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Abstract: Knowledge on household solid waste quantity is essential for planning solid waste management strategy for a
given city. Lack of reliable studies on household solid waste (HSW) generation is a key challenge in proper HSW
management. The objective of this study was to model HSW generation using socio-economic and demographic data in
urban estates. The study adopted a cross-sectional descriptive research design. Three estates representing three socio-
economic groups; High Income (Milimani), Middle Income (Migosi), Low Income (Obunga) were selected through
multi-stage simple random sampling. A stratified proportionate random sample of 368 households was selected from a
study population of 8651 households. Household survey questionnaires were used to obtain primary data on socio-
economic and demographic characteristics of households while Direct Waste Weighing was used to obtain primary
data on the amount of monthly HSW generated. Multiple linear regression was used to model the amount of HSW
generated in Kilograms based on household size, household monthly income, household monthly expenditure on food
and age of the household head. The findings of this study revealed that household size, household monthly income,
household monthly expenditure on food and age of the household head explained over 97% of monthly HSW
generation at 95% confidence level across high income (R? =0.975 ) middle income (R® =0.984) and low income ( R?
=0.976 ) socio-economic groups respectively indicating that the predictor variables selected for the regression are good
predictors of HSW generation. The study concluded that socio-economic and demographic data were appropriate in
modeling HSW generation. The models predicting solid waste generation are useful analytic tools in the design of solid
waste management programs and are useful in areas where there is urgent need of planning for solid waste management.
Keywords: Household solid waste generation, predictor variables, socio-economic and demographic data, planning,
socio-economic group.

INTRODUCTION

Modeling solid waste generation is a very
important data set in solid waste management since it is
key in understanding solid waste distribution in each
area [1]. Solid waste is fast becoming a menace in both
developed and developing nations [2, 3]. This can be
attributed to rapid urbanization taking place within the
world [4] economic development and rise in living
standards [5]. The management of household solid
waste (HSW) is one of the huge challenges of urban
areas of all sizes [4] and is always ranked in the top
five of the most challenging problems for city managers
[6]. Knowledge on household solid waste quantity is
essential for planning a solid waste management
strategy for a given city or municipality [7]. Modeling
of solid waste quantity is vital for efficient planning and
sustainable design of household solid waste
management [8]. Lack of reliable studies on the amount
of household solid waste generated is a key challenge in
proper household solid waste management [9] Several
studies have been done to forecast, model, estimate or
predict the amount of household solid waste generated

mainly in developed countries [10-14]. Most of the
research work available is related to modeling
household solid waste generation in developed
countries and major cities by use of time-series data
[15]. The identification of modeling, prediction or
estimation parameters has to be based on a database,
which describes regional peculiarities [11]. The
exclusive use of national aggregates in input-output
models [16] is not appropriate for explaining regional
dynamics, therefore, preference ought to be given to
factor models that focus on socio-economic and
demographic indicators available at regional level [17].
Modeling HSW generation using socio-economic and
demographic factors is suitable in areas where available
data is scarce yet there is an urgent need for the HSW
management and planning [18]. Modeling household
solid waste generation is not an easy task in developing
countries mainly due to inadequate data on the amount
of HSW generated [19, 20]. Furthermore, most
countries lack reliable historic household solid waste
data, therefore, for the problem of solid waste
management to be solved, an accurate method for
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identifying relevant factors influencing the amount of
household solid waste generated is required [21]. A
number of studies on solid waste management (SWM)
have been conducted in Kenya [22-24]. Similarly, these
studies that have been done on solid waste management
in Kisumu have not provided any data on modeling
household solid waste generation [25, 26]. Despite
these relevant literature on household solid waste
generation, there is inadequate data especially in
developing African countries. Similarly, there is a lack
of accurate and detailed information since most studies
rely on data collected at disposal points and solid waste
transfer stations. A study conducted at the point of
HSW generation (households) is therefore necessary to
provide accurate and detailed information for modeling
household solid waste generation based on specific
household socio-economic and demographic data.
Hence, this study sought to model household solid
waste generation in urban estates in Kisumu city,
Kenya, using socio-economic and demographic data

LITERATURE REVIEW

Solid waste management is a complex process
that requires a lot of information from various sources
such as factors on waste generation and waste quantity
forecasts, prediction or estimation [27], [28]. A number
of studies have focused on the influence of socio-
economic and demographic factors in a bid to
understand, define and predict the unit rate of solid
waste generation [9, 29, 30]. Some of the most common
variables that are analyzed are number of individuals in
a dwelling, age, gender, land usage, communications,
ethnicity of the populations and productive activities
[30]. Many predictive modelling studies have been
created over the last few decades to assist in developing
more efficient waste management programs, however,
the studies vary in their intents, assumptions and
solution procedures [1, 31-36]. [37] reviewed previous
models on municipal solid waste generation with an aim
of arriving at limitations of previous models. These
studies have focused on modeling and prediction of
municipal solid waste as opposed to narrowing down to
household solid waste. Factor models have been widely
used to predict daily or annual waste generation [38,
39], at household, municipal or regional level [40]. [21]
designed a model which was suitable for repeated use
by municipal representatives to appropriately assess the
future municipal waste streams of major cities. The
selection of this model was based on a recent
forecasting methodology where the size and type of
data base as well as the existing knowledge of
relationships were the criteria for method selection [41].
A study of household solid waste generation carried out
by [42] identified household size, employment status,
and type of housing tenure as the most relevant in
modeling household solid waste generation in West
Midlands. Salhofer [43] designed a model aimed at
predicting industrial and commercial waste generation

in Vienna. This model is based on a matrix which is
applied to sort the type of business that generates the
waste by commercial or industrial sector and is based
on number of employees. [44] discussed the prediction
methodology for generation rate for municipal solid
waste in the European Union countries and United
States of America. [1] developed a predictive model for
waste generation according to the waste demography
based on lifestyle, culture etc. In a study conducted in
Chile by [45], he analyzes the relationship between the
production of residential solid waste per capita and
socio-economic factors. Previous studies have focused
on modeling MSW generation. Similarly, previous
studies have relied on data collected at disposal points,
material recovery facilities and solid waste transfer
stations which are likely to pose limitations since these
data collection points contain solid waste from different
sources mixed together.

MATERIAL AND METHODS
Study Area and Target Population

Kisumu is the third largest city in Kenya and
it’s on the shores of Lake Victoria, the second largest
fresh water Lake in the World and covers an area of
approximately 417 Km? 35.5% of which is under
water. It is located in Kisumu county and serves as both
as the county headquarters and the principal city in the
region [46]. Kisumu city is lies between latitude
00°02°N; 00°11°S and longitude 34°35'E and 34°55E at
an elevation of 1,131 meters above sea level. The city is
occupied predominantly by low income households,
with more than 50% of the population categorized as
poor [47]. The city lacks a comprehensive response to
solid waste management. Coupled with this, there is a
poor attitude towards waste management and low
capacity to offer waste services by Kisumu city
management [48].

Research Design

The research design was cross-sectional
descriptive research and used quantitative tools of data
collection and analyses. The design by virtue of being
cross-sectional gives a representation of the whole
population with minimum bias. Descriptive research is
a process of collecting data in order to answer questions
concerning the current situation [49]. The unit of
analysis for this study was household heads.

Study Population and Sampling Procedure

The study utilized both multi-stage random
sampling and stratified proportionate simple random
sampling technique. Stratified proportionate simple
random sampling is a modification of random sampling
in which a population is divided into two or more
relevant significant strata based on one or more
attributes [50]. The advantage of stratified sampling is
said to be its ability to ensure inclusion of sub-groups
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which would otherwise be entirely omitted by other

sampling methods [51].

Table 1: A sampling frame indicating the number of households studied under each strata

Socio-economic group

Total no. of households (Study population)

No. of households selected

HISG (Milimani) 1302 55
MISG (Migosi) 4795 204
LISG (Obunga) 2554 109
TOTAL 8651 (Study Population) 368 ( Sample Size)

The study used a mathematical approach given
by [52] which stated that:
Ng = n

1+n/N

Where;

ns = the desired sample size when population is less
than 10,000

n = the desired sample size when population is more
than 10,000 (usually 384)

N= Estimated population size

ne= 384
+(384/8651)

ng= 368

A stratified proportionate random sample of
368 households was selected from a study population of
8651 households (Table 1). The number of households
to be interviewed within each sampling unit (strata)
were selected proportionally based on the number of
households within each sampling unit /strata (socio-
economic group). Households within each sampling

unit/ strata (socio-economic group) were selected
through simple random sampling. Three estates
representing three socio-economic groups (income
levels) were selected through multi-stage simple
random sampling according to socio-economic groups
based on income levels borrowed from the Kenya
National Bureau of Statistics [47] classification which
was also guided by literature from previous studies. The
strata were; High Income Socio-economic group
(HISG), Middle Income Socio-economic group
(MISG), Low Income Socio-economic group (LISG).
The three estates selected for the study were Milimani
(HISG), Migosi (MISG) and Obunga (LISG).

Predictor Variables to be included in Modeling

The behavior of HSW generation is impossible
to explain by using a single predictor variable [39].
Thus, to find the appropriate model that best explained
HSW generation, data was analyzed and the variables to
be involved identified. A symbol was assigned to each
variable and the type of dependence and unit of
measure was set. Table 2 shows the variables included
in this study.

Table 2: The variables studied and their symbol, type and unit of measure

Variable name | Symbol Type Unit of measure

Household Size Xys | Independent Persons/household

Household monthly Income Xumi | Independent Monthly Income/household

Household Monthly Expenditure on Food Xumet | Independent Monthly Expenditure on food /household
Age of the Household Head Xanh | Independent Number of years of the household head

HSW generation in Kgs Y Hswg Dependent Kgs/month/household

The following operational definitions were
adopted for the study; household size (Xys) was defined
as the number of persons residing in a household or
residence. household monthly income (Xym) was
defined as the measure of the monthly combined
incomes of all people sharing a particular household of
residence. Household monthly expenditure on food
(Xumer) Was defined as the amount of final consumption
expenditure made by resident households to meet their
monthly needs on food. Age of the household head
(Xann)was defined as the length of time the household
head (person in charge of running the household and
key decision maker) has lived. The questionnaires were

questionnaires were given numbers 1-368. This was
done for household identity since there was need to
socio-economic  and
demographic data with its corresponding data on the

match  each

household

amount of household solid waste generated.

Model equation
According

generation
developed as follows:

Model developed:

to multiple
analysis, a predictive model for household solid waste
in the study area was identified and

linear

categorized according to socioeconomic groups and Y= Bo BXus +  PBoXami  +  BaXumer
answers  were  captured  appropriately.  The BaXAbh...ovveoeeeeeee equation 1
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Note:

Y= Dependent variable of monthly household solid
waste generated (Kgs/month/household)

Bo= Constant

B1, B2, Bs, B4 = coefficients

Xuis, Xumis Xrmet, Xann = Independent variables

Data Collection Methods

The study employed the use of structured
household survey questionnaires and direct waste
analysis to obtain primary data. Structured household
survey questionnaires were used to gather information
on selected household  socio-economic  and
demographic data. In all cases, questionnaires were
administered to obtain precise data on household size,
household monthly income, household monthly
expenditure on food and age of the household head. The
questionnaires were categorized according to socio-
economic groups and answers were captured
appropriately. The questionnaires were given numbers
1-368. This was done for household identity since there
was need to match each household socio-economic and
demographic data with its corresponding data on the
amount of household solid waste generated.

Direct waste analysis (DWA) was used as a
tool for the household solid waste characterization
study to establish the amount of monthly household
solid waste generated. DWA is a solid waste
characterization tool which is used to determine the
quantities and composition of solid waste generated
and this is done through direct waste weighing and
direct waste sorting respectively [53]. The direct waste
analysis technique has been used previously in several
studies [54-56]. Direct waste weighing involved each
selected household being provided with a labelled
plastic bag to keep all their household solid waste
generated for one week (7 days). This was done on a
weekly basis for four weeks. The plastic bags were
labelled using numbers 1 to 368. This was done to be
able to match the household survey questionnaires data
with the household direct waste analysis data. The
household solid waste generated was weighed using a

capacity portable weighing machine and weights
recorded. This enabled the researcher to establish the
amount of household solid waste generated in the
selected urban estates in Kisumu city. The equipment
and materials used were methodology driven and they
were: Trash polythene bags, a portable twenty
kilogramme (20 Kg) weighing machine, sorting shed,
digital camera, personal protective equipment and a
large plastic canvas. Data for this study was collected
for a period of four weeks between 30™ January 2016 to
28" February 2016. In this study, one month was taken
to be 30 days, the period for which data on the HSW
quantities was collected.

Data Analyses

Quantitative data on the appropriate socio-
economic and demographic data in modelling HSW
generation was analyzed using multiple linear
regression. The analyses included more than two
predictor variables which displayed a linear
distribution. Therefore, a multiple linear regression was
applied to determine the probable shape of the
relationship among the variables and to model the
generation of HSW which corresponds to the values of
analyzed socio-economic and demographic variables.

RESULTS

This section gives the results on the socio-
economic and demographic data of households studied.
Secondly it gives data on the amount of HSW
generated. Finally it gives data on quantification of the
variables selected to build the appropriate model for
explaining household solid waste generation in selected
urban estates in Kisumu city.

1 Socio-economic and demographic data for
households

The data showing the household size,
household monthly income, household monthly
expenditure on food and age of the household head
across three socio-economic groups, namely high
income, middle income and low income are presented
in Table 3

Table 3: Socio-economic and demographic data for households. HISG stands for high income socio-economic
group, MISG stands for middle income socio-economic group while LISG stands for low income socio-economic

group
Socio-economic group/class
Variable (Mean) HISG MISG Migosi LISGObunga
Milimani
Household Size 5 5 5
Household Monthly Income (in Kshs) 57555 17333 15130
Household Monthly Expenditure on Food 17509 15102 8314
Age of the Household Head (in years) 42 36 35

According to the household survey (Table 3),
the average household size from the sampled population

was 5 in high, middle and low income socio-economic
groups respectively. The average household monthly
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income was Kshs. 57555, Kshs. 17333 and Kshs.
15130 in high, middle and low income socio-economic
groups respectively. The average household monthly
expenditure on food was Kshs. 17509, Kshs. 15102 and
Kshs. 8314 in high, middle and low income socio-
economic groups respectively. The average age of the
household head in years was 42, 36 and 35 in high,
middle and low income socio-economic groups
respectively. The reason for considering household size
and income in this study is the fact that they have been
widely acknowledged as important factors influencing
solid waste characteristics [53]. Solid waste generation

is an inevitable consequence of production and
consumption, hence the importance of Household
expenditure on food in this study. The age of the
household head is also considered as a key determinant
of consumption.

HSW generation in Kilograms by Socio-economic
group

The amount of HSW generated by households
and individuals in high, middle and low income socio-
economic groups in Kisumu city are presented in
Table.

Table 4: The amount of daily and monthly HSW generated by households and individuals

Socio-economic | Number of hh* | Amount of HSW | Amount of HSW | Amount of HSW
Group studied generated generated generated
(Kg/hh/month (Kg/cap**/month) Kg/cap/day

HISG 55 54 10.8 0.36

MISG 204 36 7.2 0.24

LISG 109 31.5 6.3 0.21

TOTAL 368 121.5 24.3 0.81

*hh= household; **= capita

The average amount of HSW generated per
household per month was 54, 36 and 31.5 kg/hh/month
in HISG, MISG and LISG respectively (Table 4).
Results from Table 4 further established that the
average amount of HSW generated per person per
month was 10.8, 7.2 and 6.3 kg/cap/month in HISG,
MISG and LISG respectively and 0.36, 0.24, 0.21
Kg/cap/day in HISG, MISG and LISG respectively.
From these study findings, it is clear that the amount of
HSW generated varies across socio-economic groups
with the amount of household solid waste generated
increasing with improving socio-economic status. The
relationship between socio-economic groups and the
amount of HSW generated has been discussed by
various authors [55], [9], [56]. Results from Table 4
agree with a study by [57] who established that the
overall amount of HSW generated per capita increased
with improving socio-economic status with high income
socio-economic group generating the most.[58]
established that the average amount of HSW generated
by households in Dar es Salaam was 0.42 kg/cap/day.
[59] established that in Maiduguri, the amount of HSW
generated was 0.25 kg/cap/day. The average amount of
HSW  generated in Nigerian households s
0.49kg/cap/day [60]. From the discussion above, it is

evident that previous studies have not been keen on
investigating the amount of HSW generation across
different socio-economic group which this study (Table
4) has done.

Modeling household solid waste generation

The estimated value of  (r), correlation
coefficient of the selected socio-economic and
demographic variables were greater than 0.05 (p value)
indicating poor multi-collinearity and independence
among them (Table 5). The student t test showed
independence among the independent variables (Table
5) selected for the model hence confirming their
suitability in predicting HSW generation.

Multiple linear regression was calculated to
predict monthly household solid waste generated in
kilograms based on household monthly income (Xumi),
household monthly expenditure on food (Xumes),
household size (Xys) and age of Household head (Xann)
in selected urban estates in Kisumu city representing
high, middle and low income socio-economic groups.
The results of multiple linear regression analysis of the
study area by the predictive model in equation (1) is
presented in equations 2, 3, 4,5, 6 and 7.
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Table 5: Values of t and p from the test of independence among independent variables across HISG, MISG and

LISG
Compared Independent Variables | Standard HISG MISG LISG
Value of t

Estimated P | Estimated p | Estimated P

value of t | value valueoft | value | valueoft | wvalue

Household size Vs household 1.96 -1.39 0.17 -1.88 0.06 0.37 0.71
income

Household size VS household 1.96 1.54 0.13 -1.17 0.24 -0.20 0.84
expenditure on food

Household size Vs age of the 1.96 0.40 0.69 0.04 0.97 -1.33 0.18
household head

Household income Vs household 1.96 0.15 0.88 -0.95 0.34 -0.33 0.74
expenditure on food

Household income Vs age of the 1.96 -1.07 0.29 -1.75 0.08 -1.08 0.28
household head

Age of the household head Vs 1.96 -0.63 0.53 -0.63 0.53 -0.53 0.59
household expenditure on food

In equation 2, a multiple linear regression
model with four predictor variables (household size,
household monthly income, household monthly
expenditure on food and age of the household head)
were used to predict HSW generation in the HISG.
However, the variable household size had an
insignificant regression coefficient with respect to its
value of p (0.071). Therefore another model (equation
3) was tested without the predictor variable household
size to predict HSW generation in HISG. The results of
multiple linear regression in equations 2 and 3 yielded
significant regression equations with R? adjusted of
0.973 and 0.972 at 95% confidence level respectively

accounted for 97% of HSW generation in HISG and
therefore can be used to predict HSW generation.

Y=

Replacing values :

equation 2

-54.958 -2.296Xps+ 0.001Xymi + 0.002 Xpymer
F0.597 Xaph-evcvenereeneeneneneenien

Y = -54958 -2.296 (5)+ 0.001 (57555 ) + 0.002
(17509) +0.597 (42)

Y=51.204 Kgs

Y= -47.965  +0.001XH+  0.002Hmef
+0.553Xahh...................... equation 3

Replacing values:

indicating that the predictor variables selected Y =-47.965 +0.001(5) + 0.002 (17509) +0.553 (42)
Y=67.834Kgs
Table 6: Multiple linear regression models, predicted and actual HSW generation in Kgs in the HISG

Model R? R”adjusted | Predicted HSW | Actual HSW
generation  in | generation in Kgs
Kgs

Linear model with four predictor variables 0.975 0.973 51.2 54

Y= -54.958 -2.296Xys+ 0.001X, + 0.002

Xiimer +0.597 Xann

Linear model with three predictor variables 0.973 0.972 67.8 54

Y= -47.965 +0.001XH+ 0.002Hmef

+0.553Xahh

The actual (weighed) value of HSW generation
in the HISG was 54Kgs. According to equations 2 and 3
the predicted value of monthly HSW generation per
household was 51.204 Kgs and 67.834 Kgs
respectively (Table 6). Therefore, the model in equation
2 is the best suited model to predict the amount of HSW
generated in HISG in urban estates in Kisumu city since
the predicted value (51.204Kgs) is closer to the actual
value (54Kgs).

In equation 4, a multiple linear regression

model with four predictor variables (household size,
household monthly income, household monthly
expenditure on food and age of the household head)
were used to predict HSW generation in the MISG.
However, the variable age of the household head had
an insignificant regression coefficient with respect to its
value of p (0.162). Therefore another model (equation
5) was tested without the predictor variable age of the
household head to predict HSW generation in the
MISG. The results of multiple linear regression in
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equations 4 and 5 vyielded significant regression
equations with R? adjusted of 0.984 at 95% confidence
level indicating that the predictor variables selected
accounted for 98% of HSW generation in MISG and
therefore can be used to predict HSW generation.

Y= -2.924+2.305Xps+ 0.00002032Xymi + 0.001 Xiymet
+0.090 Xapheeeeveeenveennnennnn equation 2
Replacing values :

Y =-2.924+ (5)+ 2.305 (17333) + 0.00002032 (15102)

+0.090 (36)

Y=27.3Kgs
Y=-1.176+2.483XH,+0.00002005H
+0.001H e v e equation 3

Replacing values:

Y = -1176+2.483(55) +
+0.001(15102)

Y= 26.7Kgs

0.00002005(17333)

Table 7: Multiple linear regression models, predicted and actual HSW generation in Kgs in the MISG

Model R? R adjusted | Predicted HSW | Actual HSW
generation in Kgs | generation in Kgs

Linear model with four predictor variables 0.984 0.984 27.3 36

Y= -2.924+2.305Xus+ 0.00002032Xmi

+0.001 Xiymes +0.090 Xann

Linear model with three predictor variables | 0.984 0.984 26.7 36

Y=-1.176+2.483XH;+0.00002005H ;

+0.001H e

The actual (weighed) value of HSW generation
in the MISG was 36Kgs. According to equations 4 and
5 the predicted value of monthly HSW generation per
household was 27.3Kgs and 26.7Kgs respectively
(Table 7).

In equation 6, a multiple linear regression
model with four predictor variables (household size,
household monthly income, household monthly
expenditure on food and age of the household head)
were used to predict HSW generation in the LISG.
However, the variable age of the household head had an
insignificant regression coefficient with respect to its
value of p (0.112). Therefore another model (equation
7) was tested without the predictor variable age of the
household head to predict HSW generation in the LISG.
The results of multiple linear regression in equations 6
and 7 yielded significant regression equations with R?

adjusted of 0.975 and 0.973 at 95% confidence level
respectively indicating that the predictor variables
selected accounted for 97% of HSW generation in LISG
and therefore can be used to predict HSW generation.

= 4.17+1.161Xp+ 0.002Xymi + 0.001Xmee +0.091
Xahheee-- ---...€quation 6

Replacing values :
Y = 4.17+1.161 (5) + 0.002 (15130) + 0.001(8314)

+0.091(35)

Y= 34.28Kgs

Y= 5.664  +1.266XHs+  0.002H,; -
0.001X mefevveeneeennneinnnnns equation 7

Replacing values:
Y =5.664 +1.266(5) + 0.002 (15130) - 0.001(8314)
Y= 35.423Kgs

Table 8: Multiple linear regression models, predicted and actual HSW generation in Kgs in the LISG

Model R R® | Predicted HSW | Actual HSW

adjusted | generation in Kgs | generation in Kgs

Linear model with four predictor variables 0.976 0.975 34.28 315
Y= 4.17+1.161 X+ 0.002Xymi + 0.001X et
+0.091 Xaph

Linear model with three predictor variables 0.974 0.973 35.42 315
Y= 5.664 +1.266XHg+ 0.002H; -0.001X et

The actual observed value of HSW generation DISCUSSIONS

in the LISG was 31.5Kgs (Table 8). According to
equations 6 and 7 the predicted value of monthly HSW
generation per household was 34.28 Kgs and
35.423Kgs respectively (Table 8). Therefore, both the
models in equations 6 and 7 are best suited to predict
the amount of HSW generated in LISG in urban estates
in Kisumu city since the predicted values and the actual
value are very close.

In his study, [18] established that the variables
age and education level had non-significant regression
coefficients indicating that these two variables did not
explain the variability in per capita waste generation.
They further proposed that the proposed model using
the variables household income and household size may
be applied to explain the multiple linear regression to
predict the generation of residential solid waste
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established that education level, income per household
and household size were the best predictors for per
capita production of residential solid waste per day
since the predictor variables could explain 51% of per
capita production of residential solid waste. However,
in previous studies using multiple linear regression to
model household solid waste components R’
coefficients between 0.26 and 0.57 have been reported
[18]. [1] developed a predictive model for waste
generation rates in Malaysia based on selected
demographic variables and the results yielded a high
significant regression with r* of 0.63 indicating that the
selected variables were good predictors of HSW
generation. Results from equations , 3 and 4 are useful
because HSW generation data was collected at the
source of generation unlike previous studies. Similarly,
results from equations 2, 3, 4, 5, 6 and 7 have provided
reliable data since results were presented per socio-
economic group unlike previous studies where results
have always been lumped together. Similarly, these
results are accurate since HSW generation data was
collected from the point of generation which is
households as opposed to previous studies where data
has majorly been collected from disposal points,
material recovery facilities and solid waste transfer
stations.

CONCLUSION

This study concluded that household monthly
income, household size, household monthly expenditure
on food and age of the household head are good
predictors of monthly HSW generation across high,
middle and low income socio-economic groups. The
predictive models developed clearly indicate that they
are suitable for prediction of HSW generation since
they could explain over 90% of HSW generation. The
models predicting solid waste generation are useful
analytic tools in the design of solid waste management
programs. The analyses of socio-economic and
demographic data influencing HSW generation
therefore enables accurate prediction of their quantities
and useful for planning and adoption of adequate HSW
management measures. The models also show that
predictive models based on socio-economic and
demographic characteristics can generate accurate data
for prediction of the amount of waste generation in
future.
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