse predictors—economic, financial, external, and 

climatic—and utilizing non-linear algorithms, we can significantly enhance 

inflation forecasting accuracy. 

✓ This study confirms that while linear models serve well in the near-term, tree-

based models are indispensable for capturing the complex dynamics of the 

short- to medium-term horizon.
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THANK YOU FOR YOUR ATTENTION!

Toward a Smarter Economic Oracle:

Improving Sri Lanka's Short-Term Inflation Forecasting Using Machine Learning
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