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Estimation of drinking water quantity in Canada from 2005 to 2019

by Rezvan Taki and Michael Schimpf1

Abstract

The global demand for drinking water has increased substantially with population growth, urbanization and 
industrialization. As a result, many countries, including Canada, are facing growing demand for high-quality 
drinking water, placing a significant strain on water treatment plants. Water treatment facilities provide water 
for various purposes, including thermoelectric power generation and for domestic, commercial and industrial 
use. To better understand drinking water production trends, forecast future water use, and achieve sustainable 
development in designing and planning drinking water supply systems, it is essential to have precise, dependable 
and uninterrupted data on potable water volumes processed by water plants. This paper examines the limitations 
caused by the frequency of Statistics Canada’s Biennial Drinking Water Plants Survey on water production analysis. 
It explores various water modelling techniques and introduces a robust water prediction model aimed at providing 
estimates of water production for non-surveyed years at the national level in Canada.

This research uses quarterly water data from 2005 to 2019, combined with auxiliary data, such as gross domestic 
product and population estimates, for modelling. This study examines different techniques, including partial 
least squares regression, random forest and spline regression. After conducting cross-validation analyses, the 
spline regression model was selected as the most effective technique and was used to provide a comprehensive 
evaluation of drinking water production by water treatment plants from 2005 to 2019. This approach effectively 
filled in data gaps that were not previously surveyed, allowing for a more accurate and complete assessment of 
water production. Overall, this study’s findings demonstrate the potential of using a spline regression model for 
predicting drinking water production and its use in filling data gaps, highlighting its significance for water resource 
management and policy making in Canada.

Keywords: Drinking water, spline regression, random forest, prediction model.

1 Introduction

The global need for drinking water is rising because of the rapid pace of population growth, urbanization and 
industrialization (Smeti et al., 2009).To ensure long-term prosperity, governments and policy makers must have 
access to accurate, reliable and continuous data on potable water volume for effective planning of water supply 
and demand.

From 2005 to 2019, the number of Canadians served by public water supplies grew by more than 5 million 
(+18.8%). However, during the same period, the total production of potable water in Canada decreased from 
5,706.2 million cubic metres in 2005 to 4,866.1 million cubic metres in 2019. The recent decrease in drinking water 
production could be in response to a shift toward more sustainable consumption patterns, possibly attributable to 
better household water conservation practices, advances in technology and other factors. However, the extent of 
this trend may vary by region, depending on factors such as the local economy, policies, the regional climate and 
population growth (Ryan & Wang, 2012).

Providing continuous time series data on the volume of water produced by water treatment plants is important 
to better understand water use trends and forecast future water use. Statistics Canada’s Biennial Drinking Water 
Plants Survey provides ongoing water production estimates, but the frequency of this survey limits analysis. This 
paper therefore explores different water modelling techniques and proposes a robust water prediction model to 
supply water estimates in non-surveyed years at the national level for Canada.

1.	 Statistics Canada. Email: Rezvan.taki@statcan.gc.ca and Michael.schimpf@statcan.gc.ca.
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Numerous studies have been conducted to examine the relationship between drinking water use and demographic 
variables, such as population (Schleich & Hillenbrand, 2009); meteorological variables, including precipitation and 
temperature (Brown et al., 2013; Guo et al., 2013; Heyn & Winsor, 2015; Worland et al., 2018); and socioeconomic 
predictors (Babel et al., 2007; Sanchez et al., 2020; Sun et al., 2019). A comparable study (Sanchez et al., 2020) 
examined two rapidly growing U.S. states—North Carolina and South Carolina—using a geographically weighted 
regression model to analyze the interplay between socioeconomic factors, environmental variables and landscape 
patterns.

While some studies focus primarily on urban centres and megacities (Babel et al., 2007; Chu et al., 2009; Gharabaghi 
et al., 2019; Liu et al., 2023; Yurdusev & Firat, 2009; Zubaidi et al., 2022), others are restricted to rural areas 
(Keshavarzi et al., 2006; Singh & Turkiya, 2013) and limited to a single season or year (Machingambi & Manzungu, 
2003; Makoni et al., 2004; Nyong & Kanaroglou, 2001).

Despite this vast body of literature, the availability of suitable datasets and the modelling of drinking water 
production at a national and annual scale are challenges. Although some studies have aimed to simulate drinking 
water consumption with population and income as a large-scale assessment, they did not consider seasonal 
variations in their modelling (Mitchell & Jones, 2005; Wada et al., 2011). The temporal scale of most of these 
studies was annual (Makoni et al., 2004) or much finer (e.g., daily or hourly resolution) (Herrera et al., 2010; Wong 
et al., 2010; Zhou et al., 2000), with no inclusion of quarterly variations. Furthermore, several studies have explored 
drinking water consumption patterns during wet and dry seasons, but the scope of their research was limited to 
a specific geographic region. Hence, many of the previous studies in the literature have limitations in terms of the 
period considered, geography analyzed or amount of available data.

To the best of the authors’ knowledge, there is no common technique for calculating drinking water estimates at 
the national level in Canada. Hence, this paper fills a gap in the literature by outlining a methodology for modelling 
national-level drinking water consumption on an annual and a quarterly basis from 2005 to 2019. The outcomes of 
this modelling exercise are also assessed. Accurate forecasting of long-term drinking water demand is an essential 
tool for effective long-term planning and the expansion of water facilities to meet future needs. By providing 
insights into future demand trends, such forecasting can inform strategic decision-making processes and enable 
water authorities to allocate resources effectively in anticipation of future demand.

This paper is organized as follows: Section 2 introduces the datasets and the methodology used to simulate the 
volume of potable water; Section 3 presents the results of applying the proper model for modelling non-survey 
years; and Section 4 discusses results, conclusions and recommendations for future studies.

2 Datasets and methods

2.1 Data sources

The Statistics Canada datasets used include quarterly estimates of gross domestic product (GDP) and the 
population as of July 1 derived from census data (Statistics Canada, 2021a), as well as biennial estimates of the 
population served by drinking water for 2005, 2006, 2007, 2011, 2013, 2015, 2017 and 2019 at the national level 
(Statistics Canada, 2021b). Based on the available GDP dataset, which only provided data on a quarterly basis at 
the national level, all modelling and comparisons were conducted at this specific temporal scale.

Drinking water data were sourced from the Biennial Drinking Water Plants Survey conducted by Statistics 
Canada (Statistics Canada, 2021b). This survey has collected biennial national and provincial information on the 
production, quality and associated costs of drinking water since 2005. The survey includes drinking water facilities 
that provide potable water for various uses, such as residential, commercial, industrial, institutional and other non-
residential purposes. The survey focuses on water plants that serve 300 people or more, and sources of water 
include groundwater, surface water and groundwater under the direct influence of surface water (GUDI) (Statistics  
Canada, 2011).
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According to the survey, surface water accounts for slightly more than 88% of public supply production, with the 
remaining water provided by groundwater and GUDI. From 2011 to 2019, the average daily water use across all 
sectors, including residential, industrial, losses and wholesale, decreased from 485 litres per person per day to  
411 litres per person per day. However, the residential sector’s proportion of drinking water use increased from 
43% in 2011 to 51% in 2019 (Chart 1).

Drinking water use in Canada follows a seasonal trend, with the highest consumption occurring from July to 
September—because of factors such as warmer weather, increased outdoor activities, vacationing, gardening, 
higher water loss through evaporation and individual hydration habits—and the lowest consumption occurring 
from October to March because of colder weather. Chart 2 shows the average monthly drinking water production 
in Canada from 2005 to 2019.

Source: Statistics Canada. Table 38-10-0092-01 Potable water volumes processed by drinking water plants, by source water type (x 1,000,000). Table 38-10-0093-01 Population served by 
drinking water plants. Table 17-10-0005-01 Population estimates on July 1, by age and gender.

Chart 1
Drinking water production, population and population served by drinking water plants from 2005  to 2019, obtained from 
survey data, Statistics Canada (2021a)
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Note: To ensure accessibility for all users, the data is presented in two graphs. 
Source: Statistics Canada. Table 38-10-0272-01 Potable water volumes processed by drinking water plants, by month (x 1,000,000).

Chart 2
Seasonal pattern for average monthly drinking water produced from 2005 to 2019, Statistics Canada (2021a) 

millions of cubic metres

a: From 2005 to 2011

800

900

1,000

1,100

1,200

1,300

1,400

1,500

1,600

1,700

January to March April to June July to September October to December

2005 2006 2007 2011

800

900

1,000

1,100

1,200

1,300

1,400

1,500

January to March April to June July to September October to December

millions of cubic metres

2013 2015 2017 2019

b: From 2013 to 2019

2.2 Methodology applied for drinking water production

The research undertaken for this paper determined that regression models are a methodology for examining the 
relationship between a dependent variable, y, and a set of auxiliary variables, x, in predicting drinking water use 
patterns by incorporating multiple explanatory factors. These factors include demographic variables, such as 
population size, and socioeconomic predictors, such as GDP.

Sophisticated forecasting methods using time series models, including multiple linear regression (MLR), random 
forest (RF), spline regression (SR) and partial least squares regression (PLS), were investigated. This section 
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outlines four distinct methods used for modelling drinking water use, with the aim of predicting the annual amount 
of drinking water produced by water plants. The R programming language was used for both model fitting and 
model validation.

2.2.1 Multiple linear regression

An MLR model was used for comparing the forecasts made by the prediction models. This model regresses 
quarterly drinking water use on quarterly predictors of population and GDP, along with their interactions. The Akaike 
information criterion was used to conduct model selection and eliminate insignificant interactions (Friedman et al., 
2001). The model is defined by the following equation:

0
1

j

i j ij i
j

y xα α
=

= + +∈∑ (1)

where yi is drinking water production calculated based on xij, which is the jth predictor for the ith quarter; α  is the 
vector of regression coefficients 1 2 ;( ,  , )..α α α=  and 0a  and ∈ are a constant and error term, respectively.

2.2.2 Random forest

RF is a non-parametric supervised learning algorithm that includes multiple decision trees (Breiman, 2001). This 
approach is constructed using a fixed number of trees (T), each of which is trained on a different bootstrap 
subsample of the training data.

To prevent any one tree or variable from dominating the model, a random subset of m covariates is used for 
splitting at each stage of tree growth. This selection process ensures that the ensemble is not overpowered by 
dominant trees and that a wider range of possible trees is explored. The optimal values for T and m are tuning 
parameters that are determined based on a balance between the computational costs of fitting additional trees and 
the resulting increase in accuracy. To generate predictions with an RF model, new data are fed into each decision 
tree, and the results from all terminal nodes are averaged to produce a prediction for each new observation, as 
shown below:

^

1
( ) ( ) /T

treetree
Y x f x T
•

=
= ∑ (2)

The R package randomforest (Liaw & Wiener, 2002) was used for the modelling.

2.2.3 Partial least squares regression

The PLS regression technique is a standard constructed predictive model used when highly collinear explanatory 
variables exist (Quenouille, 1949). In this technique, the relationship between a matrix of predictor variables (X) and 
the response variable (Y) is explained by latent variables or X-scores ( ). The X-scores can explain the maximum 
amount of variability in both X and Y. The equations are as follows:

'X TP= + ε (3)

In this equation, T  and P’ are the score matrix and loading matrix, and ∈ is the matrix of the X-residuals. T  can 
also be calculated by the transformed PLS weights matrix as below:

*T XW= (4)
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Finally, the response (Y) is computed by the Y-weight matrix (C*) and the related residuals (F).

*Y TC F= + (5)

2.2.4 Spline regression

Cubic SR is a nonparametric piecewise polynomial regression that fits separate low-degree polynomials over 
different periods of the drinking water use curve. The curve is divided into k+1 segments by k breakpoints, also 
known as knots.

The study employed the leave-one-out cross-validation method to evaluate the performance of predictive models. 
This approach involves leaving out one observation from the dataset and computing the error estimate of the 
remaining data points. The model was trained using all data points, except a datum for one year, and subsequently 
validated with that year’s data point using a cross-validation scheme. This process was repeated for all possible 
data combinations.

2.3 Statistical analysis

The best model was selected from among the above methods based on the lowest sum of squared estimate of 
errors (SSE) and mean absolute percentage error (MAPE):

0

1 n t t
t

t

A FMAPE
n A=

−
= ∑ (6)

( )
2

0

n
t tt

SSE A F
=

= −∑ (7)

where

n = number of sample size

At = surveyed water production

Ft = predicted water production

The explained techniques were applied and compared in the following section.

3 Results and discussion

Table 1 in this study details the assessment of eight cross-validation runs for four models (RF, MLR, PLS and 
SR) conducted at the national level and on a quarterly time basis. The analysis of predictive accuracy across 
all statistical methods indicates that the SR model consistently exhibits the lowest total SSE and an average 
MAPE of approximately 1% over the validation years. Consequently, this study suggests that SR emerges as 
a fitter modelling technique for drinking water data, excelling because of its proficiency in capturing non-linear 
relationships and effectively handling intricate patterns within drinking water data, a conclusion that aligns with the 
findings of (Rinaudo, 2015).

As a result of this strong performance, the performance of the SR model was investigated at the annual scale, 
demonstrating a decrease in performance of about 28% compared with the quarterly scale. The lower performance 
could be attributable to the lack of sufficient data available at the annual scale to fit an SR model accurately.
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By contrast, the PLS model exhibited the highest total SSE over all validation years from 2005 to 2019, totalling 
approximately 142,930 million cubic metres squared ((MCM)2). This was notably higher than the SSE values for 
the other techniques, which were 83,408 (MCM)2 for RF, 75,509 (MCM)² for MLR and 34,116 (MCM)² for SR. 
Furthermore, the PLS model showed a MAPE of 4%, indicating lower predictive accuracy compared with the RF, 
MLR and SR models, which achieved MAPE values of 2%, 1% and 1%, respectively. These findingssuggest that 
the PLS model may require more ancillary variables to improve its performance (Quenouille, 1949). Also, the RF 
model’s diminished performance could be attributed to its sensitivity to the limited sample size characteristic of 
this type of data, as suggested by previous research (Sultana et al., 2018).

Chart 3 shows the quarterly drinking water produced by water plants and modelled by different techniques from 
2005 to 2019. According to the modelled estimates, the July-to-September period exhibited the highest drinking 
water production values, whereas the months from October to February displayed the lowest drinking water 
production compared with the remaining months. However, the results obtained from the monthly scale model 
were not substantiated because of the non-availability of supplementary data during the study, which impeded 
the validation process.

It is noteworthy that weather elements and the effects of climate change have the potential to alter the drinking 
water demand pattern (Gober, 2010; Milly et al., 2008). This observation underscores the complexity of the factors 
influencing water production and consumption. Importantly, these findings should be interpreted in light of certain 
limitations in this study. The lack of supplementary data for the monthly scale model is one such limitation, 
hindering the robust validation of results. Additionally, it is essential to acknowledge that this analysis may not 
account for all possible variables affecting drinking water production.
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Source: Authors’ computations.

Chart 3
Comparison of regression model estimates for drinking water produced by water plants from 2005 to 2019
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Table 1  
Statistical outcomes of the modelled data using different regression models and applied cross-validation scheme,  
2005 to 2019

Regression model Temporal scale
Calibration years

Validation year

Statistical measures
SSE MAPE 

2005 2006 2007 2011 2013 2015 2017 2019 (MCM)2 percent
Spline quarterly • • • • • • • 2005 6.14 0

• • • • • • • 2006 6,559.06 1
• • • • • • • 2007 13,228.22 2
• • • • • • • 2011 6,109.92 2
• • • • • • • 2013 632.47 0
• • • • • • • 2015 4,006.76 1
• • • • • • • 2017 900.18 1
• • • • • • • 2019 2,672.89 1

annual • • • • • • • 2005 595.56 0
• • • • • • • 2006 6,819.17 1
• • • • • • • 2007 18,453.44 2
• • • • • • • 2011 11,783.17 2
• • • • • • • 2013 343.46 0
• • • • • • • 2015 8,562.66 2
• • • • • • • 2017 606.60 1
• • • • • • • 2019 6.22 0

Partial least squares quarterly • • • • • • • 2005 21,775.96 8
• • • • • • • 2006 438.97 0
• • • • • • • 2007 26,933.67 1
• • • • • • • 2011 34,980.42 1
• • • • • • • 2013 21,585.32 11
• • • • • • • 2015 949.87 0
• • • • • • • 2017 1,388.54 1
• • • • • • • 2019 34,877.61 6

Multiple linear regression quarterly • • • • • • • 2005 25,042.88 3
• • • • • • • 2006 14,462.65 2
• • • • • • • 2007 525.17 0
• • • • • • • 2011 2,482.49 1
• • • • • • • 2013 4,832.85 1
• • • • • • • 2015 179.48 0
• • • • • • • 2017 3,999.74 1
• • • • • • • 2019 23,984.03 3

Random forest quarterly • • • • • • • 2005 33,757.28 3
• • • • • • • 2006 1,022.61 1
• • • • • • • 2007 16,648.88 2
• • • • • • • 2011 7,033.92 2
• • • • • • • 2013 7,539.31 2
• • • • • • • 2015 270.77 0
• • • • • • • 2017 8,190.35 2
• • • • • • • 2019 8,944.86 2

Notes: SSE: sum of squared estimate of errors; MAPE: mean absolute percentage error; PLS: partial least squares; MLR: multiple linear regression; and RF: random forest. The dot (•) for each year 
indicates that the respective year was applied in the modelling.
Source: Authors’ computations.

4 Conclusion

This study employed four techniques to estimate national-level drinking water use in Canada on a quarterly time 
scale. The SR model was recommended to quantify the continuous time series of drinking water use. Specifically, 
this approach can be used to fill data gaps from 2005 to 2019 when the Biennial Drinking Water Plants Survey 
did not collect drinking water data. Although the SR approach was the best method overall, its performance 
in estimating annual drinking water data was inferior compared with its performance in estimating data at a  
quarterly scale.
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The limitations of the current analysis, such as the absence of supplementary data for the monthly scale model and 
the potential oversight of various variables, underscore the need for future research to build upon and refine the 
understanding gained through this analysis. Future investigations should prioritize addressing these limitations and 
strive to provide a more comprehensive understanding of the dynamics influencing water supply. By overcoming 
these challenges, future research endeavours will play a pivotal role in advancing the accuracy and applicability 
of models, ultimately contributing to a more refined and sophisticated estimation of factors influencing drinking 
water production.
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