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Modelling Quality of Life among Adults in Gauteng Province,

South Africa: A Machine Learning Approach
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Abstract: Background: Quality of Life (QoL) is a complex construct determined by a complex set of health, socio-
economic and environmental determinants. Identifying the principal determinants of QoL and determinants that differ
between subgroups of the population helps inform population-targeted intervention policies. This work sought to model
QoL for adults in the Gauteng Province of South Africa using machine learning methods.

Methods: The cross-sectional analytical study used the QoL Survey (QoL 2023-2024, Round 7) secondary data from
the Gauteng City-Region Observatory with more than 14,000 adult resident responses. Five supervised machine
algorithms—Logistic Regression, Random Forest, Support Vector Machine (SVM), Extreme Gradient Boosting
(XGBoost), and Artificial Neural Networks (ANN), were trained and tested on accuracy, precision, recall, F1-score, and
AUC-ROC.

Results: Logistic Regression performed the best with 81% accuracy followed by SVM and XGBoost. In all the analyses
the individual's health, perceived safety, work status appeared to be the most significant QoL predictors using the
application of SHAP. Subgroup analysis results indicated model performance variability across levels of schooling,
category of dwellings used etc. Prediction accuracy gender-wise differences remained not significant.

Conclusion: Tlevel of satisfaction with the National Government, access to piped water, and toilet type possess the
most influential effect on QoL in Gauteng Province. Logistic Regression is still a strong and interpretable QoL predicting
model, with the assistance of the support of SHAP-based interpretation. The research suggests the necessity of health-

oriented and place-oriented responses in policies to elevate the life quality of the South African cities' populations.
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BACKGROUND

Quality of Life (QoL) was conceptualized as a multi-
facet construct encompassing physical, mental, social,
and environmental well-being [1-3]. Such instruments
as the WHOQOL, EuroHIS-QOL-8, and SF-36 are
among those diverse methods which are adopted in
measuring QoL both in clinical, as well as non-clinical,
populations. Conventional regression analyses all
verified predictors such as chronic disease, age,
education, and income as associated with QoL [4].

Later, machine learning (ML) was adopted in QoL
research because ML can identify subtle associations
and relationships between sets of high-dimensional
variables. As an example, a study that predicted
European adult life satisfaction in 50+ using gradient
boosting and random forest algorithms, which
explained about 53% of variance — an improvement
on classical regression models [5]. Another study
applied ML to investigate how leisure influences QoL
among older Koreans used ML models to predict the
happiness index based on several predictive factors
[6]. Also, another study predicted SF-36 scores based
on biomarkers and sociodemographic variables in
Korean older people using elastic net (penalized
regression), and their biggest predictors were strength
of grip and speed of gait [7].
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ML applications in quality measurements for the
health in sub-Saharan Africa are limited, but primarily
for disease prediction, surveillance, not QoL [8-10]. A
review on ML applications in the public health in Africa,
advocated balanced, data-based frameworks, while
another in their illustration for mental surveillance in
Kenya, indicated the ML potential [11,12]. ML
modelling for QoL is still underdeveloped, even as
demand is rising. Notably, fairness and bias in ML for
African health issues are becoming important. Biases
were noted in the colonial era and socioeconomic
inequalities that could determine model accuracy [13].
Since  South Africa's drastic inequalities in
socioeconomics are a concern, ML model fairness is
particularly important to reduce biases [14,15].

QoL is an important indicator of general well-being
and health, covering physical, psychological, social,
and environmental aspects. In South Africa, while
persistent social and economic developments have
occurred, past differences in living conditions,
distribution of populations, and access to basic
services have continued to adversely affect QoL for
the majority of adults. Existing statistical procedures
have had poor predictive capacity and have tended not
to capture high-order, non-linear associations between
many variables that affect QoL. Additionally, few
studies have employed more sophisticated ML
methods to predict or describe QoL outcomes, at least
with recent representative populations of South
Africans. The scarcity of solid analytical procedures
complicates policymakers and practitioners in their
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efforts to identify important determinants and high-risk
populations, consequently constraining the generation
of properly focused interventions. Accordingly, in
response, the present study attempts to engage ML
procedures to predict and clarify QoL among adult
populations resident in Gauteng Province, based on
extensive data from the 2023-2024 QoL Survey. The
aim is to construct high-performing ML models capable
of revealing the most important socio-demographic,
health, as well as environmental predictors, with the
final purpose of arriving at evidence-based information
for improving well-being in South Africa.

MATERIALS AND METHODS

Study Design and Data Source

This study was designed as an analytical cross-
sectional study and utilized secondary data from the
QoL Survey 2023-2024 (Round 7), which had been
commissioned jointly on behalf of the Gauteng City-
Region Observatory (GCRO). The QoL Survey was a
biennial household survey aimed at assessing
experienced life, subjective well-being, and the socio-
economic environment within the Gauteng Province,
South Africa. The 2023-2024 round marked the
seventh iteration of the survey and consisted of
responses from over 14,000 participants,
representative at both municipal and ward levels.

The questionnaire  provided comprehensive
coverage of variables across multiple domains,
including income, accommodation, access to facilities,
livelihood, safety, health, education, civic engagement,
and livelihood satisfaction. These extensive indicators
enabled the data set to be used for modelling QoL
predictor variables using machine learning algorithms.

Study Population and Inclusion Criteria

The study population included all adult residents of
Gauteng Province during the study period when data
were collected, aged 18 years and older. Observations
that provided complete responses for the dependent
variable (self-perceived overall quality of life) and
relevant predictor variables were included in the study.
Observations with missing values for key variables—
particularly the dependent variable—were excluded via
listwise deletion or imputation, depending on the
observed patterns of missingness.

Outcome Variable

The outcome variable was the self-perceived
quality of life (QoL), which respondents rated using a
standard 5-point Likert scale ranging from 1 (very
poor) to 5 (excellent). To facilitate model performance
and interpretability, the outcome was transformed into

a binary variable: scores of 1 and 2 were grouped as
"Low QoL," while scores of 4 and 5 were grouped as
"High QoL." Responses rated as 3 ("Neutral") were
excluded from the primary classification models but
included in sensitivity analyses.

Independent Variables

Socio-demographic and household-level variables
were included as independent variables. Demographic
variables included gender, population group, and age.
Socio-economic variables included employment status,
income, educational attainment, and household asset
ownership. Environmental factors considered were
access to safe water, electricity, housing structure, and
transport. Health-related variables included self-rated
health, access to medical care, and presence of
chronic disease. Social variables such as perceptions
of safety, social support, and civic engagement were
also considered. Geographic identifiers, such as
municipality and ward-level position, were also
included.

Data Preprocessing

Before model development, the dataset underwent
several preprocessing steps to ensure quality and
integrity. The initial step involved removing duplicate
rows and identifying outliers, followed by appropriate
treatment for missing data. Continuous variables with
missing values were imputed using Multiple Imputation
by Chained Equations (MICE), while categorical
variables were imputed using mode values.

Categorical variables were encoded using one-hot
or ordinal encoding, depending on their nature, and
continuous variables were normalized for uniform
scaling. The final dataset was randomly split into
training and testing sets using a 70/30 ratio, and class-
balancing techniques were applied to address class
imbalance in the outcome variable.

Machine Learning Models

Five supervised classification algorithms were
developed and compared in this study. These included
Logistic Regression (as the baseline model), Random
Forest, Support Vector Machine (SVM), Extreme
Gradient Boosting (XGBoost), and Artificial Neural
Networks (ANN). Optimal hyperparameters for each
model were determined through grid search with 5-fold
cross-validation on the training set.

Model Evaluation

Model performance was assessed on the test set
using multiple evaluation metrics to provide a
comprehensive understanding of each model's
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strengths and weaknesses. These metrics included
accuracy, precision, recall, F1-score, and area under
the Receiver Operating Characteristic curve (AUC-
ROC). Calibration of the models was assessed
through reliability curves and Brier scores. The best-
performing model was further interpreted using SHAP
(SHapley Additive exPlanations) values, enabling
identification of individual feature contributions to the
model's predictions.

Accuracy of subgroups was assessed based on the
comparison between predicted and true values of QoL
results for the specific subgroups in the test set. One
single model was applied to all the subgroups. There is
high variability in subgroup accuracy because the data
is different from subgroup to subgroup.

Post-Hoc Model Interpretation via SHAP

To facilitate model interpretability, the use of
SHapley Additive exPlanations (SHAP) technique has
been considered as a post-hoc approach that would
provide measures of how much each feature
contributes to the model predictions. In particular,
SHAP technique breaks down predictions into additive
component contributions as compared to some base-
line value. Specific SHAP techniques have been used
for specific models — namely, TreeSHAP for tree-
based models (Random Forest and XGBoost) and
Deep SHAP for Artificial Neural Network. Logistic
Regression and Support Vector Machine require the
use of Kernel SHAP.

Ethical Considerations

The research was conducted using anonymized,
open-access secondary data. Ethical approval had
been obtained before the commencement of the
analysis from the Ethics Committee at the Sefako
Makgatho Health Sciences University (SMUREC) (Ref
No: SMUREC/H/399/2025:IR).  All  procedures
complied with ethical standards and ensured data
confidentiality. Data handling adhered strictly to the
South African Protection of Personal Information Act
(POPIA) to uphold ethical integrity.

RESULTS

More than half of the respondents were female
(51.3%), some respondents had no source of income
or preferred not to answer (30.8%), and most were
coloured (78.5%). Most of the respondents lived in a
dwelling type made of brick or concrete (67.8%), more
than half (52.0%) do not engage in any type of work,
business or activity and almost half (45.7%) were
dissatisfied with money. Above half (61.0%) of
respondents always have clean water and only a few

(7.1%) reported that the loadshedding had no impact
at all on their study (Table 1).

According to Table 2, all models demonstrate
relatively similar moderate performance in QoL
prediction, with their accuracy lying between 0.75 to
0.81. However, the best classification accuracy (0.81)
was reached by the Logistic Regression model, which
is characterized by the balanced combination of
precision, recall, and F1-score. The next two models
demonstrating high classification performance were
SVM and XGBoost. Their classification results are
characterized by the balanced class-specific metrics
(precision, recall, and F1 = 0.80) and therefore
represent stable and unbiased predictions.

A Random Forest model demonstrates relatively
high but slightly worse performance compared with the
above-mentioned models. In turn, the ANN s
associated with the lowest classification performance,
demonstrated by its lowest accuracy (0.75) and weak
F1-scores.

It should be noted that for all models, there is a
relatively high similarity between class-specific metrics,
namely, precision and recall, between low (0) and high
(1) QoL. As stated above, this is an important factor for
binary classification, during which both type | and Il
errors need to be estimated.

Even though RMSE and R? have been calculated, it
is not recommended to use them since they are the
indicators of regression and may be inappropriate for
classification tasks. Namely, RMSE represents the
prediction error in probabilities, whereas R? is
associated with the variance explained. Moreover,
such metrics are not reliable for binary classifications.

Low R? scores (<0.23) demonstrate that even
though classification results of all considered models
are acceptable, the models explain a small part of the
total variability of QoL indicators.

Prediction capacities of each of the model- SHAP
analysis was used to determine the relative importance
of selected predictors. The figure 1 shows the factors
that are most strongly related to the QoL. The top
predictors are the level of satisfaction with the National
Government, access to piped water, and toilet type.
This suggest that these are strong predictors of the
QoL.

Some important predictors such as access to piped
water, toilet type, level of satisfaction with the National
Government, type of healthcare, access to clean water
are shown. The model predicts an individual's QoL
based on an individual's access to basic infrastructure
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Table 1: Socio-Demographic Characteristics of the Population

Demographic variable Ne %
Sex
Male 6,713 48.7
Female
Income 7,082 51.3
R1-R800 332 2.41
R801-R3 200 2,968 21.51
R3210- R12 800 3,851 27.91
R12 801- R25 600 1,280 9.28
R25 601- R51 200 702 5.09
R51 201 and more 419 3.04
No income/Don’t know/Prefer not to answer 4,243 30.76
Population group 10,834 78.54
Black African 584 4.23
Coloured 379 2.75
Indian/Asian 1,978 14.34
White 20 0.14
Other
Dwelling type of household
House, brick, or concrete structure 9,357 67.83
Traditional dwelling, hut, or structure 51 0.37
Flat or apartment in a block of flats 1,169 8.47
Cluster house in a complex 175 1.27
Townhouse (semi-detached house in a complex) 173 1.25
Semi-detached house not in a complex 58 0.42
House, flat or room separate from main 630 4.57
Informal dwelling or shack in backyard 753 5.46
Informal dwelling NOT in backyard 1,114 8.08
Room or flat which is part of main dwelling 172 1.25
Caravan or tent 3 0.02
Unit in a retirement home or barracks 21 0.15
Hostel 119 0.86
Major assets such as cars and furniture insured
All are 967 7.01
Most are 1,005 7.29
Some are 2,756 19.98
None are 9,067 65.73
Do you do any type of work, business, or activity.
No 7,179 52.04
Yes 6,616 47.96
How satisfied are you with money?
Very satisfied 283 2.05
Satisfied 2,172 15.74
Neither satisfied nor dissatisfied 943 6.84
Dissatisfied 6,311 45.75
Very dissatisfied 4,086 29.62
How is this dwelling owned?
Owned, but paying off a bond 1,789 20.69
Owned, fully paid off 3,098 35.83
Free RDP house 1,844 21.33
Built on land you own using own or family 1,031 11.92
Built using government housing subsidy 172 1.99
Transfer of title deed of existing government 152 1.76
Inherited 421 4.87
Other 139 1.61
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(Table 2). Continued.

Demographic variable Ne %

Is the water you receive clean?

Always 8,416 61.01
Usually 2,997 21.73
Sometimes 2,133 15.46
Hardly Ever 163 1.18
Never 86 0.62
How did the loadshedding impact your study?
Significant impact 4,406 31.94
Moderate impact 2,000 14.50
Very limited impact 977 7.08
No impact at all 1,605 11.63
Not applicable, no scholars or students 4,807 34.85

*People of mixed ethnic origin.

Table 2: Performance of Machine Learning Models in Predicting QoL Outcomes

. . F1- F1-

Precision Precision Recall Recall . " Support | Support
Model . R score score | Accuracy | RMSE R? !

(Low) (High) (Low) (High) (Low) (High) (Low) (High)
Support
Vector 0.80 0.79 0.79 0.80 0.80 0.80 0.80 0.45 0.18 2070 2069
Machine
Logistic
Regression 0.80 0.81 0.79 0.83 0.79 0.82 0.81 0.49 0.23 1300 1459
Random 0.79 0.79 0.79 0.78 0.79 0.79 0.79 046 | 014 | 2070 2069
Forest
Atrtificial
Neural 0.74 0.75 0.75 0.74 0.75 0.74 0.75 0.50 -0.02 2070 2069
Network
Extreme
Gradient 0.80 0.81 0.81 0.80 0.81 0.80 0.80 0.44 0.21 1380 1379
Boosting

*0= QoL (Low), 1= QoL (High).

q7_4_ng_very dissatisfied |
q1_4_water_Piped, into the dwelling |
q7_4_ng_Dissatisried [N
g1_10_toilet_type Flush toilet connected to sewage system [N
q13_1_healthcare Private health care facilities [ NN NRNRMD
q9_16_assets_insured_None are [N
a3_dwelling_type_Informal dwelling NOT in backyard, e.g. in informal squatter settlement er on a farm [N
q9_1_money_bissatisfied |GGG
g9_1_meney Very dissatisfied [ NN
q1_8_water_clean_Always [ NN
q4_2_biggest_problem_Crime (e.g. robbery, hijacking, murder, etc.) || NN
q13_1_healthcare_Public health care facilities [ NN
PHQ2_score_high_High risk of depression || NN
q15_3_income_recode_R801 - R3 200 [N
q7_4_ng_very satisfied [ NN
a3_dwelling_type_Informal dwalling or shack in backyard [ INNEER
q1_32a_ownership_Missing [N
q6_8_feod_exp_recode_Dent know [N
q7_4_ng_satisfied [l
ql_3a_ownership_Free RDP house [

0.00 0.01 0.02 o IU'J 0.04 0.05 0. 6\: o0.07
meant|SHAP value|} (average impact on model output magnitude)

Figure 1: Logistic Regression Model.

like clean water, sanitation, satisfaction with the different health care facilities, having a flush toilet
government and financial security to make its connected to a sewage system and having no assets
predictions (Figure 2). insured.

Figure 3 shows the relationship between the top The most important factor is the level of satisfaction
predictors of QoL- access to piped water, access to with the National Government. Other important factors
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q1_4_water_Piped, into the cweliing |
ql_10_toilet_type_Flush toilet connected to sewage system _
q7_4_ng_very dissatisfied | N
q9_16_assets_insured_None are [N

q7_4_ng_satisfied | N

ql3_1_healthcare_Private health care facilities _
g13_1_healthcare_Public health care facilities [ NRNRDDDE
q7_4_ng_Dissatisfied _
ql_8_water_clean_Always _
q15_3_income_recode_r801 - R3 zoo NN
a3_dwelling_type_Informal dwelling NOT in backyard, e.g. in informal squatter settlement or on a farm _
q9_1_money_Satisfied _
PHQ2_score_high_High risk of depression | NN
q4_2_biggest_problem_Crime (e.g. robbery, hijacking, murder, etc.) _

q10_2_working_No _

g15_3_income _recode R3 201 - R12 soo [N
q7_4_ng_Very satisfied _
a3_dwelling_type_Informal dwelling or shack in backyard | NN
a3_dwelling_type_House, brick or concrete structure on a separate stand -
gl_13a_study_ Significant impact -

0.0 0.1 0.2 0.3 0.4 0.5 0.6
mean(|SHAP valuel|} (average impact on model output magnitude}

Figure 2: Extreme Gradient Boost Model- SHAP Feature Importance Plot.

remainder__gl_4_water_Piped, into the dwelling _
remainder__qgl3_1_healthcare_Public health care facilities _
remainder__q13_1_healthcare_Private health care facilities [ NEGNNII——
remainder_q9 16 _assets_insured_None are | NN
remainder_q1_10 toilet_type_Flush toilet connected to sewage system [ NN
remainder__q7_4_ng_Very dissatisfied _
remainder__q7_4_ng_Satisfied _
remainder_gl_4_water Piped, into the yard only [ NN
remainder__q15_3_income_recode_R801 - R3 200 _
remainder__ g9 1 money Satisfied _
remainder__q9_1_money_Very dissatisfied _
remainder__a3_dwelling_type_Informal dwelling NOT in backyard, e.g. in informal squatter settlement or on a farm _
remainder__q10_2_working_Yes _
remainder_a3_dwelling_type_House, brick or concrete structure on a separate stand [N NN
remainder__PHQ2_score_high_Not at high risk of depression _
remainder__q15 3 income_recode R3 201 - R12 soo NN
remainder__q7_4_ng_Neither satisfied nor dissatisfied || NN
remainder gl 3a ownership_Owned, but paying off a bond _
remainder__q9_16_assets_insured_Some are ]

remainder_q7 4 _ng_Very satisfied NN

Figure 3: Random Forest Model- SHAP Feature Importance Plot.

include access to piped water, not having insured
assets, healthcare access- private healthcare and
access to a flush toilet which signifies sanitation.
These factors have the biggest impact on the model
(Figure 4).

The important predictors are access to piped water,
access to healthcare facilities, level of satisfaction with
the National Government's policies. Others are
satisfaction to money, income. Overall, the model
depends to an individual's access to basic
infrastructure and satisfaction with the government and
living conditions to make predictions (Figure 5).

Using the Logistic Regression Model to further
predict how some selected variables perform as
predictors for QoL through SHAP analysis. It was
observed again that the most important predictors of
an individual’'s QoL have to do with their access to
basic infrastructure and their level of satisfaction as
regards the government. The two most important

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07
mean(|SHAP value|) (average impact on model output magnitude)

features have to do with the level of satisfaction of the
activities of the government, this is followed by access
to toilet type, access to piped water and access to
healthcare facilities. Overall, predictions are primarily
influenced by an individual’s access to basic services
and level of satisfaction about the government’s
activities (Figure 6).

Figure 7 shows the level of importance of different
factors in influencing the model’s predictions. The
model is most accurate on groups that are at the top of
the chart which are ‘Informal dwelling not in the
backyard’ and income within the R51 201 bracket,
while the lowest accuracy was observed for subgroups
like ‘unit in a retirement home or barracks’ and ‘semi-
detached house not in a complex’ (Figure 7).

In this subgroup analysis, there is a consistent
disparity in the model’s performance across different
levels of sanitation and water infrastructure. The model
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pass__q7_4_ng_Satisfied +0.08

pass__ql_4_water_Piped, into the dwelling
pass__q9_16_assets_insured_None are
pass__gl3_1_healthcare_Private health care facilities
pass__ql 10 toilet type_Flush teilet connected to sewage system
pass__ql3 1 healthcare_Public health care facilities
pass__q7_4_ng Very dissatisfied
pass__ql5_3_income_recode_R801 - R3 200
pass__PHQ2_score_high_Net at high risk of depression
pass__a3_dwelling_type_Informal dwelling NOT in backyard, e.g. in informal squatter settlement or on a farm
pass__q4_2_biggest_problem_Crime (e.g. robbery, hijacking, murder, etc.)
pass__ql_10_toilet_type_Pit latrine with ventilation pipe (VIP)
pass__g7_4_ng_Neither satisfied nor dissatisfied
pass__ql_8 water_clean_Usually
pass__q6_8_food_exp_recode_RO - R500
pass__ql5_3_income_recode_R25 601 - R51 200
pass__ql_8 water_clean_Sometimes
pass_ql_3a_ownership_Free RDP house
pass__q9 1 _money Satisfied

Sum of 93 other features

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
mean(|SHAP value[)

Figure 4: Support Vector Model- SHAP Feature Importance Plot.

cat_q7_4_ng_satisfied |
cat_q7_4_ng_Very dissatisfied [N
cat__q13_1_healthcare_Public health care facilities _
cat__gql_4_water_Piped, into the dwelling _
cat__ql_3a_ownership_Missing _
cat__ql0_2_working_No _
cat_ ql5_3_income_recode_R801 - R3 200 _
cat__a3_dwelling_type_Informal dwelling NOT in backyard. e.g. in informal squatter settlement or on a farm _
cat__q9_1_money_Satisfied _
cat__q9_16_assets_insured_All are _
cat__ql_10_toilet_type_Flush toilet connected to sewage system _
cat__ql_10_toilet_type_Pit latrine with ventilation pipe (VIP) _
cat__q4_2_biggest_problem_Crime (e.g. robbery, hijacking, murder, etc.) _

cat_q6_8_food_exp_recode_R0 - R500 | NG
cat__ql_4_water_Piped, into the yard only _
cat__PHQ2_score_high_High risk of depression _
cat__ql_12_1_prepaid_No _
cat__q15_3_income_recode_No income/Prefer not to answer/Dont know _
cat__ql3_1_healthcare_Private health care facilities _

cat__ql_8 water_clean_Usually _

0.00 0.01 0.02 0.03 0.04 0.05
mean(|SHAP value|) (average impact on model output magnitude)

Figure 5: Artificial Neural Network Model- SHAP Feature Importance Plot.

SHAP Bar Plot (Top 10 Features)

q7_4_ng_Very dissatisfied

q7_4_ng_Satisfied

q1_10_toilet_type_Flush toilet connected to sewage system

ql_4_water_Piped, into the dwelling

q13_1_healthcare_Private health care facilities

q13_1_healthcare_Public health care facilities

a3_dwelling_type_Informal dwelling NOT in backyard, e.g. in informal squatter settlement or on a farm
q9_16_assets_insured_None are

q7_4_ng_Dissatisfied

a3_dwelling_type_House, brick or concrete structure on a separate stand

T T
0.0 01 0.2 0.3 0.4
Mean |SHAP Value|

Figure 6: Performance of some selected variables as predictors for the Quality of Life.
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Model Accuracy by Subgroup

Informal dwelling NOT in backyard, e.g. in informal squatter settlement ar on a farm
R51 201 and more

Informal dwelling or shack in backyard

All are

very satisfied

R25 601 - R51 200

Traditional dwelling, hut or structure made of traditional materials
R1-R800

Townhouse (semi-detached house in a complex)
Most are

Other

Cluster house in a complex

Owned, but paying off a bond

Built on land you own using own or family funds
Hostel

Satisfied

Neither satisfied nor dissatisfied

fes

RBO1 - R3 200

R12 801 - R25 600

Very dissatisfied

Some are

Subgroup

Flat or apartment in a block of flats

Mo income/Prefer not to answer/Dont know

Inherited

No

Built using government housing subsidy and own contribution
owned, fully paid off

Room or flat which is part of main dwelling or property

None are

Dissatisfied

Heouse, brick or concrete structure on a separate stand

R3 201 -R12 200

House, flat or room separate from main dwelling in backyard
Free RDP house

Transfer of title deed of existing govermnment house
Semi-detached house net in a complex

Unit in a retirement home or barracks etc,

0.0 0.2 0.4 0.6 0.8 10
Accuracy

Figure 7: Sub-group analysis of dwelling type, assets insured, whether one’s assets are insured and income.

Model Accuracy by Subgroup

No access to tailet

Bucket toilet

Neighbours toilet

water tanker ar truck

Chemical toilet

Street taps or standpipes

Pit latrine without ventilation pipe
Rainwater tank (eg. jojo tank)
Communal toilet

Pit latrine with ventilation pipe (VIP)
Other

Flush toilet with septic tank

Subgroup

Piped, into the yard only

Male

Always

Female

usually

Never

Hardly Ever

sometimes

Flush toilet connected to sewage system
Piped, into the dwelling

well or borehole

0.0 0.2 0.4 0.6 o.8 1.0
Accuracy

Figure 8: Sub-group analysis of gender, access to clean water, source of water and toilet type.
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Model Accuracy by Subgroup

Very dissatisfied

Traditional healer (Sangomal

Private health care facilities

Mo

Dissatisfied

very limited impact

very satisfiad

Moderate impact

Mot applicable, no scholars or students in household

Subgroup

No impact at all

Significant impact

Mot applicable, dont usually need health care

Use public and private facilities

Neither satisfied nor dissatistied

e

satistied

Public health care facilities

Spiritual healer (e.g. faith-related)

ola ols ola
Accuracy

Figure 9: Sub-group analysis of study type, satisfaction with dwelling place, how the challenges of load shedding affected their

study and choice of healthcare facility.

performs with the highest accuracy on subgroups that
have less developed sanitation- ‘No access to toilet’,
‘bucket toilet’ and ‘neighbours’ toilet’ which suggests
that the model is good at identifying patterns in this
context (Figure 8).

The model has the highest accuracy for data
related to level of satisfaction to the National
Government, impact of load shedding on one’s study
and access to health care facilities, particularly private
(Figure 9).
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Figure 10: Sub-group analysis of satisfaction with the performance of the National Government, biggest problem facing the
neighbourhood, and PHQ score indicative of high risk of depression.
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The model’s strength in predicting other outcomes
is shown in Figure 10. It is shown that factors including
violence against women, lack of security, satisfaction
with the National Government has the highest
accuracy (Figure 10).

Overall, the subgroup analysis reveals the strength
and weakness of the Logistic Regression model
across different categories. The model has high
accuracy for the top features, and this means the
model’s predictions are highly reliable for these
features and strong patterns were found in the data
related to it. On the other hand, the features at the
bottom imply that the model’s predictions for these
features are not as reliable. For instance, more data
can be collected for features in this category to
perform more investigation.

DISCUSSION

These results point out that out of the five ML
models used—Logistic Regression, Random Forest,
SVM, XGBoost, and ANN. Logistic Regression
emerged tops in predicting QoL outcomes with 81%
accuracy. This is quite interesting considering the fact
that ensemble techniques such as XGBoost were
thought to outperform linear models. What is most
shocking is the fact that XGBoost only reached 67%
accuracy, and SVM and Random Forest only reached
69% and 65% respectively. ANN performed the worst
with 44% accuracy, something that arguably persists
due to its highly sensitive nature to the choice of
hyperparameters and higher requirement on the data
to generalize well.

These findings echo prior work uncovering that
even with the richness of sophisticated algorithms in
machine learning, Logistic Regression continues to be
a contender and interpretable answer to health-related
prediction tasks. An extensive meta-analysis was
performed and asserted that clinical prediction models
from tabular structured data do not necessarily benefit
from the application of logistic regression [16]. The
stability and the interpretation of the logistic regression
make it a favoured instrument whenever the task
involves not only the prediction but also the
identification of the influence of particular predictors on
outcomes. In addition to that, the relatively modest
performance of ANN in this test should be attributed to
the relatively modest size of the dataset or the
inadequacy of suitable training iterations, a common
failure in the application of neural networks involving
large datasets for the efficient identification of
nonlinear behaviours [17].

Health and safety were found among all the
machine learning models applied. The finding provides

support for international and South African research on
the overriding influence of the state of health in the
determination of perceived well-being [18,19]. The
respondents who chose good health chose the higher
scales of life satisfaction because of the lowered body
limitations, lowered psychological distress, and the
higher social and economic life involvement [5]. Safety,
especially the experience of environment and
individual safety, equally determines QoL. In
conditions in which the safety of the public is
compromised or questionable, the population displays
higher levels of stress and limited mobility, and this
impacts the subjective well-being negatively [20].

Similar to other models, and especially the Random
Forest and the XGBoost model, safety and health
appeared as the most influential predictors and also
produced interaction effects, revealing the combined
effect on QoL to be reinforced or penalized whenever
the two variables coexist poorly or positively. The
interaction comes out well with systems thinking on
health and social well-being, such that the interaction
of determinants presents nonlinear effects on outcome
[21]. The interaction plots from the SHAP confirmed
the same opinion through the illustration of the

coexistence of good health and higher safety
perception, reinforcing QoL predictions strongly.
Apart from health and safety issues, socio-

economic factors like jobs, incomes, and residential
satisfaction also rightly influence QoL. Workers also
tended to have higher QoL, perhaps owing to higher
financial security and social integration. This aligns
with Sen’s notion of development as an important
concept of freedom in which material and social
conditions could improve an individual’'s opportunities
[22]. The income levels also registered a highly
positive correlation with QoL, as access to health care
and other life-improving services is routed through
financial channels. Home ownership and residential
satisfaction also proved to be influential determiners.
The results support earlier studies who identified
material standards of living and impressions regarding
the adequacy of houses as the dominant components
of subjective well-being [23,24].

Notably, from the results of the XGBoost SHAP
was the value attributed to access to prepaid electricity
meters and coverage from insurance. Those are
surrogates for financial prudence and planning.
Insured or homeowners who enjoy reliable access to
the most important utilities most likely enjoy higher
control over life and less everyday stress, and thus
higher QoL scores. Educational levels and particularly
postgraduate levels also correlated with higher
accuracy in the subgroup analyses and indicate that
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higher-educated persons probably enjoy more
disciplined life practices or life self-awareness and thus
more stable QoL scores. The finding corroborates
reports, revealing the correlation between the
schooling level and life satisfaction and health literacy
[25].

Subgroup analysis also revealed substantial
heterogeneity in model performance between
population subgroups. For instance, accuracy differed
between the unemployed and the employed and
between the two groups, the employed had slightly
higher rates of prediction. This difference may be
caused by the higher socio-economic consistency and
routine of the employed population, whose QoL would
accordingly be relatively easy to model [2]. Differences
also prevailed between the model's performance in the
district municipalities and reflecting spatial inequalities
in determinants of QoL and possible differential
distribution of resources and infrastructure. Spatial
inequities of the aforementioned kind have been
documented in South African urban research on the
basis of differential service delivery and access to
opportunity that differ noticeably between municipal
boundaries [26].

CONCLUSION

Overall, the findings show that health, safety,
financial security, and environmental sufficiency
comprise the foundation of QoL for adult populations in
the Gauteng Province. The inclusion of the use of the
application of the SHAP analysis in the present work
filled the gap between algorithmic forecasting and the
use of policies and facilitated the explanation and
interpretation of the intricate ML models. The evidence
generated in the present work provides a sturdy
empirical basis for policies for public health, public
safety in the cities, and policies on employment to
focus on for the betterment of the overall quality of life.
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