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ABSTRACT 

The purpose of this paper is to explore 
the predominant determinants of 
shower end use consumption and the 
overarching approach to building a 
residential demand forecasting model 
using aligned socio-demographic and 
natural science data sets collected 
from 200 households fitted with smart 
meters in South-east Queensland, 
Australia. ANOVA as well as multiple 
regression analysis statistical 
techniques were utilised to reveal the 
determinants (e.g. household makeup, 
shower fixture efficiency, income, etc.) 
of household shower consumption. 
The study provides evidence that both 
household makeup and shower 
appliance efficiency are the most 
significant determinants of shower 
usage among other factors. The 
generated multiple regression model 
shows that these significant 
determinants can explain 90.2% of the 
variation in household shower 
consumption. The model also shows 
that the number of teenagers in the 
household is the most important 
household makeup characteristic in 
terms of shower consumption. The 
paper concludes with a discussion on 
the significant shower end use 
determinants and how this statistical 
approach will be followed to predict 
other residential end uses, and overall 
household residential consumption. 
Moreover, the implications of the 
research on conservation strategies 
and policy design, is discussed, along 
with future research directions. 

Introduction 

The development of effective urban 
water conservation policies requires 
greater understanding on the key 
determinants of each and every 
residential water end use. This 
becomes urgent when there are no 
models that have been created from 
empirical water end use event data 
registries (i.e. micro level bottom-up 
model) into forecasts for total 
residential connection demand. High 
resolution smart water metering of 
residential households enables the 
disaggregation of flow data into a 
registry of detailed end use events 
(e.g. shower, washing machine, dish 
washing, tap, bathtub, etc.). This end 
use data set aligned with socio-
demographic surveys and household 
water stock inventory audits allows for 
the creation of statistical models that 
are capable of revealing the 
determinants of water end use 
consumption and their predictive 
power. Such a comprehensive study 
can underpin the forecasting model 
development, through a series of 
multiple regression equations linking 
the independent variables (IV’s) socio-
demographic and stock inventory 
variables, against the dependent 
variable (DV) being domestic water 
end use volumes (e.g. shower, clothes 
washer, etc.). The summation of end 
use predictions provides an evidence-
based forecast of domestic household 
demand, which can be utilised as part 
of established water demand 
forecasting models for supply zones.
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Additionally, the research findings will 
have benefit to planners and 
government officers when evaluating 
the influence of demand management 
programs and policies (e.g. washing 
machine rebate), and household socio-
demographic characteristics. In this 
paper, the methodology for building 
such a statistical model is presented 
with the module for shower end use 
prediction detailed herein; this end use 
is one of the major components of 
residential water end use consumption 
in developed countries, often 
contributing to approximately one third 
of indoor demand (Beal et al. 2011, 
Willis et al. 2010). 

Research Design 

A mixed method research design 
method has been applied in this study, 
using both quantitative and qualitative 
approaches to obtain and analyse 
water end use data. This complex 
design allows the use of multiple 
methods to address research 
objectives (Creswell and Plano Clark, 
2007). This mixed approach is adopted 
in data collection through collecting 
quantitative natural science data in the 
form of end use water consumption 
data, quantitative stock inventory data, 
qualitative water behaviour data, and 
quantitative socio-demographic survey 
data. The data was collected from a 
sample of 200 residential households 
located in South-east Queensland, 
Australia.  

Houses were fitted with high resolution 
smart meters (i.e. 0.014 L/pulse). 
These smart meters were connected to 
wireless data loggers which log (i.e. 5 
second record intervals) and store 
water flows. Data loggers transfer 
water flow data to a central computer 
via e-mail. Water flow data is analysed 
and disaggregated into a registry of 
detailed end use events (e.g. shower, 
washing machine, tap, etc.) using 
Aquacraft’s Trace Wizard© software. 

Water flows data was collected over a 
2-week period in winter 2010. The 
detailed process of this mixed method 
water end use study is reported by 
Beal et al. (2011).  

Self-reported water use diaries of each 
household were developed to collect 
qualitative water behaviour data in a 
form of behavioural records of water 
usage over 2-week sampling periods. 
In addition to the water diaries, 
quantitative data of appliances stock 
inventory (e.g. flow rate of fixtures, star 
ratings, etc.) was obtained using 
individual household audits. Both water 
use audits and diaries assisted and 
ensured the validity of the Trace 
Wizard analysis by developing a 
qualitative understanding of where and 
when people are undertaking a certain 
water consuming activity in their 
household.    

Furthermore, questionnaire surveys 
were developed and distributed to 
each smart metered household to 
collect quantitative socio-demographic 
data. The collected data was entered 
into SPSS (i.e. statistical analysis 
program) to enable results analysis, 
particularly the determination and 
clustering of different prediction 
factors. These factors are 
predominantly demographic indicators 
such as household makeup (e.g. 
number of adults, teenagers, kids), 
socio-demographic indicators (e.g. 
education level, annual income range, 
occupation status), and stock efficiency 
factors (e.g. washing machine star 
rating). 

Research Method 

For the purpose of this study, all 
factors in the study were classified as 
categorical variables. In other words, 
each variable is composed of mutually 
exclusive categories. For instance, the 
demographic indicator number of 
adults in households is composed of 
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households with 1 adult, 2 adults and 3 
adults or more. The aim of this study 
was to analyse the relationship of 
these categorised factors or 
independent variables (IV’s) with 
household shower end use or the 
dependent variable (DV) in an attempt 
to reveal the key significant shower 
determinants. Mean comparisons 
between clustered categories of 
independent variables using ANOVA 
and multiple regression statistical 
techniques were applied to identify 
significant differences between these 
groups. However, such categorical 
variables needed to be coded first prior 
to their inclusion in regression models 
(Field, 2009). Categorical variables are 
either dichotomous (e.g. occupation 
status has 2 groups: working and 
retired), or polytomous (e.g. number of 
adults: 1, 2, 3 or more) (Hardy, 1993). 
Both types of variables in this study are 
represented as dichotomous variables 
using dummy coding.  

Dummy Coding 

Dummy coding, or sometimes called 
binary coding, is used to represent 
groups of categorical variables in (0,1) 
format (Hardy, 1993; Field, 2009). 
Households which are members of a 
particular categorical variable group 
are assigned a code of (1); and those 
which are not in this particular group 
receive a code of (0). The generated 
coded groups for a particular 
categorical variable are called dummy 
variables. In order to develop mutually 
exclusive and exhaustive dummy 
variables that represent a particular 
categorical variable with j groups, a set 
of j-1 dummy variables are needed 
(Field, 2009). For instance, the number 
of adults in households has three 
groups (e.g. 1, 2, 3 or more). It needs 
two (i.e. 3-1=2) dummy variables 
coded in (0,1) to be represented (see 
Table 1).  

It can be seen from Table 1 that the 
first dummy variable represents 
households with one adult by giving a 
code of 1 for a household that belongs 
to this group and 0 for the rest. 
Similarly, the second dummy variable 
represents household with three adults 
or more and 0 for the rest. 

Table 1. Example of dummy coding.  

Groups 
Dummy 

Variable 1 
Dummy 

Variable 2 

1 Adult 1 0 
2 Adults 0 0 
3 Adults or more 0 1 

This way, all groups of the categorical 
variable (i.e. number of adults) are 
represented into two dummy variables, 
where households with one adult 
receive a code of (1,0), two adults 
receive a code of (0,0), and three 
adults or more receive a code of (0,1). 
In this study, the membership to the 
group of households with two adults is 
chosen not to be coded with (1), but 
rather it was coded by default with (0) 
while coding the other groups. Hence, 
it received the code of (0,0) to act as 
the control group or also called the 
reference group (Hardy, 1993; Field, 
2009). This control group was chosen 
because it has the largest sample size. 
In other words, it is the group to which 
most households in the sample of this 
study belong. Therefore, its mean is 
used as the reference of comparison to 
the other two group means in ANOVA 
and multiple regression analysis to 
ensure robustness of the results.  

The above dummy coding technique 
was applied to all socio-demographic 
and stock inventory categorical 
variables to be represented in a 
dichotomous format and subsequently 
analysed using ANOVA and multiple 
regression.  

ANOVA as Regression 

In order to test for the level of 
significance of differences between 
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group means of a particular categorical 
variable for shower consumption, 
ANOVA was used. In this case, 
differences between the mean of a 
tested group and that of the control 
group were tested at (α= 0.001 and 
0.05) levels using the F-statistic. This 
analysis provided the significant 
difference between each of the 
categorical variable groups and their 
associated control group in shower 
usage. 

Commonly, regression analysis is used 
between one continuous DV versus 
one or more continuous IV’s in order to 
measure the relationship between both 
types of variables and predicting the 
DV from these IV’s by fitting a 
statistical model in the form of a 
straight line represented by Equation 1 
(Schroeder et al., 1986). 

                     
 
      (1) 

Where, Yi is the outcome variable or 
DV for the ith case, b0 is the intercept of 
the line, and b1 is the rate of change 
that the IV Xi1 makes in Yi and it is the 
gradient of the line, and εi is the 
residual term that represents the 
difference between observed and 
predicted values.  

However, in the case of this study, the 
DV is continuous (i.e. shower volume), 
whereas, the IV’s or predictors are 
discrete (e.g. number of adults, etc.). 
Therefore, the use of dummy coding to 
represent such groups of categorical 
variables, and the use of ANOVA to 
test for significant differences between 
their means could be extended to a 
regression model (Hardy, 1993; Field, 
2009) as shown in Equation 2. 

     
 
    

 
        

 
          (2)         

Where, Yi is the outcome variable or 
the DV, β0 is the mean of the control 
group, and β1 represents the significant 
difference between the mean of the 

first group of the ith categorical IV and 
the mean of the control group (i.e. β1 = 
mean of the 1st group - β0) and so on, 
until the nth dummy variable. As such, 
all significant differences of the means 
between groups of a particular 
categorical variable and its associated 
control group are included in the 
model. Similar to Equation 1, εi is the 
residual term that represents the 
difference between observed and 
predicted values. 

Importance of IV’s is assessed using 
parameters generated from each 
multiple regression model. Such 
parameters are the coefficient of 
determination (R2), the adjusted 
coefficient of determination (∆R2), and 
Standard Error (SE).  

Assumptions of ANOVA such as 
normality and homogeneity of variance 
were tested and met by ensuring 
sufficient groups sample size. 
Moreover, a total of nine regression 
analysis assumptions (Berry, 1993) are 
met. These assumptions are: type of 
DV and IV’s included in the model, 
non-zero variance of predictors, no 
perfect multicollinearity between IV’s, 
assumption of no correlation between 
IV’s and external variables which are 
not included in the model, 
homoscedasticity, independent errors, 
normally distributed errors, 
independence of DV values, and 
linearity of the relationship between DV 
and IV’s. 

This way, all of the socio-demographic 
and stock inventory factors were 
clustered, dummy coded, and analysed 
using ANOVA as regression to test for 
differences between their groups, 
which in turn, resulted in an extraction 
of the significant determinants of 
household shower end use 
consumption. A multiple regression 
equation is also developed with the 
most significant determinants for 
forecasting shower end use as shown 
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in the following section. This approach 
will be applied for each household end 
use to develop the prediction modules 
underpinning a residential household 
demand forecasting tool. 

Shower End Use Data Analysis 

The trace analysis resulted in an 
average total indoor water 
consumption of 335.92 Litres per 
household per day (L/hh/d) for 200 
households over a 2-week period and 
an occupancy average of 2.6 people 
per household. This represents a per 
capita average of 129.2 (L/p/d).  Figure 
1 shows that shower is a major 
component of indoor consumption with 
an average of 111.02 (L/hh/d) or 42.7 
(L/p/d) representing 33% of the indoor 
usage.  

Figure 1. Ave. indoor (L/hh/d) consumption. 

Socio-demographic and stock 
inventory factors 

As shown in Figure 2 (a-h), a total of 
eight socio-demographic and stock 
inventory IV’s in the form of categorical 
variables were clustered into groups. 
Control groups (shown in black) were 
assigned as the most representative 
groups in this sample. Using, SPSS, all 
groups were coded in j-1 dummy 
variables coded with 0’s and 1’s in 
order to represent the membership of 
households. ANOVA was conducted to 
test for differences in average daily per 
household shower consumption 
between groups of each categorical 
variable and its associate control group 

at (α= 0.001 and 0.05) levels using F-
statistic. Results of ANOVA (see Table 
3) showed that all differences between 
groups are significant for all IV’s shown 
in Figure 2. These significant mean 
differences were extended to a series 
of regression equation for each of the 
categorical variables in an attempt to 
measure the relationship and predict 
shower consumption by each IV alone. 
As shown in Table 3, a regression 
model for each of the IV’s was 
developed in order to uncover the most 
important determinant of shower 
consumption. This was achieved using 
model parameters (i.e. R2, ∆R2, and 
SE). 

As shown in Table 3, the number of 
teenagers in a household is the most 
important demographic indicator 
among other IV’s, as indicated by the 
R2 value of 0.529 (i.e. variation in 
number of teenagers in household can 
explain 52.9% of the variation in 
shower consumption). The model 
shows that the inclusion of one more 
teenagers in the household resulted in 
an average increase of around 90 
(L/hh/d) in shower consumption 
compared to households with no 
teenagers with an average of 58 
(L/hh/d). The shower heads efficiency 
ratings factor (clustered in accordance 
to Water Efficiency Labelling Scheme 
WELS) (see Table 2) was also found to 
be a determinant of shower 
consumption (i.e. R2 = 0.519). 

Table 2. Shower heads efficiency rating. 

Type Efficiency rating (L/min) 

AAA or 3 Stars                  Flow rate <9 

AA or 2 Stars 9< Flow rate <12 

A or 1 Star 12< Flow rate <15 

Standard 15< Flow rate <21 

Old Flow rate >21 

The generated model indicates that 
households that use efficient shower 
heads are considerably consuming 
less shower volumes.  

Shower 
111.02 
(L/hh/d) 

33% 

Other 
indoor 

end uses 
224.9 

(L/hh/d) 
67% 
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(a) Number of adults. 

 
(b) Number of teenagers. 

 
(c) Number of kids (4<age<12 years). 

 
(d) Number of kids (age<3 years). 

 

(e) Shower fixture efficiency rating.  

 
(f) Occupation status. 

 
(g) Annual income range (AU $). 

 
(h) Ave. education level.

Figure 2. Socio-demographic and stock inventory factors, clusters and control groups.
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Other socio-demographic factors such 
as: number of kids aged less than 3 
years, number of adults, annual 
income range of the household, and 
the occupation status, can explain 
variation in shower consumption by 
38.8%, 33.2%, 31.5% and 30.5% 
respectively. 

Factors such as: number of kids aged 
between 4 and 12 years, and average 
education level, however, can explain 
a relatively small amount of the 
variation in shower usage accounted 
for by only 13.5% and 10.0% 
respectively. Such small amount of 
variance explained by number of kids 
aged between 4 and 12 years in a 
household could be attributed to the 
fact that kids at this age usually use 
bathtubs and not showers. Further, the 
small amount of variance explained by 
average educational level of a 
household might be attributed to other 
social and occupational factors that 
need to be further studied. It can be 
thought of factors like: the level of 
awareness of environment and water 
conservation for each educational 
group, the type of occupation being in 
office or in field, the level of attention to 
personal hygiene, etc. 

The results of this analysis suggest 
that number of teenagers in a 
household is a major indicator of a 
household makeup in shower 
consumption. Besides, the efficiency 
rating of shower heads used in a 
household is an important determinant 
of shower usage.  

Subsequently, an average daily per 
household shower forecasting model 
was built using the above tested 
determinants (See Table 3). A 
hierarchical or also called block-wise 
entry approach (Field, 2009) was used 
to build such model. Household size 
composite factors were included in the 
first block of the model. These factors 
are: number of adults, teenagers, kids 

aged between 4 to 12 years, and kids 
aged less than 3 years. The shower 
heads efficiency rating factor was 
included in the second block. Finally, 
other factors such as: annual income 
range, occupation status and average 
educational level, were included in 
third block. Results of regression 
analysis suggested that the household 
makeup factors and the stock inventory 
factor are the most significant 
determinants of shower usage, 
whereas the rest are not when 
included with them. Both determinants 
when jointly included in the model, can 
explain 90.2% (i.e. R2 = 0.902) of 
variation in shower usage with a    
relatively small SE of 16.7 (L/hh/d). 
The control group in this model to 
which all other groups are compared, 
is households with two adults, with 
neither teenagers nor any kids of any 
age, and that use an old shower head 
with an average of 99.116 (L/hh/d). 
This result is reached by substituting a 
value of 0 in all specified groups (See 
last model in Table 3).  

Conclusion 

Results of this study suggest that the 
household makeup and stock inventory 
factors are the most significant 
determinants of shower consumption. 
Analysis also showed that number of 
teenagers is a major indicator of 
shower consumption. Such results can 
assist government officers in targeting 
important determinants while designing 
water conservation strategies and 
policies for a certain end use (e.g. 
awareness campaigns of teenagers 
shower consumption, efficient shower 
appliances incentives, etc.). 
Additionally, the developed forecasting 
model can be used in predicting 
shower end use based on household 
makeup and stock inventory 
characteristics.
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Table 3. Shower determinants models‡. (*p<0.05, **p<0.001)

‡Note: all shower values are averages (L/hh/d).  

Future Work 

The next stage of this work, is to 
analyse other indoor end uses (e.g. 
toilet, tap, bathtub, clothes washing, 
dish washing, etc.) in order to uncover 
their significant determinants. 
Additionally, a forecasting model could 
be built for each of these end uses 
combining significant determinants. 
The summation of all end uses 
predictions using such models can 
provide an evidence-based forecast of 
domestic household demand, which 
can be utilised as part of established 
water demand forecasting models for 
supply zones. 
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IV 
Number of 

groups 

Number of 
dummy 

variables 
Control group R

2
 ∆R

2
 SE 

Number of 
teenagers 

2 1 No teenagers 0.529 0.527 33.48 

Shower = 57.893** + 90.315** (1+ teenagers) ± 33.48 

Shower heads 
efficiency 
ratings 

5 4 Old 0.519 0.502 23.05 

Shower = 102.442** – 76.975** (AAA or 3 Stars) – 62.012** (AA or 2 Stars) – 
36.081** (A or 1 Star) – 25.616** (Standard) ± 23.05 

Kids (age<3 
years) 

2 1 No child (3≤age) 0.388 0.384 31.55 

Shower = 56.866** + 72.842** (≥ one child [age<3 years]) ± 31.55 

Number of 
adults 

3 2 2 adults 0.332 0.324 35.65 
Shower = 71.235** – 26.62** (One adult) + 66.136** (≥three adults) ± 35.65 

Annual income 
range 

4 3 $30,000-$59,999 0.315 0.301 35.60 
Shower = 68.373** – 29.265** (< $30,000) + 17.859* ($60,000-$89,999) + 
35.406** (> $90,000) ± 35.60 

Occupation 
status 

2 1 Working 0.305 0.301 31.50 

Shower = 83.613** – 42.862** (Retired) ± 31.50 

Number of 
children 
(4<age<12) 

2 1 No child (4<age<12) 0.135 0.130 37.02 

Shower = 62.188** + 40.956** (≥ one child [4≤age≤12]) ± 37.02 

Av. 
educational 
Level 

3 2 Trade/TAFE or lower 0.100 0.089 36.2 

Shower = 55.753** + 20.32* (Tertiary undergraduate) + 27.491** (Tertiary 
postgraduate) ± 36.21 

Household 
makeup + 
Stock 
inventory 

14 9 
No child of any age + 

old shower head 
0.902 0.895 16.7 

Shower = 99.116** – 10.42** (One Adult) + 76.219** (Three Adults) + 67.965* 
(One or More Teenagers) + 16.339 (One or More Kids [4≤Age≤12 years]) + 
41.953** (One or More Kids [Age<3 years]) – 67.293** (AAA or 3 Stars) – 66.99** 
(AA or 2 Stars) – 44.109** (A or 1 Star) – 27.849** (Standard) ± 16.7 
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