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Abstract: Digital or intelligent water meters are being rolled out globally as a crucial component
in improving urban water management. This is because of their ability to frequently send water
consumption information electronically and later utilise the information to generate insights or
provide feedback to consumers. Recent advances in machine learning (ML) and data analytic (DA)
technologies have provided the opportunity to more effectively utilise the vast amount of data
generated by these meters. Several studies have been conducted to promote water conservation
by analysing the data generated by digital meters and providing feedback to consumers and
water utilities. The purpose of this review was to inform scholars and practitioners about the
contributions and limitations of ML and DA techniques by critically analysing the relevant literature.
We categorised studies into five main themes: (1) water demand forecasting; (2) socioeconomic
analysis; (3) behaviour analysis; (4) water event categorisation; and (5) water-use feedback. The review
identified significant research gaps in terms of the adoption of advanced ML and DA techniques, which
could potentially lead to water savings and more efficient demand management. We concluded that
further investigations are required into highly personalised feedback systems, such as recommender
systems, to promote water-conscious behaviour. In addition, advanced data management solutions,
effective user profiles, and the clustering of consumers based on their profiles require more attention
to promote water-conscious behaviours.

Keywords: data analytics; digital metering data; machine learning; personalisation; recommender
system; residential water; smart metering data; water conservation

1. Introduction

In a recent report published by the World Economic Forum, water scarcity was identified as
one of the largest global risks because only 0.014% of all water is fresh and easily accessible [1].
Four factors can be contribute to water scarcity: (1) uneven geographic distribution of water sources;
(2) urbanization with rapid growth in population and economy; (3) poor water resource management;
and (4) prolonged drought [2,3]. For these reasons, many metropolitan water utilities are facing
challenges, such as ensuring water supply during water shortages caused by prolonged drought and
avoiding low water pressure during the hours of peak demand [4]. These challenges have paved the
way for a smart technology-based, updated water distribution infrastructure that supports safe, reliable,
and sustainable water supply to consumers [5], including by supporting water demand management
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(WDM). WDM aims to ensure a more efficient water supply and promote water conservation
measures. WDM has five categories: (1) engineering (i.e., upgrading to more water-efficient appliances);
(2) economic (e.g., imposing block water tariffs); (3) enforcement (i.e., imposing water restrictions);
(4) encouragement (i.e., rewards or rebate schemes for water conservation); and (5) education (i.e.,
encouraging water conservation in consumers, such as taking shorter showers) [6]. However, reliable
and preferably real-time information is required for identifying and implementing effective WDM
strategies [7]. Digital water meters (DWMs), accompanied by machine learning (ML) and data
analytic (DA) techniques, can play significant roles by providing reliable and real-time information
for identifying and implementing successful WDM strategies [8–12]. This is why the importance of
DWMs has continued to escalate in Australia as well as other countries over the past few years [13].
A healthy number of investigations have been undertaken to generate useful insights through applying
ML and DA techniques to data collected from DWMs. However, further investigations are required to
develop new ML and DA techniques to improve the outcomes from current conservation and demand
management programs.

To identify novel methods of applying ML and DA techniques, it is important to first identify
what has been done thus far, what could have been done, and what the limitations of previous studies
are. To achieve these goals, we performed a systematic literature review in the field. Despite previous
review studies having been conducted in this field [14–23], none—to the best of our knowledge—have
been conducted from the perspective of ML and DA techniques. We believe that by providing a
focused investigation of the literature, this review will benefit ML and DA practitioners as well as
researchers in the water industry who are working on digital water metering and closely related fields.
Furthermore, we discuss the potential solutions and research directions that can be used as a baseline
for future research.

After critically and carefully analysing the literature, we identified several noteworthy findings.

• First, the literature indicates that a positive relationship exists between the level of personalisation
and effects on water conservation. That is, if a water conservation program is more personalised,
then it contributes more to conservation. For instance, water end-use feedback programs result in
more water conservation than does demand forecasting because the former is more personalised.
Thus, the absence in this field of highly personalised systems such as recommender systems is
notable. Recommender systems (RSs) are defined as intelligent systems that combine software
tools and technologies to recommend a list of items that are most likely of interest to the user [24–26].
Generally, the goal of an RS is to assist individuals who lack the experience or competence to select
a potential item from an overwhelming number of alternatives offered by a service provider [25].
Such RSs in the water sector may help consumers to choose and perform appropriate actions for
promoting water-conscious behaviours. From a business-intelligence perspective, the existing
studies mostly fall under descriptive or predictive analytics. Therefore, a research gap exists in
terms of contributions to the highest level of analytics—prescriptive analytics.

• Second, in cases of water end-use feedback, online/web-based programs perform better than
paper-based or visual display-based feedback systems. Therefore, future research related to water
end-use feedback should be undertaken that considers online/web-based programs.

• Third, effective factors and measures that will be useful to direct future research (e.g., online
feedback, communication strategies, water consumption data, and social comparison) have been
identified in terms of promoting water conservation through water end-use feedback.

• Fourth, the literature shows that during the last 10 years, short-term residential water demand
forecasting has attracted more attention than medium-term demand forecasting. This is because
of the availability of high-frequency data generated by DWMs. However, further studies are
required to improve the overall accuracy of predictions by reducing errors.

• Fifth, the absence of a data management solution such as a data warehouse (DW) was noted; in
many studies, water consumption data were stored in a plain text file, which is unsuitable for
performing analytics with a large amount of data in a real-world scenario.
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• Lastly, we observed that behaviour analysis studies are mostly based on total water consumption
data. Thus, further research on behaviour analysis using disaggregated water consumption data
to extract novel and useful knowledge is essential for promoting effective water conservation.

The remainder of this report is structured as follows: Section 2 discusses the scope and method of
this study, Section 3 presents the literature review, Section 4 discusses the findings of the study, and
finally Section 5 draws the conclusion of the paper.

2. Scope and Method

The purpose of this literature review was to identify research gaps in relation to the application
of DA techniques to the DWM data of residential consumers, as well as the importance of highly
personalised water consumption feedback. To accomplish this task, we followed the systematic
quantitative literature review method proposed by Pickering and Byrne [27]. This method has 15 steps
that allow researchers to produce a structured quantitative summary of the field by systematically
analysing relevant literature [27]; Figure 1 depicts these 15 stages. We present a summary of the process
as follows.

When examining the literature, it soon became clear that research on digital water metering
analytics can be divided into two broad categories: nonresidential and residential. Nonresidential
studies include those on commercial buildings (i.e., small to large businesses, educational institutions,
and hospitals) and residential studies include those on domestic households [28]. However, this study
only focused on the residential sector because it consumes the highest percentage of water in an urban
environment at 65–80% [28,29]. Therefore, the literature related to nonresidential water metering
was outside this study’s scope. After defining the topic as digital water metering data analytics, we
formulated the research question in step two, which was as follows:

• How are machine learning and data analytic techniques applied to residential digital water
metering data to promote water conservation among residential consumers and manage water
demand in an urban environment?

Based on this research question, we identified keywords using concept mapping to search
databases. This literature review employed three research databases, namely Scopus, IEEE Xplorer,
and ProQuest Science & Technology. The keywords used to search these three databases included but
were not limited to:

• “digital water meter” and data, residential
• “smart water meter” and data, residential
• “intelligent water meter” and data, residential
• “water meter” and feedback and “water conservation”
• “water meter” and machine learning
• “water meter” and artificial intelligence
• “water meter” and data analysis or analytics

The identified keywords were used to generate queries, which were used to search in the databases.
Furthermore, because of rapid progress in artificial intelligence and ML and DA techniques in recent
years, studies published before 2010 were excluded from this review. For each query, each of the
databases returned several documents that included journal articles, conference papers, books, book
chapters, reviews, and reports depending on the database. (Table 1) represents a sample of query
executions in the Scopus database along with the number of returned documents.
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Table 1. Sample queries and their returned number of documents from the Scopus Database.

Query Documents
Returned

water AND (use OR consumption) AND (classification OR category *ation OR disaggre *) 899

water AND (use OR consumption) AND (classification OR category *ation OR disaggre *) 1264

water AND meter * AND data AND (demand OR categorisation OR categorization OR
forecast OR predict * OR leak OR usage OR consumption OR insight *) AND NOT (electri *
OR soil OR irrigation OR ocean OR dust OR desalin * OR irrigation OR gas OR energy OR

waste OR quality OR network OR remote)

354

(digital OR smart OR intelligent OR advance *) AND water AND meter * AND
(consumption OR use OR usage) AND (data OR information OR summary OR detail *)

AND NOT electr *)
178
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Figure 1. Steps followed to undertake a systematic quantitative literature review, as proposed by
Pickering and Byrne [27].

Based on titles and abstracts, we downloaded 223 relevant papers identified from the search
results. To manage the articles and references, we used the EndNote reference management software
package (Clarivate Analytics, Philadelphia, PA, USA). After going through the articles in smaller
batches, it soon became clear that the existing literature could be categorised into five main themes.
Therefore, this review focused on the five main themes that appear frequently in the literature:
(1) water-use feedback; (2) water event categorisation; (3) water demand forecasting; (4) behaviour
analysis; and (5) socioeconomic analysis. Water-use feedback provided to consumers compares their
water consumption with that of others and provides general tips on water saving that are not highly
personalised. Water event categorisation provides consumers with a better understanding of their
consumption, as well as a leak-detection facility. Depending on the forecast horizon, forecasting
models can be classified into three classes. Long-term forecasting (e.g., the next 20 years) is beneficial
for infrastructure and capital planning, whereas medium-term forecasting (e.g., years or months) helps
to decide water rates. Conversely, very short-term forecasting (e.g., hourly intervals) is crucial for
water utilities to plan how to manage demand in advance. Studies under the behaviour analysis theme
have mainly aimed to understand the behaviours—as well as the dynamics—of consumers based on
water consumption data. Lastly, socioeconomic studies attempt to determine social, economic, and
demographic effects on water conservation. Figure 2 illustrates the comprehensive themes from the
literature on the digital water metering analytics of residential households.
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After further macro-level reading (i.e., paragraphs, overall structure/arguments, and illustrations),
118 articles were removed because of a lack of relevance or doubts about quality/authenticity. To ensure
quality in this study, most articles published in conference proceedings were ignored; only a small
number were selected based on having a high citation rate or particular relevance. Furthermore,
some articles were selected using the ‘snowballing’ technique [30]; thus, the total number of articles
expanded to 105. After this step, we produced and reviewed summary tables, drafted methods, and
evaluated key results and conclusions. Figure 3 presents the number of papers from each theme for
the years 2010 to 2019. From this figure, it is clear that water demand forecasting has received more
attention from the research community compared with other categories. The following section presents
the findings from our critical evaluation of the studies from these five categories.
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3. ML and DA Techniques in Digital Water Metering

Depending of their nature, different studies have adopted different approaches where ML or DA
techniques may not be the primary focus. For this reason, many of these studies have not employed
any ML or DA techniques at all. However, these studies are highly relevant because their findings are
crucial to understanding the usage of DWM data for promoting water conservation and identifying
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the room of improvement and challenges in applying ML and DA techniques to improve the situation.
Thus, in this section, we present a critical analysis of the studies that involve any relevant analysis or
apply ML or DA techniques to the digital water metering data of residential consumers.

3.1. Water-Use Feedback

Digital water metering provides the opportunity to provide customised and detailed water-use
feedback to consumers, which can promote water conservation. Since the deployment of digital
meters, researchers have investigated the influence of several feedback techniques regarding water-use.
Therefore, the studies under this theme can be divided into three main categories: visual display-based
feedback, paper-based feedback, and online feedback. We present a critical analysis of articles in these
categories in the following subsections.

3.1.1. Visual Display-Based Feedback

The studies under this category mainly use a visual display to provide feedback to consumers
about their water consumption. In 2010, the effects of alarming visual display monitors on shower
water and energy conservation were investigated by Willis et al. [31], revealing a positive effect. In 2013,
another study investigated the short- and long-term effects of providing a visual display monitor
feedback with an alarm feature on conserving shower water [32]. In that study, the authors used a visual
display monitor that triggered an alarm if consumers used more water than the value established by
the researchers. The findings showed that the integration of alarming visual display monitors reduced
water consumption in the form of shower water volume by 27% in the short term. However, after four
months, water consumption reverted back to pre-retrofit levels. The authors employed descriptive
statistics and surveys to generate their results, and finally concluded that informing consumers of their
resource consumption via technological devices might not be effective unless changes occurred in their
habits or attitudes. Although we agree with the authors’ conclusion, we argue that the inclusion of
personalised engagement with consumers and feedback on other water end-use events might have
improved the outcomes of their study. Furthermore, these studies did not consider other consumption
events except showers.

3.1.2. Paper-Based Feedback

Many studies seeking to unlock the full potential of detailed paper-based water end-use feedback
leveraged from digital water data have been undertaken [6,15,33–36]. Although the ultimate goals of
these studies are similar in nature, they fall into different categories based on their unique approach.

To understand the effect of paper-based reports on water conservation, Liu et al. conducted several
studies [6,15,34]. Their outcomes revealed that during winter, paper-based reports were associated
with 7.6% more water savings than for the control group [6]. The reports included water consumption
by category, a consumption comparison with similar households, custom insights, and water saving
tips. However, during summer, the consumption level of the intervention group was higher than that
of the control group. Because the baseline data were only recorded for a few days, this may have
influenced the summer result. Furthermore, we argue that these studies may have been improved if
more personalised information had been provided along with more frequent consumption feedback.

Depending on the communication strategy, the effectiveness of water conservation programs
may vary. Therefore, based on this hypothesis, a study was conducted to identity the effectiveness of
four communication strategies adopted from the psychological literature [35]. These strategies were
social norms, social identity, personal identity, and the knowledge deficient approach. The analysis
demonstrated that social norms, social identity, and personal identity methods provided superior
prospects for water saving. Here, social norms were represented through a comparison of water
consumption with the users’ immediate neighbour, coupled with social approval (i.e., a sad face
or happy face if consumption was above or below the mean). Social identity consisted of a short
communication regarding water conservation behaviour in the local city area using highly inclusive
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language. Finally, personal identity communication was similar to social identity, except it used personal
identity language. The study also reported an interesting finding regarding the ineffectiveness of the
knowledge deficient approach (i.e., water saving tips) among high water consumers [35]. Although
the study did not employ a personalised feedback system, its findings indicated the possibility of
future research adopting clustering techniques to perform comparisons of water consumption with
immediate neighbours.

In addition, research was undertaken to identify the effectiveness of two water conservation
programs, namely the data logger and water-wise house call (WWHC) programs in California’s
Sacramento County in the United States (US) [36]. The data logger program provided a detailed report
of water consumption for each fixture (e.g., shower, irrigation, dishwasher, and clothes washer) and
the WWHC provided findings and recommendations to participants via a 1-h call from a trained
water-efficiency professional. The findings suggested that both programs were effective, but the data
logger was more effective (in 84% of households) than the WWHC program (62% of households).
Although we acknowledge the findings from this study, we argue that the incorporation of near
real-time feedback along with personalised recommendations would have improved the effectiveness
of the programs.

The effectiveness of water conservation programs may differ depending on water stress levels.
The literature has mainly focused on areas where water resources are under stress. However, one
study was undertaken by Otaki et al. [33] to identify the most effective type of feedback in promoting
water conservation in Tokyo, Japan, where water shortages are not yet a concern. After employing
three types of feedback information—actual and mean consumption, water consumption rankings,
and emoticons—with three groups of households, the study revealed that the effectiveness of feedback
information varies for high and low water consumers. Emoticons played a significant role in reducing
the water consumption of high consumers, and water consumption rankings further reduced the water
consumption of low consumers. However, we suggest that the exclusion of the summer season from
this study may have affected the outcomes. Moreover, reports were sent to consumers with no highly
personalised feedback every two weeks, which meant that the study missed the opportunities to inform
consumers about their consumption in real time and to enable them to take corrective measures, such
as stopping a leak.

The evidence suggests that paper-based reports have a positive effect on water conservation.
However, we argue that relevant studies have some common limitations. First, paper-based reports
cannot be delivered in real/near real time, which results in poor communication about abnormal
consumption. Second, ML techniques are absent in feedback generation because they are limited to
water consumption feedback and comparisons. The inclusion of highly personalised recommendations
on how to conserve water could promote water conservation more effectively. Lastly, we conclude that
because of their delivery frequency, paper-based reports cannot contribute to managing peak hour
water demands, which is a great challenge for water utilities.

3.1.3. Online Feedback

Because of the rapid progress in information technology, several studies have examined the
promotion of water conservation through online portals. The literature on this topic can be broadly
classified into two categories: experimental studies and conceptual studies.

Among the experimental studies, Liu et al. [37] performed an investigation to understand the
long- and short-term effects of an online portal on water conservation. The authors claimed that
online feedback had a greater and long-term effect as it reduced the water consumption (by 4.2%)
among an intervention group compared with a control group. They also left open the question of
how to motivate and increase the interest and engagement of consumers with such systems, as user
engagement was low. We acknowledge this problem but consider that integrating advanced ML
techniques to incorporate highly personalised feedback and an effective incentive/rebate scheme may
have improved the situation. In a similar study, Erickson et al. [38] showed that the inclusion of near
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real-time water consumption data, along with a social comparison, weekly games, and news and
chat delivered via a web portal led to a 6.6% reduction in water consumption. They also mentioned
that hourly consumption data (88%) were the most accessed feature, followed by comparisons with
neighbours (66%) and game results (48%). This finding indicates that the inclusion of gamification
was not particularly appealing to consumers. Gamification can be defined as the “use of video game
elements in non-gaming context to improve user experience and user engagement” [39]. However,
we noted some limitations in their study. First, the participants were volunteers; the results might
differ in the real world because of the level of interest among participants. Second, the study did not
provide any detailed water consumption feedback. We consider that the inclusion of such feedback
would promote enhanced water conservation. Lastly, highly personalised recommendations for water
conservation were lacking.

Although conceptual studies do not measure the effectiveness of the proposed web portals, because
of their contribution in generating novel ideas, they were included in this review. Kossieris et al. [40]
proposed a web platform to monitor and control water and energy consumption by providing valuable
information and feedback in real time. Their study presented the novel idea of collecting several critical
pieces of information through a web portal, such as the characteristics of a household, instruments,
and geospatial data. Furthermore, it proposed integrating an eLearning module into the web portal,
which could reduce the cost of traditional educational programs. Lanzarone et al. [41] presented the
concept of another interactive web portal that used hourly consumption data to perform comparisons,
as well as a multiple-choice questionnaire, to generate a customer profile based on consumption data,
consumer behaviour, and building characteristics. This idea would be an effective replacement for a
traditional survey as a method for obtaining demographic data.

It is clear that the effectiveness of online feedback systems suffers from a lack of user engagement.
Other than that, they can play a crucial role in delivering and collecting information that would benefit
both consumers and water suppliers.

Studies related to water-use feedback systems have shown that online feedback is the most
effective and potentially useful medium of the three water-use feedback types for promoting water
conservation. We concluded that a visual display-based feedback system is not effective in the long run
and the cost of implementation might be a problem for a wide rollout. Two studies were performed
to identify the most effective of the remaining two types: paper-based and online feedback. In the
first study [42], the authors analysed the effect of these two feedback types in 68 and 120 households,
respectively. They concluded that an online portal had a greater influence than paper-based reports
(50% and 30%, respectively) in terms of behaviour change and water-using infrastructure (30% and
10%, respectively). However, because of the lack of user engagement with the online portal, the
overall water saving metric was lower for online feedback (4.2%) than for paper-based reports (8.0%).
The second study reported the same phenomenon [43]: only 18% of participants accessed the website
from the 141 households chosen to receive web-based materials. These studies suggest that users with
higher engagement in online portals are able to save more water than receivers of paper-based feedback.
Thus, after careful analysis of the literature, we concluded that online feedback has greater potential
for water conservation compared with paper-based feedback, which is supported by the findings from
this study [16]. Along with these studies, the necessity for further investigation has been discussed to
identify the most effective type of feedback in terms of information content, granularity, and frequency
of delivery [44]. (Table 2) summarises the key characteristics of the literature on water-use feedback.
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Table 2. Key characteristics of the literature on water-use feedback.

Reference Medium of
Feedback

Location of the
Study Number of Participants Feedback Generation

Technique(s) Water Savings

[42] Paper and
online

New South Wales,
Australia

Paper: 68 households
Online: 120 households Descriptive analytics Paper: 8.0%

Online: 4.2%

[37] Online New South Wales,
Australia 120 households Descriptive analytics 4.2%

[33] Paper Tokyo, Japan 246 households Descriptive analytics -

[6,34] Paper New South Wales,
Australia 68 households Descriptive analytics 7.6%

[35] Paper Los Angeles, USA 374 households Descriptive analytics -

[43] Paper and
online San Diego, USA 301 households Descriptive analytics -

[31,45] Visual display Gold Coast, QLD,
Australia 151 households Descriptive analytics 27% in shower

volume

[38] Online Dubuque, IA, USA 303 households Descriptive analytics 6.6%

[36] Paper Sacramento
County, CA, USA 100 households Descriptive analytics -

3.2. Water Demand Forecasting

Water demand prediction or forecasting is a challenging yet highly desirable task for water utilities
in metropolitan areas for avoiding water shortages or low water pressure during peak water usage
periods [4]. Many approaches have been proposed for forecasting water demand using the data
collected from DWMs. The literature covers a wide range of approaches for predicting water demand
from short (hourly, daily, weekly, and monthly) to long (10–15 years) term. Based on the nature of these
methods, studies can be placed into four categories: neural network (NN)-based methods, regression
tree-based methods, stochastic-based methods, and hybrid methods.

3.2.1. Neural Network-Based Methods

The dominance of NN-based methods is notable in water demand prediction because of the large
volume of smart metering data. Authors have employed a range of artificial NNs (ANNs) in their
proposed methods [46–50].

Several water end-use demand forecasting models were developed using feed-forward back
propagation networks and radial basis function networks by Bennett, Stewart, and Beal [50].
Using household demographic, socioeconomic, and water appliance stock efficiency data, this study
can provide short-term water demand forecasting and identify the key determinants. To determine the
most suitable machine learning method for water demand forecasting, Mouatadid and Adamowski
conducted a study [48]. They deployed NN, support vector regression (SVR), extreme learning machine
(ELM), and multiple linear regression (MLR) models to forecast water demand with 1–3 days lead time.
The study found that ELM models outperformed other methods in terms of accuracy. In another study, a
three-layer feedforward NN was proposed with three neurons in each layer [46]. Eight predictors were
used to predict the water demand 6 h ahead. The study demonstrated that the NN outperformed the
regression tree in terms of training errors. However, the proposed approach suffered from high standard
deviation errors, making it unfit for further adoption. A hybrid particle swarm optimisation–ANN
(PSO-ANN) was deployed in one study to predict water demand [47]. This study introduced a climatic
factor-based approach where maximum temperature, rainfall, and solar radiation were identified as
robust predictors. In evaluating the performance of the proposed method, the authors showed that the
PSO-ANN produced a lower RMSE score than a hybrid backtracking search algorithm ANN (BSA-ANN)
in terms of a fitness function. Furthermore, the study presented the correlation coefficient values for
stochastic and seasonal data at the validation stage, where R = 0.972 and 0.982, respectively. However,
the study was based on historical monthly water consumption data from 2006 to 2015 collected by Yarra
Valley Water and consisted of water consumption in mega litres (1 mega litre = 1 million litres). Thus,
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the effectiveness of the proposed approach is yet to be tested for predicting water demand over shorter
periods (i.e., hours, days, and weeks) using high-resolution metering data. In another study, an NN was
deployed with summary statistics by Walker et al. [49]. Although the method could predict the general
trend, it encountered difficulties in forecasting peak demands.

Although the application of NNs has improved results significantly, we observed the absence of
advanced NNs, such as deep learning (DL) NNs. DL models [51] have several training layers that
can outperform previous base results [52]. To improve forecasting accuracy, future studies can be
conducted that focus on DL.

3.2.2. Regression-Based Methods

After NN-based methods, regression-based methods are the next most common type of method
in the literature for predicting water demand [46,48,53–58].

To forecast hourly water demand, a support vector regression (SVR) based model was identified
as the best performing model from different machine learning methods by Herrera et al. [59].
Besides SVR, the other machine learning methods were Artificial Neural Network (ANN), Random
forest, Multivariate Adaptive Regression Splines (MARS) and Projection Pursuit Regression (PPR).
Though SVR performed better compared to AAN, advanced neural networks such as Long Short
Term Memory (LSTM) [60] may improve the outcome. Similarly, to characterise and forecast
hourly water demand, a support vector machine (SVM)-based regression model was investigated by
Candelieri [54,55]. However, the proposed approach performed better in forecasting at an aggregated
level (urban water demand) compared with the individual level (single customer) because of the
variability in behaviour at the individual customer level. Furthermore, the studies were based on data
collected from 26 automatic meter readings (AMRs) over 3 months, which was another limitation.
To identify the key determinants and forecast water demand for shower and indoor water consumption,
Makki et al. [56,57] performed regression analysis. They identified the key factors behind residential
water consumption, and their proposed models provided better accuracy in predicting short-term
water demand based on those key factors. Polebitski and Palmer [58] developed a regression-based
water forecasting model at a bimonthly time-step for individual multi-houses. They found that water
demand was more elastic to price and income effects during summer months than in winter months
for single-family homes. In [53], the authors fitted models based on ensembles of regression trees using
the LSBoost algorithm to predict outdoor residential water consumption. Although the proposed
approach had lower absolute error values, its predictability was limited to 1 h.

Regression-based approaches are effective at identifying key factors that drive water consumption
and can predict the demand based on these factors. Still, many of the previous studies have only
considered the water consumption data or combined consumption data with demographic data or
climatic data. Thus, future studies should consider the consumption data along with climatic and
sociodemographic data to enhance forecasting models. In addition, (Table 3) shows that most of the
regression-based studies were on hourly or daily forecasting.

Therefore, the applicability of regression-based methods to predict monthly, quarterly, or yearly
water demand can be investigated.

Table 3. Summary of the studies in water demand forecasting.

Forecast Horizon Forecast Frequency
Forecasting Technique

Stochastic Regression ANN Hybrid

Short term

Every second [61]
Hourly [62] [54] [46], [63]
Daily [64] [48,56] [50] [65]

Event-based [57]

Medium term

Monthly [47,66,67]
Bimonthly [58]
Quarterly [62,68]

Yearly [29]
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3.2.3. Stochastic-Based Methods

After regression and ANN-based techniques, the application of stochastic-based techniques is
notable for forecasting water demand. In several studies [29,61,62,64,68], researchers have applied
different stochastic approaches.

Abadi et al. [64] proposed a mixture of nonhomogeneous hidden Markov models (MixJNHMM)
to cluster and forecast short-term water demand. The aim of this study was to cluster consumption
behaviour series into several groups and forecast future behaviours for each group of consumers
separately. The proposed method provided 80% accuracy for predicting water consumption behaviours.

To predict water demand at multi-spatial and temporal scales, Rathnayaka et al. applied a
stochastic model [62]. It performed better at predicting mid-to-short-term water demand compared
with their short-term demand forecasting model. Thus, short-term prediction models require further
improvements. Blokker, Vreeburg, and Van Dijk [61] developed a stochastic end-use demand model
based on the statistical information of users and end-uses. Although the developed model could
forecast water demand at 1-s intervals with high accuracy at the simulation level, it lacked an application
on real data.

In addition, an auto-regressive integrated moving average (ARIMA)-based approach was proposed
by Yalçintaş et al. [29] for forecasting urban water supply and demand in the Istanbul Metropolitan
Municipality, Istanbul, Turkey. Although the model could forecast both water supply and demand, the
size of the dataset was too small compared with other studies, because the water demand data were
annual and only for eight years. On the other hand, for forecasting quarterly water demand, Sebri
investigated several methods such as seasonal auto-regressive integrated moving average (SARIMA)
and ANN models [68]. The study finally concluded that the NN model outperformed all the competing
models in terms of forecasting accuracy.

3.2.4. Hybrid-Based Methods

Hybrid-based methods in this study refer to approaches where more than one technique was
employed for forecasting water demand. A healthy amount of research has been undertaken to
forecast water demand with the help of hybrid-based methods. Moreover, various studies have applied
different hybrid techniques.

In a hybrid approach, Autoflow© [4,69] combined different algorithms (i.e., dynamic harmonic
regression, Kalman filter, and fixed interval smooth) to predict short-term water demand. The proposed
model was verified for three datasets. In the results of 100 tests, the value of the coefficient of
determinism, R2, was greater than 0.9, and the mean absolute percentage error (MAPE) was less than
5%. However, for further verification of the efficiency of the proposed model, it is essential to perform
more testing using additional datasets. Furthermore, the proposed model was limited to forecasting
only up to 24 h ahead. Therefore, its effectiveness for predicting water demand more than 24 h ahead
must be investigated.

An ANN was combined with a time-series model to predict daily water demand by Al-Zahrani
and Abo-Monasar [65]. They proposed combining the general regression NN (GRNN) model
with a moving average method, and concluded that the hybrid method performed better than the
time-series or ANN-based methods. Similarly, a fourier time series process over a SVR was proposed
by Brentan et al. [63]. Seo, Kwon, and Choi proposed an ELM integrated with variational model
decomposition (VMD) for forecasting short-term water demand [70]. Zubaidi et al. proposed using
singular spectrum analysis (SSA) and a linear autoregressive model [71] for predicting water demand.
Furthermore, Duerr et al. [66] evaluated the following spatiotemporal statistical models and ML
algorithms to forecast monthly water demand: linear and linear mixed models with month effects,
a multiple linear regression model, and time-series models (AR(1) and ARIMA, spatiotemporal
Gaussian process models, generalized additive models GAM), random forests (RF), Bayesian additive
regression trees (BART), and gradient boosting machines (GBM)). The study found that time-series
models outperformed other models, indicating the temporal dynamics of water consumption.
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After critically analysing the literature, it became clear that ANN- and time series-based methods
have performed better than hybrid-based methods. Further studies can be performed to observe the
results when advanced ANN-based methods are integrated with time-series approaches for forecasting
water demand.

3.3. Water Event Categorisation

The aim of water event categorisation is to identify the events associated with consumption for
more effective water management. Studies that have focused on this topic can be divided into two
categories: leaks and water end-use classification. Detecting leaks and notifying consumers about
them can prevent vast amounts of water being wasted and help to keep bills at normal levels.

3.3.1. Leaks

Detecting leaks in water distribution is a challenging yet crucial task. This is because in most cases,
water lines are situated underground, and furthermore, spikes in water bills may come as a shock to
consumers because dampness may not appear on the surface. Real-time leak detection and alerts can
lead to prompt repairs of leaks, thereby saving a substantial amount of water. To accomplish this task,
many approaches have been employed [72–76]. Among these approaches, clustering techniques is the
most popular for leak detection, followed by the hybrid approach (Table 4).

Table 4. Summary of the studies on water end-use categorisation.

End-Use Categorisation
Technique Used

Clustering Regression SVM Hybrid Other

Leak [74,76] [76] [72] [73,75]
End-use events [77] [78] [69,79–83] [84–88]

However, further research can be done to identify very small leaks (i.e., slow dripping taps) that
create flows of such a low flow rate (<3 L/h) that cannot be picked up by the meter (if the water meter
does not record higher flow rates). Still, in the long run, leak detection techniques exhibit minimal
effectiveness because they cannot promote water conservation once a leak is repaired.

3.3.2. Water End-Use Classification

In a 2010 study, categorising water end-use was identified as the most critical challenge and one
that required urgent attention, because existing approaches to water end-use analysis required much
time [64]. Since then, several approaches have been proposed [4,5,64,89] to classify water end-use.
These can be placed into three broad categories: decision tree methods; data mining techniques applied
to data collected from sensor devices integrated into water appliances; and hybrid approaches.

In previous studies [90,91], decision tree methods were mostly associated with the three physical
attributes of an event—volume, duration, and flow rate—to classify water end-use. Pressure-based
sensors were combined with water appliances to perform water end-use categorisation using data
mining techniques [92,93]. However, both of these approaches lacked accuracy, and thus have not
been deployed widely. Lastly, the hybrid category contains studies that combined multiple techniques
to solve the problem of categorising water end-use. In this category, Autoflow© [4] was identified as
making the most prominent contribution, and pattern recognition and data mining techniques were
employed to perform the categorisation. For autonomous water end-use classification, the authors
combined a hidden Markov model, dynamic time wrapping algorithm, and ANN with one hidden
layer and 20 neurons to predict six categories. In most cases, the proposed approach achieved over
90% accuracy; however, for categorising bathtub and irrigation water end-use, the accuracy was 88.1%
and 85.9%, respectively, which reduced the overall accuracy of the proposed approach. The relevant
literature clearly indicates that categorising water end-use still requires substantial attention.
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3.4. Socioeconomic Analysis

Several studies have been undertaken to understand the effect of socioeconomic and demographic
factors in water consumption and conservation [19,32,94]. Although these studies have not promoted
immediate water savings, they have helped to identify the social, economic, and demographic factors
behind water consumption patterns, which may lead to effective water management policies such as
targeted community awareness programs or education.

In addition, studies performed to identify the determinants of household water consumption are
essential for understanding the factors behind increasing or decreasing water usage. According to
Bich-Ngoc and Teller [19], the examined factors in the literature can be categorised into six groups:
(a) economic; (b) sociodemographic; (c) physical characteristics; (d) technological; (e) climatic; and
(f) special factors. Higher income, older tenants, presence of infants, double income family, larger
house area, irrigation, holiday, number of generations, and renter-occupied household are some of the
drivers behind increased water consumption. By contrast, lower-income, younger tenants, absence of
infants, single income family, smaller house, lower educated residents and owner-occupied household
are the factors for decreased water usage. Notably, a few factors contradict each other. For instance, in
most of the studies, a higher family income led to greater water consumption. However, Beal et al. [94]
found that higher family income may lead to lower water usage, which was later supported by the
findings of Willis et al. [32]. Similarly, in the case of family size, Willis et al. [32] reported that a larger
family size contributed to decreased water consumption. A few studies have discussed the possible
effect of pricing on water conservation; for instance, most US cities have a lower price per unit for high
consumption than for low consumption, which may lead to water shortages in the future [95]. In other
investigations, increasing block tariffs along with real-time information seem to have been effective but
this requires confirmation in further research [96,97].

3.5. Behaviour Analysis

Studies under the behaviour analysis theme have mainly aimed to understand the behaviours
and dynamics of consumers based on water consumption data. Various techniques such as profiling,
habit detection, and pattern recognition have been deployed to achieve this goal (Table 5).

Table 5. Findings from the studies on behaviour analysis.

Reference Type Technique Considered
Disaggregated Events?

[98] Customer segmentation Hidden Markov Model No

[99] Demand profiling Self-Organising Map, K-means,
Dendrogram No

[100] Customer segmentation hierarchical cluster analysis No

[101] Demand profiling K-means, Fourier Regression
Mixture model No

[102] Customer segmentation K-means clustering No
[103] Habit detection and profiling Time series analysis No
[104] Customer segmentation Descriptive analytics No
[105] Habit detection and profiling K-means clustering No
[106] Demand profiling Diurnal pattern, clustering No
[107] Customer segmentation Fuzzy clustering No
[108] Customer segmentation Self-Organising Map No
[87] Demand profiling Diurnal pattern No

[109] Demand profiling Diurnal pattern No
[89] Demand profiling Gaussian Mixture Model No
[88] Habit detection and profiling Descriptive statistics No

[110] Habit detection and profiling Signature pattern Clustering No

[111] Habit detection and profiling Factor Analysis, Cluster Analysis,
Discriminant Analysis No
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Cases of habit detection and profiling [105,110] have followed a cluster-based approach.
Cardell-Oliver [110] identified four types of pattern: continuous-flow days; exceptional peak-use days;
programmed patterns with recurrent hours; and normal use patterns. However, Cominola et al. [105]
identified three profiles based on the eigenbehaviours of hourly consumption. Cole and Stewart [88]
provided a detailed breakdown of hourly use by volume for the peak hour, peak day, and peak month
to make accurate estimations of outdoor and indoor components. Later, a habit detection algorithm
was proposed by Cardell-Oliver [103], but it could not guarantee the detection of all habits in a time
series because of heuristics.

Moreover, a few studies have applied clustering techniques to segment or cluster consumers based
on their water consumption data. For instance, Leyli-Abadi et al. [98] proposed a MixJNHMM model
to cluster consumption behaviour and forecast future behaviour. Ji et al. [107] clustered residents
by family structure, job type, or lifestyle based on water consumption data using a fuzzy clustering
algorithm. In their study, users were divided into five clusters; although the size of the dataset was
relatively small, the proposed approach provided interesting insights into users’ lifestyles.

With regard to predicting water demand, many studies have been conducted to extract demand
patterns. McKenna, Fusco, and Eck [89] proposed an approach for classifying demand patterns using
Gaussian mixture models and K-means clustering. The authors averaged weekday demands over a
full month to deal with noisy values, which was a superior approach to those used in other studies.
Gurung et al. [106] developed a water demand profile for modelling water demand using diurnal
patterns and clustering techniques; however, they only used 14 weeks of data, which was insufficient
for understanding the effect of seasonality on water consumption. Later, Cheifetz et al. [101] identified
eight relevant usage profiles from water consumption data using clustering and modelling techniques.
However, scalability was a concern with the proposed approach.

A limited number of studies—albeit notable ones—have been conducted in the area of behaviour
change. For example, Novak et al. [112] and Fraternali et al. [113] studied behaviour changes through
gamified incentive models for simulating water savings, and found reduced consumption and positive
user feedback. On the hand, Quesnel and Ajami [114] observed that changes in water consumption
are linked to heavy news media coverage of water- and drought-related issues. Jorgensen et al. [115]
tested explanations behind the lack of association between water conservation and intentions, and
found that intentions, habit strength, and their interactions were not good predictors for future water
conservation. Lastly, Fielding et al. [116] reported that intervention groups showed a reduced level of
water consumption over a period of 12 months, and after that time, their water consumption returned
to pre-intervention levels.

Behaviour analysis studies are important for understanding the behaviour dynamics of consumers.
Such an understanding is useful for water utilities to derive innovative and effective water conservation
programs. Studies to date have been based on total water consumption data. However, behaviour
analysis based on disaggregated water consumption may reveal interesting and useful insights that
may lead to more effective water conservation. Thus, we have identified a gap in the literature
involving behaviour analysis based on disaggregated water events.

4. Findings and Discussion

The aim of this section is to highlight the findings that emerged from the critical analysis of the
literature pertaining to the five themes identified for this study. Among several interesting findings,
one of the most important is the relationship between personalisation of information and effectiveness
of water conservation. We observed that more strongly personalised programs have more effect on
water savings. That is, if a water conservation program provides more personalised feedback or
information, then it contributes towards more water savings. Figure 4 summarises this finding based
on the literature showing that water-use feedback programs have the highest levels of personalisation
by providing customised water consumption summaries and statistics. Studies related to this theme
reported from 4.2% to 27.0% water savings, which is the highest level among all themes.
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savings in the short term. Lastly, water demand forecasting studies have predicted the future water
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utilities with efficient demand management but has no effect on water conservation by consumers.
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From a business-intelligence perspective, prescriptive analytic is the highest level of analytics;
they identify and suggest a set of actions to achieve business goals based on descriptive and predictive
analytics. Because previous studies mostly fall under descriptive and predictive analytics, the absence
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Table 2 condenses the findings from the literature on water-use feedback. Although it may
seem that paper-based feedback performs better than visual display or online feedback systems,
one study [42] revealed that online portals have a greater influence than do paper-based reports
(50% and 30%, respectively) in terms of behaviour change and water-use infrastructure (30% and
10%, respectively). However, because of the lack of user engagement with the online portal, the
overall water saving metric was lower for online feedback (4.2%) than for paper-based reports (8.0%).
In addition, [43] reported the same phenomenon: only 18% of participants accessed the website
from 141 households chosen to receive web-based materials. These studies suggest that users with
higher engagement with online portals are able to save more water than those receiving paper-based
feedback. Thus, after carefully analysing the literature, we concluded that online feedback has greater
potential for water conservation than does paper-based feedback, as supported by the findings of [16].
These studies indicate the necessity for further investigation to identify the most effective type of
feedback in terms of information content, granularity, and frequency of delivery [44].

In the case of water demand forecasting, the literature analysed in the present study shows
that over the last decade, short-term water demand for households has received more attention than
medium-term demand forecasting. Figure 6 shows that from 2010 to 2019, the cumulative number
of studies on short-term demand forecasting reached 16, whereas for medium-term forecasting the
number was only six. Clearly, the availability of higher-frequency water consumption data in recent
years has resulted in more research on short-term water demand forecasting.
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Figure 6. Number of studies and their cumulative sum over the years for short- and medium-term
water demand forecasting.

Table 3 summarises studies on water demand forecasting based on the forecast horizon, forecast
frequency, and forecasting techniques. In the case of short-term forecast horizons, hourly and daily
forecasting frequencies have dominated over shorter or longer frequencies. This is because these
two forecast frequencies are essential for water utilities to ensure the supply of water according to
forecasted demand. Another finding is that for short-term water demand forecasting, regression and
hybrid techniques have been the most commonly applied. However, in recent years, the performance
of ANN-based extreme learning machines indicates that further studies are required to improve the
overall accuracy of prediction by reducing errors.

Table 4 summarises the techniques applied in the water end-use categorisation literature to detect
leaks and disaggregate end-use events. In terms of leak detection, clustering techniques were the
most popular, followed by minimum night flow techniques. To ensure greater effectiveness, future
research should focus on proactive leak-detection techniques. Hybrid techniques are mostly used in
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disaggregated end-use event classification, yet the current state-of-the-art accuracy of only around 93%
suggests that scope exists for further research on this topic.

Furthermore, a healthy number of studies have reported that socioeconomic factors largely
influence water consumption. Although these variables do not promote water conservation directly,
identifying these variables is crucial to understand the reason for increments or decrements in
water consumption, as well as to determine effective water conservation program and policies.
Figure 7 presents the socioeconomic variables that increase or decrease water consumption according
to [32,94,117–120]. Higher family income and larger family size are the two determinants that may
lead to either increases or decreases in water usage. Therefore, future studies should address this issue
in greater detail.
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The literature related to behaviour analysis plays a vital role in understanding consumer behaviour.
This understanding is useful for water utilities to develop and deliver innovative and effective water
conservation programs. The application of clustering techniques is notable for behavior analysis
(Table 6).

Table 6. Summary of studies on behaviour analysis.

Behaviour Analysis
Applied Technique

Clustering Hybrid Descriptive Analytics Other

Habit detection and profiling [105,110] [111] [88] [103]
Customer segmentation [100,102,107] [104] [64,108]

Demand profiling [99,101,106] [87,89,107]

However, we identified a gap in behaviour analysis research based on disaggregated water events:
studies to date have been based on total water consumption data, but behaviour analysis based on
disaggregated water consumption may reveal noteworthy and useful insights that may lead to more
effective water conservation.

To understand the nature of the DWM data used in previous studies, we also collected various
information such as sample size, data collection duration, and data frequency. Sample size mainly
refers to the number of DWMs or households from which data were collected. Data collection duration
represents the amount of time for which data were collected. We categorised data frequency into three
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categories: very short, short, and medium. The very short category includes the studies where the data
frequency was 1 s, 5 s, 10 s, or 15 min. Hourly or daily data are considered short frequency data. Lastly,
data collected at weekly, bimonthly, monthly, or yearly frequencies fall into the medium frequency
category. (Table 7) presents a condensed summary of the studies based on sample size, data collection
duration, and data frequency.

Table 7. Summary of the studies based on sample size, data collection duration, and data frequency.

Sample Size
Data Collection Duration

Data Sample
Frequency<2 Weeks 2 Weeks–<1

Month
1–3

Months
4–6

Months
7–12

Months
Over 12
Months

1–100
[36,61] [6,34,82] [78] very short
[107] [49,54,55] [89] [73] short

[121] [58,72] medium

101–200
[31,32,45,57] [106] [37,42] very short

[4] [105] [110] short
medium

201–300
[94] [50] [56,79] [79,87] very short

[33] short
medium

301–400
[38] very short

short
medium

400+

[81] very short
[64] [88,103] [53,62,75,88,98] short

[66] medium

From the table, it is quite clear that in the case of very-short-frequency data, very rarely have
studies been performed with more than 300 households/DWMs and data collection durations over six
months. One of the reasons for this could be the trial rollout of DWMs. However, once DWMs are
rolled out fully, this issue should be resolved.

Thus, we conclude that there is further scope to apply novel and advanced ML and DA
techniques such as recommender systems to develop highly personalised feedback systems for
promoting water-conscious behaviour. Further, to improve customer engagement with the system,
integration of gamification may be helpful. To make recommender systems scalable, various clustering
techniques need to be investigated. In addition, the introduction of data management solutions for
the big data generated from DWMs would be an interesting development. Finally, user profiling or
clustering based on disaggregated water consumption data may reveal knowledge that is essential, but
remains unexplored.

5. Conclusions

Water scarcity and low pressure during peak usage times are the two key challenges facing water
utilities in urban areas. Trial rollouts of DWMs in many countries have revealed the potential of DWMs
in water conservation, as is evident in the literature. Among the many findings, the review of these
studies led us to conclude that a direct relationship exists between the level of personalisation and
water conservation. However, in this review, by critically analysing relevant studies, we identified
research gaps and future opportunities regarding DWMs, to promote water conservation from ML and
DA perspectives.

The identified research gaps or findings in this area are briefly discussed below:

• Absence of highly personalised feedback systems: As mentioned earlier, we observed a direct
relationship between the level of personalisation and effects on water conservation. However,
the absence in this field of highly personalised systems such as recommender systems [26] is
notable. By generating a list of custom-tailored suggestions, such highly personalised system
would promote water-conscious behaviour more effectively [122].
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• Absence of advanced ML and DA techniques: A good number of ML and DA techniques have
been applied to the data collected from DWMs. Many of these applied techniques were either
basic or a mixture of several techniques. However, the application of advanced ML and DA
techniques such as deep learning [51], deep reinforcement learning [123], anomaly detection [124],
and recommender systems [26] in this field is rare. For instance, deep learning can be adopted
to improve the accuracy of water demand forecasting, anomaly detection based techniques for
abnormal water consumption (i.e., leak, theft) detection models, and deep reinforcement learning
can be used to determine suitable actions for promoting water conservation. If applied properly,
these advanced techniques may improve results.

• Limitations in customer profiling and clustering: Existing customer profiling and clustering
studies have mostly been based on total consumption. For this reason, it is almost impossible to
create customer profiles or perform clustering based on each water consumption event, such as
shower, dishwashing, and gardening. Although disaggregated water consumption events are
available, the gap in customer profiling and clustering is noticeable.

• Absence of data management solutions: Storing data in a plain text file is not suitable for
performing analytics with a large amount of data in a real-world scenario. However, we observed
that in many studies, DWM data are stored in such files. This indicates the absence of data
management solutions for DWM data.

• Water demand forecasting and accuracy: In this study, we found that short-term water demand
forecasting has gained more attention in recent years compared with medium- or long-term water
demand forecasting. However, we noted that further research scope exists in this area to improve
prediction accuracy.

• Effectiveness of the feedback-delivery medium: The success of a water conservation program
largely depends on the medium of its feedback. Among the various media, we observed that an
online or web portal-based medium is the most effective when users were active.

• Lack of user engagement with online portals: Although existing works show that online portals are
the most effective medium for delivering feedback, the lack of user engagement is still a challenge.

• Limitations of clustering techniques: Among the many clustering techniques, we noticed that the
application of k-means clustering was very common. However, the k-means clustering technique
has some limitations, such as in determining the value of k, the impact of the initial centroid value
on the final result, and sensitiveness to the size of the data [125]. Furthermore, computational
cost and scalability are challenging issues for any clustering technique. Therefore, besides
k-means, other clustering techniques for big data [126] such as CLARANS [127], BIRCH [128],
and CURE [129] should be investigated.

• Factors affecting water consumption and conservation: We listed the socioeconomic factors
appearing in the articles that affect water consumption and conservation. These factors are
crucial to consider for future research in this area. However, we noted that two determinants
(higher income and family size) can be responsible for both increments and reductions in
water consumption.

• Limitation of DWM data: While reviewing the literature, it soon became clear that some limitations
exist in high-frequency DWM data in terms of the number of participating households, duration
of data collection, and frequency of DWM data. In case of high-frequency data (5 s, 10 s, and
1-min intervals), most of the studies collected data from fewer than 300 households and for less
than 1 month in duration. However, high-frequency data can provide more insights compared
with weekly, monthly, and yearly data.

Based on the findings and identified research gaps from the literature review, we provide the
following recommendations for utilities and governments, as well as future research directions for the
research community:
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• Highly personalised feedback and recommender systems: Recommender systems can play a vital
role in promoting water-conscious behaviours by providing highly personalised feedback [122].
Because this area is still unexplored, future research can be conducted on this topic.

• Deploy advanced ML and DA techniques: To improve accuracy in disaggregating water events,
water demand forecasting, leak detection, customer profiling, and clustering, further research can
be performed that deploys advanced ML and DA techniques such as deep learning, reinforcement
learning, and anomaly detection.

• Customer profiling and clustering based on disaggregated data: Previous customer profiling and
clustering studies have mostly been based on hourly total water consumption data. However,
customer profiling and segmenting based on high-frequency disaggregated water consumption
data may provide more insights. Therefore, future research should address these issues.

• Research on the data warehouse solution: Data warehouses are well-known for optimising
analytics. However, no studies have been conducted on this topic, and thus further research can
be conducted on developing data warehouse solutions. Such solutions would be beneficial for
storing and analysing the vast amount of data generated by DWMs.

• Feedback-delivery medium for future research: Compared with other feedback-delivery media
such as paper and visual displays, online or web portal systems perform better in terms of water
conservation. Therefore, future research can be implemented using online or web portal-based
feedback delivery.

• Increasing user engagement in online portals: Researchers have studied the impact of gamification
and reward or rebate programs on user engagement. However, no comparative studies have
been conducted to determine which is the most effective. Therefore, further investigation can be
conducted to identify the most effective user engagement technique in online portals.

• Application of clustering techniques: Because many studies rely heavily on the k-means clustering
technique, which has some limitations, further research can be conducted to identify alternative
techniques that may improve the results of behaviour analysis, and water end-use categorisation.

• Dealing with limited DWM data: Collecting a large volume of DWM data is not an easy task
because DWMs are still in the pilot stage, and furthermore, participation in such programs is
mostly voluntary. To overcome this limitation, a synthetic data generation technique [130] was
proposed, but further research can be conducted on this topic. Furthermore, investigations can be
conducted to develop advanced ML techniques that work on a smaller dataset.
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