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Conclusion & Future Work
• Using Random Forest we can understand what drives water usage in 

different states
• Waiting on future dataset to verify the accuracy of our model
• Multivariate analysis on water and energy as response variables

Methods: Random Forest
Ensemble bagging tree methods developed by 
Breiman (2001)

Advantage over Linear Models:
• Capture nonlinearity between variables
• Nonparametric
• Variable Importance Plot
• Partial Dependence Plot

With the recent report from Water Sense EPA in 2014 predicting that 40 out of 50 states will experiencing water shortages in parts of the states in the
coming decade and prolonged California drought issues, there is a need to have an extensive statistical analysis of the water usage in the United States.
While water demand forecast has been explored by previous researches, many of the researches have not look at the overall trend in the United States;
many of them look at specific areas. Other researches have only looked at time series and management science perspective. Our research aims to develop
statistical models using socioeconomic factors for predicting the total water demand in U.S. state level and to study the main drivers of water usage.

Introduction

Data Overview
• Response variable: 

• Total Water Usage in the US normalized by 
total population of each state (Million 
Gallon/day/person) in the State level

• United States Geological Survey (USGS) 
Water Data

• 5 year aggregated data: 1991-2010

• Predictor variables*

*data from various sources

Results

𝑹𝟐 Fit RMSE LOOCV 
RMSE

MLR 0.60 1.63 1.86
GAM 0.67 1.49 1.49

MARS 0.94 0.63 1.74
RF 0. 95 0.60 1.29

Table 1. Summary of all models fitted

Population
Gross State Product (GSP)
Median Household Income
Education Level

Electricity Generation
Coal Production

Cooling Degree Days (CDD)
Heating Degree Days (HDD)

Coastal Status
Urbanized Population %
Irrigation farmland size
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Plot of important variables 

% accuracy decrease when variable removed

Partial Dependence Plot

Two plots above summarizes the results produced by random forest. On the left, we look at the
variable that is important in explaining the changes in the response variable. On the right, we look
at each of the effect of the important variable effecting the response variable. Partial dependence
plot contains confidence interval represented by the red lines, as well as the original data
distribution represented by the short lines on the x-axis.

The Principal Component Analysis (PCA)
plot on the right, summarizes the effect by
the predictors. It is also grouped by the
different location of the states as well as
labeled according to the year and the state.

For example, we can see that Texas (TX)
generally have a lot of energy generation
plants and are located in a hotter region.
While state like Vermont (VT) are located in
a cooler region and do not have much
energy generation plants.

Accurate estimates of short–, medium–, and 
long–term demand for critical services such as 
water, power, mobility and communications is 
paramount for urban planners, and operators of 
critical infrastructure system in order to ensure 
reliable and affordable provisioning of critical 
urban services. Failing to understand the 
complexity of water demand will results in 
catastrophic situation such as California 
Drought. Though the problem with California 
drought is rather complex, it has its roots in how 
the system is currently working: 
• Urbanization
• Overestimating water produced by Colorado 

River
• Virtual Water – purchasing products that 

requires a large amount of water to produce
As such there is a need to not just understand 
the amount of water we used but also the 
pressure point of water usage in each state.


