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Abstract
Machine learning has been increasingly used for making informed public policy decisions, however, its application in the area of
social protection in developing societies has been largely overlooked. We have employed unsupervised machine learning K-
means clustering technique for exploring a big data that comprised of 88 attributes and 570 instances for better targeting of
households that are in urgent need of welfare from the government. The clusters formed showed common patterns relating to
insecurities in terms of loss of income and property, unemployment, disasters and disease etc. faced by households in each
cluster.We found that households falling in rural areas jurisdictions face severe insecurities compared to other localities and are in
urgent need of social protection interventions. We concluded that by employing K-means clustering unsupervised machine
learning approach big data (even if it is limited) can be explored effectively for better targeting of social protection interventions
for both developing and smart societies. The unsupervised machine learning technique presented in this study is an efficient
approach because it can be used by societies that are facing data constraints and can achieve optimal results for increasing the
welfare of poor by using the said approach.

Keywords Artificial intelligence . Machine learning . K-means clustering . Big data . Social protection . Smart and developing
societies

1 Introduction

We are in an era of information revolution where data are
produced and stored in every field at an unprecedented rate
[1, 2]. This provides social scientists and policy makers with
an opportunity to build and test theories using these latest data
analysis techniques [3]. By combining social theorywith com-
puter science, we can utilise big data to predict and hopefully
answer major problems faced by different societies [4]. The
use of artificial intelligence (AI), in the area of public policy is
relatively new [5, 6]. One of the AI instruments, which is

becoming widely popular is machine learning (ML), [7]. ML
techniques emerged primarily from computer science and en-
gineering but recently its application in the area of public
policy has increased because of the development of the avail-
ability of data, open-source software and sophisticated ML
data analysis techniques [8]. Social policy is an important area
of public policy which deals with poverty reduction and in-
creasing the welfare of the population [9]. It is aimed at im-
proving the well-being and livelihoods of those who are dis-
advantaged in a society through a range of mechanisms such
as social protection and provisions of health and education
etc.1 [9]. Social policy mechanisms in most high-income
countries are well developed and play a vital role in combat-
ting poverty and are considered an essential tool for economic
development in these countries [10]. However, social policy
outside the developed world is fragmented and governments
in developing countries are faced with fiscal, data and capacity
constraints which are a major impediment to the effective
implementation of social policy instruments such as social
protection [11, 12]. In addition, poor targeting of the people

1 As the purpose of this paper is not to explain the social policy therefore a
very brief explanation is provided here.
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who are in need of welfare and institutional weaknesses is a
major impediment in the successful formulation and imple-
mentation of social protection programmes in developing
countries.

Pakistan is a developing country that has the fifth largest
population in the world. Its GDP per capita in 2018 was USD
1482 in purchasing power terms or 132nd out of 189 countries
and regions. Around 31% of the population are estimated to
live in poverty and its 2018 ranking on the United Nations
Development Programme (UNDP), Human Development
Index is 152 out of 189 countries. While there are a range of
official data sources on living conditions and wellbeing in
Pakistan, many of these are dated representing a major data
constraint. Therefore, for the purpose of this study, a survey of
570 households from 14 different cities in Pakistan was con-
ducted, which shows more in-depth data2 on living conditions
and their relationships to different forms of social protection.
The complexity of this big data collected motivates the use of
the latest data analysis techniques to more comprehensively
explore and target the disadvantage for the provision of wel-
fare. As a result, this article will propose a novel methodology
to explore this large data by using unsupervised machine
learning (UML), K-means clustering technique and argue that
through the application of this technique, better targeting of
the population for social protection interventions can be
achieved that will not only be useful for its formulation but
also assist in overcoming institutional weaknesses in the de-
veloping countries.

The article is structured as follows. First, a review of the
literature showing the application ofML techniques in various
areas of public policy will be presented. Second, based on the
findings from the literature, the lack of the application of ML
techniques in the area of social protection is identified as a
major gap. Thereafter, we will explain that how this paper will
bridge this gap by using UML K-means clustering technique
to explore a survey data followed by a brief explanation of the
concept of social protection. Third, the methodology of survey
data collection used in this article is explained along with
reasons for using UML K-means clustering technique to ex-
plore this survey data. We will then explain UML K means
clustering technique and use this approach to explore the said
survey data. We will also compare the results of K-means
clustering technique with UML DBSCAN (Density-based
spatial clustering of applications with noise) clustering ap-
proach for the purpose of utilising the best results. Fourth,
the results of four clusters formed by using the UML K-
means clustering technique will be explained by using de-
scriptive statistics to show the need and priority of social pro-
tection interventions for the households surveyed. Finally, we
present conclusion and implications of this study for future
research.

2 Use of machine learning in public policy – A
review of the literature

ML algorithms such as decision trees, dimension reduction
methods, K-means nearest neighbour, support vector models,
and penalized regression can be used to improve the effective-
ness of public policies that have significant social and eco-
nomic implications and can go beyond policy management to
have a theoretical impact [13–15]. Several studies indicate that
ML techniques have been used for making informed decisions
in policy areas such as improving health policy, reforming
education sector, improving tax policy and addressing climate
change issues [14]. The advantage of ML methods over tradi-
tional statistical tools is that they provide new approaches to
improve estimation of causal effects, which can reduce the
reliance of these estimates on modelling assumptions and
thereby enhancing the credibility of policy analysis. In addi-
tion, ML places great emphasis on model checking (through
holdout samples and cross-validation) and model shrinkage
(adjusting predictions toward the mean to reduce overfitting)
making it a better approach for policy analysis [16]. In the
succeeding paragraphs, a review of the studies conducted in
the various areas of public policy where ML has been used for
policy analysis will be presented.

Burscher et al. [17] used a ML approach for the automatic
coding of policy issues to apply it on news articles and parlia-
mentary questions and compared it with human annotations.
The results showed that ML algorithms performed better than
human coders and generalizations can be made across con-
texts highlighting implications for methodological advances
and empirical theory testing. Andini et al. [14] argue that
effectiveness of tax rebate scheme in Italy can be improved
by selecting the beneficiaries of the scheme through usingML
algorithms. This use of ML approach for targeting the bene-
ficiaries helped in saving 29.5% (about 2 billion euro) of the
funds earmarked to the scheme. Kasy [18] in his qusai exper-
iment combines optimal taxation and insurance theory with
ML and nonparametric Bayesian decision theory to propose a
framework based on a standard social welfare function by
using a data set of a health insurance experiment. When the
ML algorithms were applied to the dataset, the values obtain-
ed for the optimal policy choice throughMLwere substantial-
ly different from those obtained using the standard statistics
approach. The results obtained through ML algorithms points
toward a large area of potential applications for these methods
in informing policy decisions. Ballestar at al. [7] conducted a
study in the area of higher education for identifying the long-
term effects of research conducted by university researchers
by using six years of program data developed inMadrid. They
design a ML multilevel model: automated nested longitudinal
clustering, to discover on whom, when, and for how long the
policies adopted as a result of the research have an effect.
They argue that the findings of this study are relevant for2 88 attributes were collected against a household.
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government agencies and universities to understand the pro-
ductivity of academics working under long-term incentive-
based programs and for maximizing the generation of knowl-
edge. Chalfin et al. [19] in a similar study used data on teacher
tenure decision to show that large social welfare gains can be
achieved from using ML tools to predict worker productivity.

Kleinberg et al. [15] and Ashrafian and Darzi [20] argue
that ML approach can be utilised for achieving the objectives
and social welfare gains of health policy such as creating the
conditions that ensure good health, social care for an entire
population through preventive strategies, protection from dis-
ease, promotion of healthy lifestyles, and population screen-
ing through knowledge capture. Brady et al. [21] used a large
data set from the US census bureau to compare the perfor-
mance of ML algorithms with manual classification of public
health expenditures to determine, if ML approach could pro-
vide a faster and a cheaper alternative. Compared with manual
classification, the ML algorithms produced more accurate es-
timates showing that ML is a time and cost saving tool for
estimating public health spending in the US that can be used in
public health organizations to evaluate the impact of evidence
based public health resource allocation. Pan et al. [22] in their
study used administrative data for 6457 women collected by
the department of human services, Illinois, for a period of one
year to develop a model for adverse birth prediction and im-
prove upon the existing paper-based risk assessment by using
ML approach. ML algorithms developed and then compared
with paper-based risk assessment for early assessment of ad-
verse birth risk among pregnant women as a means of improv-
ing the allocation of social services. ML algorithms
outperformed the current paper-based risk assessment by up
to 36%. It was estimated that improvements obtained as a
result of ML algorithms will allow 100 to 170 additional
high-risk pregnant women screened for program eligibility
each year to receive services that would have otherwise been
unobtainable which shows potential for machine learning to
move government agencies toward a more data informed ap-
proach to evaluating risk and providing social services.
Benites-Lazaro et al. [23] argue that ML algorithms can be a
very powerful tool to provide a different approach of handling
complex issues such as climate change and energy. Using a
mixed method approach, an unsupervised probabilistic
modelling was combined with discourse analysis to examine
the changes in debates related to ethanol production in Brazil
and its relationship with climate change and food security.
The approach was useful in explaining; the discourse of the
various actors on climate change, ethanol, and food security
issues in Brazil and the narrative of various actors over a
period of ten years. Hino et al. [24] argue that public agencies
aiming to enforce environmental regulation with limited re-
sources can use ML algorithms to achieve their objectives
such as predicting the likelihood of a facility failing a water-
pollution inspection and proposing inspection for high-risk

facilities. Despite all the advantages that ML provides for
informed policy decisions, Athey [8] argue that ML driven
policies may deprive stakeholders of the knowledge about
how and why policies are made, raising issues like transpar-
ency, interpretability, fairness, or discrimination, therefore,
public should be informed of the processes that are undertaken
by public agencies.

3 Finding and gaps in literature

As discussed in the previous section, various studies indicate
the use of ML based approach in different areas of public
policy such as health, education, tax and climate change pol-
icy, for making and improving policy decisions. In addition,
the ML approach has been combined with other interpretative
research techniques such as discourse analysis for a more in-
depth examination of a policy problem. Ballestar at al. [7]
argue that for big data to achieve its full potential in policy
studies, multi-disciplinary approaches are needed that build on
new computational algorithms from theML literature, but also
that bring in the methods and practical learning from decades
of multi- disciplinary research using empirical evidence to
inform policy decisions. Despite the fact that ML techniques
have been applied in various areas of public policy, however,
its application in the area of social protection - a major field of
social policy in developing countries, for the better identifica-
tion and targeting of populations within a country who require
immediate social protection interventions has been largely
overlooked, which presents a major gap in the literature. The
next section of the paper highlights that how this paper will fill
in this gap, by first explaining the concept of social protection
and then proposing a methodology by using UML K-means
clustering technique, to accurately identify populations pres-
ent in various regions of a country, who are in urgent need of
social protection interventions.

4 Social protection and data constraints
in developing countries

Poverty is a social problem and in the absence of active redis-
tributive governmental policies coupled with widely shared
economic growth, it can continue to span over generations
giving rise to serious health, education and other societal prob-
lems [25]. Social policies are a subset of public policies that
includes state actions to protect weakest members of a com-
munity in particular, as well as responding to the social needs
of all the members of a society in general [9, 26]. Social
protection is an important social policy tool that has been
adopted by several developing countries and international do-
nor agencies to combat poverty and increasing the welfare of
the poor [27, 28]. However, developing countries are faced
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with financial constraints, which limits not only their capacity
to fund large-scale social protection programmes but also re-
duces their coverage [12]. In addition, factors such as poor
targeting and lack of data availability remains a major imped-
iment towards the successful implementation of social protec-
tion programmes [29–31]. By applying the latest data analysis
techniques some data constraints can be overcome, which can
lead to the improvements in the well-being of individuals in
developing countries [32].

5 Methodology for data collection
and reasons for using K-means clustering
technique

This article uses a cross sectional survey dataset collected as
part of the first author’s PhD research.3 This survey was con-
ducted in 14 different cities in Pakistan including 570 house-
holds that were receiving informal assistance from religious
institutions. The cities were randomly selected based on the
multi-dimensional poverty index (MPI).4 From every decile of
MPI at least one city was randomly selected. Three to eight
religious institutions from each said city’s rural and urban
areas were randomly selected and from the record of every
religious institution, at least four to eight households were
randomly selected for the survey. The questions in the survey
were based on household characteristics, income and jobs/
activities of households members, their assets, risks and
shocks faced by the households, different kinds and duration
of formal social protection received by the households and
kinds and duration of informal support received by house-
holds through means such as family, friends, landlord, non-
governmental organisations (NGOs), religious institutions
and employer etc. There were 88 attributes (variables) against
which the responses of each household was recorded. Based
on the research objectives, which are to identify the dimen-
sions of need in a developing country context and use this for
determining better targeting of social protection interventions,
this study chose a UML K-means clustering technique. In
addition, at his stage, the purpose of the study is not to make
predictions, therefore a UML clustering technique best suits
the desired outcome of this study. An advantage of using
UML clustering is that it requires no parameters (explicit la-
bels), to be provided to the UML algorithms that targets to
optimally minimize the human bias while forming clusters.
Whereas, other statistical software such as SPSS or STATA

require input parameters (explicit labels), in order to form
clusters. It is because of this very reason that this study is using
UML algorithms to explore a large survey data set. As far as
we are aware, this is the first study where the UML K-means
clustering technique has been used to explore a survey data in
order to identify population and regions within a country for
social protection interventions.

5.1 K-means clustering

Clustering [33], an UML approach, determines the way data is
distributed in some space called “Density Estimation”. In oth-
er words, clustering is the process of grouping together the
similar instances based on similarity of their features or attri-
butes without using training-base and assigning labels to in-
stances.5 There are various ways [34] for measuring the fea-
ture similarity based on attribute types such as: cosine simi-
larity for vector-based data, jaccard similarity for set based
data or euclidean distance for point data. This article employs
euclidean distance-based similarity measures since the avail-
able data can only be interpreted as independent points.
Clustering algorithms have different variations [35] that can
be chosen based on desired output, nature of data and exper-
imental parameters. The types of clustering algorithms that
were evaluated for this study are: K-means clustering,
DBSCAN (Density-based spatial clustering of applications
with noise) clustering, hierarchical clustering and gaussian
mixture clustering. After comprehensive analysis, K-means
clustering was selected for clustering and DBSCAN for com-
parison. K-means clustering is also called exclusive clustering
that necessarily assigns each instance to a cluster value (leav-
ing no outlier). An instance in the dataset that has been made
part of one cluster can never be part of another cluster (non-
overlapping). In K-means clustering, it is a crucial aspect to
decide upon how many clusters can be made over the existing
distribution of dataset instances. So, the Elbow method [36]
was exploited to have “inertia value” i.e. optimal number of
clusters (here we got 4 clusters to model the instances opti-
mally). Moreover, the metric of silhouette distance was used
that is the measure of inter-cluster distances. K-mean cluster-
ing model which has the maximum silhouette distance is
regarded as best [37–39], which in this case was 0.44063. A
detailed view of evaluating different parameters of K-means
clustering is provided in Table 1.

DBSCAN [4] is another technique that is used in this paper
for comparing with K means clustering.6 In DBSCAN ap-
proach, a cluster is initiated, if reasonable number of points
is placed in a region else the points are regarded as noise (esp.3 Australian National University ethics protocol: 2019/377

4 In Pakistan, the Multidimensional poverty Index (MPI) is a way of measur-
ing poverty. MPI combines various deprivations that affect a household across
three dimensions: education, health, and living standards and 11 indicators
spread across these 3 dimensions. A household is considered multi-
dimensionally poor if it is deprived in at least 33% of the weighted indicators
[40]. Details of the cities is provided in Table A of the appendix

5 In various ML techniques labels are assigned to instances and trainig data is
used for constructing models. However, in k means clustering no training data
is used and no labels are assigned to to instances for forming clusters.
6 In DBSCAN dense region is a proximity, where the minimum number of
instances are accumulated to establish a new cluster.
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the ones in low-density regions). Density of cluster is deter-
mined by the points through neighbourhood called Epsilon
(also called disk size). The parameters used for DBSCAN
clustering including optimal ones, are given in Table 2.

From Tables 1 and 2, it is clear that the maximum silhou-
ette distance (i.e. 0.44063) is obtained by using K-means clus-
tering technique. In addition, the number of clusters in K-
means is four with no outliers as compared to DBSCAN that
has formed 3 clusters with 87 outliers that are treated as 87

independent clusters, therefore, K-means clustering technique
stands a better choice for the analysis of this data.

5.2 Description of clusters

Four clusters; cluster0, cluster1, cluster2 and cluster3 were
formed by using a UML K-means clustering algorithm.
Tables 3, 4 and 5 shows the number of households in each
cluster, the percentage of total rural urban7 areas in each clus-
ter and the number of households of every city in each cluster.
In addition, the percentage of the number of households that
every city has within a particular cluster and the percentage
share of rural and urban households of each city in each cluster
is given in Tables B and C of the appendix. Tables 3, 4 and 5
indicate that cluster0 and cluster3 have the majority of the
households belonging to rural areas with 67.40% and
84.20% respectively. Whereas, cluster1 and cluster3 have ma-
jority of the households belonging to urban areas with 91.40%
and 69.50% respectively. Cluster0 and Cluster3 has the ma-
jority of the representation of households from cities that have
high MPI (Table A of the appendix). This is more prominent
in case of cluster3, which has no households in cities such as
Lahore, Chakwal, Gujranwala and Faisalabad: the cities have
less then 20% of MPI (Table A of the appendix). Cluster1 and
cluster2 has majority of the households that belong to cities
with low MPI. The case is more prominent in cluster2 which
has almost no to negligible presence of households from cities
such as Barkhan, Bajor, UpperDir and Bhakkar; these cities
have high MPI (Table A of the appendix). The brief analysis
shows that cluster0 and 3 are similar in terms rural-urban
based households and MPI, however, cluster3 is a more ex-
treme case with majority of its households falling in high MPI
rural areas. Similarly, cluster1 and 2 have similar number
rural- urban households and MPI based presence (Tables B

Table 2 Evaluation of Parameters for DBSCAN Clustering

Sr
No

Epsilon Min
Points

Clusters Outliers Average Silhouette
Distance

1 5 3 7 288 −0.21423170029391006
2 5 4 4 319 0.09579946839607748

3 5 5 3 335 −0.0863223531547006
4 5 10 3 407 −0.10238636017417664
5 7 3 5 72 −0.013542326770429502
6 7 4 3 87 0.20213496492473393

Best results

7 4 3 87 0.20213496492473393

Table 3 Number of
households in each
cluster

Cluster Number of households

0 390

1 47

2 95

3 38

7 In Pakistan, rural and urban areas are present within the geographical limits
of a city. Rural areas are generally referred to villages where the process the
urbanization is limited or has not taken place and people rely on informal
employment mechanisms such as agriculture etc. Whereas, urban areas are
generally referred to cities where process of urbanization has taken place and
there are opportunities of formal employment. For administering rural areas
government has formed union councils and for urban areas municipal corpo-
rations are present.

Table 1 Evaluation of Parameters for K-Means Clustering

Sr No No of Clusters Iterations Average Silhouette Distance

1 2
2
2

100
200
300

0.31167404372524425
0.42167404372524425
0.37167404372524425

2 3
3
3

100
200
300

0.19571252544888507
0.19571252544888507
0.19571252544888507

3 4
4
4

100
200
300

0.4406300642801672
0.29063007427901271
0.3022564279111273

4 5
5
5

100
200
300

0.1696563875761801
0.1696563875761801
0.1696563875761801

5 6
6
6

100
200
300

0.19121033960102746
0.12121033960102746
0.12121033960102746

6 7
7
7

100
200
300

0.12121033960102746
0.12122664652729666
0.12122664652729666

7 8
8
8

100
200
300

0.2625846808150078
0.11625846808150078
0.11625846808150078

8 9
9
9

100
200
300

0.11584201611858196
0.21584201611858196
0.11584201611858196

4 10
10
10

100
200
300

0.22116262184732944
0.12116262184732944
0.12116262184732944

Best results 4 100 0.4406300642801672
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and C of the appendix). However, cluster2 have majority of
households belonging to low MPI urban areas (Tables B and
C of the appendix).

6 Results

As mentioned earlier, during the survey the data was collected
against 88 attributes for each household and a total of 570
households were surveyed from 14 different cities. These at-
tributes have been grouped into household characteristics, as-
sets held by the households, risks and shocks faced by the
households, formal social protection received by the house-
holds through various sources, informal social protection re-
ceived by the households through various sources and benefits
received from religious institutions such as madrassas. In the
following paragraphs, we will explain the results of four clus-
ters in terms of said grouped attributes.

6.1 Household characteristics of clusters

The average household size of cluster0 and cluster3 is 8.7 and
16 respectively, whereas the cluster1 and cluster2 has an av-
erage household size of 9.1 and 7 respectively (Table 6). The
details of the average number of adult male and children and
the adult female and children (in terms of percentage) are
given in Tables D and E of the appendix. Cluster0 and cluster3
has the lowest household income of 100,000 to 15,0000 PKR
and 150,000 to 200,000 PKR per year respectively (Table 7).
Whereas, cluster1 and 2 has the household income of 1.3
million PKR and 500,000 to 550,000 PKR per year respec-
tively (Table 7). Table 7 further indicates that each household
member in cluster0, cluster1, cluster2 and cluster3 is living on
approximately 18 to 28 cents, 2.4 US dollar, 1.2 to 1.3 US
dollar and 14 to 19 cents per day respectively. The details of
the percentage number of households that fall in different
income brackets is given in the Table E1 of the appendix. In
terms of employment, the majority of the heads of the

Table 5 Number of households in each cluster – City wise

Cluster0 Cluster1 Cluster2 Cluster3 Total number of
households surveyed

Rural Urban Total Rural Urban Total Rural Urban Total Rural Urban Total

Toba tek singh 9 5 14 1 5 6 2 4 6 1 0 1 27

Barkhan 54 0 54 0 0 0 0 0 0 2 0 2 56

Bajor 36 0 36 0 0 0 0 0 0 12 0 12 48

Upper Dir 26 0 26 0 0 0 1 0 1 5 0 5 32

Vehari 12 14 26 0 2 2 4 3 7 3 0 3 38

Faisalabad 16 12 28 1 3 4 2 5 7 0 0 0 39

Multan 9 6 15 0 3 3 0 1 1 1 0 1 20

Gujrawala 6 1 7 0 3 3 4 6 10 0 0 0 20

Chakwal 3 1 4 0 1 1 10 11 21 0 0 0 26

Lodhran 15 15 30 1 0 1 1 2 3 1 0 1 35

Okara 18 16 34 0 0 0 1 0 1 1 2 3 38

Kasur 21 19 40 0 0 0 0 1 1 0 1 1 42

Bakkhar 23 26 49 1 1 2 3 0 3 3 1 4 58

DG khan 15 10 25 0 0 0 1 4 5 3 2 5 35

Lahore 0 2 2 0 25 25 0 29 29 0 0 0 56

Total 263 127 390 4 43 47 29 66 95 32 6 38 570

Table 4 Percentage of rural and urban areas of all cities in each cluster

Cluster0 Cluster1 Cluster2 Cluster3

Rural Urban Total Rural Urban Total Rural Urban Total Rural Urban Total

67.40% 32.50% 100% 8.50% 91.40% 100% 30.50% 69.50% 100% 84.20% 15.70% 100%
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households are employed, with an 85.13% employment rate in
cluster0, 100% employment rate in cluster1, 98% employ-
ment rate in cluster2 and 84.21% employment rate in cluster3
(Table 8). Further analysis about the nature of employment of
the head of the households indicate that almost 74% of the
heads of the households of cluster0 are working in the infor-
mal sector such as daily wages labour, road side vendors,
tenants, small scale farming on own land for subsistence, or
child labour, while almost 15% are not employed because of
some disability or disease. The case is evenmore prominent in
cluster3 where almost 90% of heads of the household are
either unemployed or working in low paid informal sector
jobs (Table 9). Cluster1 has almost 80% of the households
working in formal sector which includes government, formal
private sector jobs and working in the defence with no case of
child labour. Similarly, cluster2 has almost 55% of formal
sector employment (Table 9). The other members of the
households of cluster0 and cluster3 are involved in informal
sector activities such as working for others on their farms,
daily wages, looking after livestock etc. (Tables F and I of
the appendix). Informal employment amongst other members
of the households in cluster1 and cluster2 is relatively low as
compared to cluster0 and cluster1 (Tables F and I of the
appendix). Almost 42% of households in cluster0 and 56%
of the households in cluster3 faced the problem of disability or
disease. However, this situation is relatively better in cluster1

and cluster2, where only 6% and 10% of the households face
such a problem (Tables G and H of the appendix).

6.2 Assets

The majority the households in cluster0, cluster1, cluster2 and
cluster3, own a house at 77.69%, 91.49%, 80% and 81.58%
respectively (Table 10). However, Table 11 shows that the
conditions of the dwelling are substantially different in differ-
ent clusters. The majority of the houses in cluster0 and clus-
ter3 are partially cemented or brick or a mud house.
Approximately 5% of the households in cluster0 are living
in a temporary shelter, 25% in partially cemented or bricked
and 42% in mud house (Table 11). The situation is even more
striking in cluster3, where 21% households are residing in
partially cemented house, 50% in mud houses and approxi-
mately 3% in a temporary shelter (Table 11). Cluster1 and
cluster2 have relatively better positions with 96% and 80%
of households living in completely cemented houses
(Table 11). The number of rooms of each house in each cluster
also vary as cluster1 and cluster3 have 80% and 50% respec-
tively of the houses that have either one or two rooms
(Table 12). However, approximately 81% of houses in clus-
ter1 have either 3,4 5 or 6 rooms (Table 12). Similarly, ap-
proximately 87% of households in cluster2 have either 2, 3 or
4 rooms (Table 12). From the details mentioned above, it is

Table 7 Annual Household Income

Average of Annual
income cluster0

100,000–150,000
PKR

600–900 US dollar
per year approximately

68–103 US dollar
per person per year approximately

18–28 cents per person
per day approximately

Average of Annual
income cluster1

1.3 million PKR 8000 US dollar per year
approximately

879 US dollar person per year
approximately

2.4 US dollar per person per day
approximately

Average of Annual
income cluster2

500,000–550,000
PKR

3050–3350 US dollar per year
approximately

440 – 480US dollar person per
year approximately

1.2–1.3 US dollar per person per
day approximately

Average of Annual
income cluster3

150,000–200,000
PKR

900–1200 US dollar per year
approximately

54–72 US dollar person per year
approximately

14–19 cents per person per day
approximately

Table 6 Average Household Size
Average
household
size Cluster0

Average
household
size Cluster1

Average
household
size Cluster2

Average
household
size Cluster3

Adult Male 2.6 3.7 2.52 4.57

Adult female 2.1 2.8 1.95 3.84

Children male 1.9 1.2 1.38 4.26

Children female 2 1.4 1.11 3.71

Household size – Total 8.7 9.1 7 16.44
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clear that the density of people in a house is highest in cluster3
with 16 people living in 2 rooms approximately, followed by
cluster1 where 9 people are living in 2 rooms approximately,
followed by cluster2 where 7 people are living in 3 rooms, and
least in cluster2 where 9 people are living in 5 rooms
(Table 13). The details of the agricultural land, livestock held
and purpose of keeping livestock is given in Tables J, K and L
of the appendix. In terms of holding bank accounts cluster0
and cluster3 have approximately 90% of the households that
never had a bank account. Cluster1 and cluster2 have 85% and
65% of the households respectively that have access or are
holding a bank account (Table 14). This shows that the ma-
jority of the households in cluster zero and three do not have
access to formal credit, whereas, cluster1 and cluster2 have the
majority of the households that have access to the formal
credit.

6.3 Risks and shocks

Table 15 shows the percentage of households that have ever
faced any risk or shock in their life course. It can be observed
that almost 97% of the household members in cluster0 and
100% of the households in cluster3 have experienced a risk or
shock in their life course. However, the case is less prominent
in cluster1 and cluster2 with 68% and 75% of the households
having suffered any risk or shock in their life course
(Table 15). The most common shocks that are faced by the
households in cluster0 is illness, disability, death of an adult
family member resulting in loss of income, infant mortality
and unemployment. Some households did face natural disas-
ters, loss of job/business and migration because of conflict
(Tables M and M1 of the appendix). The incidence of unem-
ployment amid these shocks is highest with over 70% of the
households have either 1, 2 or 3 members faced unemploy-
ment (Tables M and M1 of the appendix). There is also the
prevalence of disease such as polio, hepatitis and TB in clus-
ter0 (Tables M and M1 of the appendix). The households in
cluster3 also faced shocks such as illness, disability, death of a
family member resulting in loss of income, infant mortality,
unemployment and disease such as Hepatitis, Polio and TB
(Tables P and P1 of the appendix). In addition, almost 42% of
the households in cluster3 lost their job or business because of
conflict in their area, 48% of the households migrated from
their houses because of conflict and almost 48% faced natural

disasters such as floods and earthquakes, which has resulted in
the loss of property (Tables P and P1 of the appendix). The
incidence of these shocks is relatively less in cluster1 and 2
(Tables N, N1, O and O1 of the appendix). The most common
shock faced by households in cluster1 is marriage8 with 42%
of households needed assistance to face this shock. In cluster2
almost 30% of the households faced unemployment and mar-
riage (Tables N, N1, O and O1 of the appendix).

In terms of the means available for the households to bear
the shocks, the households in cluster1 and cluster3mainly rely
on help from the community, informal credit loan taken from
friends or the community, and in some cases, help was given
from the extended family (Table 16). Only 3% of the house-
holds in cluster0 and 5% of the households in cluster3 re-
ceived some sort of help from the government to bear the
shocks (Table 16). Only 3% households in cluster0 and 5%
in cluster1 did not require any assistance to bear the shock
(Table 16). 1.5% of the households in cluster1 received some
sort of assistance from local and international NGOs, whereas,
5% of the households in cluster three received support from
international NGOs only (Table 16). 80% and 60% of the
households of cluster1 and cluster2 respectively were in no
need of any assistance to bear the shock faced by them.
However, reliance on the informal support mechanisms is also
present in cluster1 and cluster2. 12% of the households in
cluster1 and 6% in cluster2 relied on informal mechanism
called “committee”9 to bear the shocks (Table 16).

6.4 Formal social protection received by the
households through various sources

Table 17 shows the various kinds of formal social protection
mechanisms that are currently operating in Pakistan along
with the percentage of surveyed households that are receiving
benefits from them. Only 28% of the households in cluster0
and 31% of the household in cluster3 are receiving the

8 During the survey, it revealed that in order to fulfill the expenses of marriage
some households took loans and some had to use their savings, therefore
marriage is considered as a shock.
9 Insurance provided in shape of rotating savings and credit associationswhere
every member contributes towards this fund and get the cash in time of need.

Table 8 Occupation and
Employment - (%age) Employed Unemployed

Employment status of the head of household cluster0 85.13% 14.87%

Employment status of the head of household cluster1 100% 0

Employment status of the head of household cluster2 97.89% 2.11%

Employment status of the head of household cluster3 84.21% 15.79%
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benefits of BISP which is the largest social protection pro-
gramme in Pakistan. However, coverage of BISP in cluster1
is 0% and in cluster2 is only 4.21% (Table 17). The coverage
of another social assistance programme: zakat and bait-ul-mal
scheme, is less than 3% in every cluster (Table 17). The cov-
erage of other social protection programmes is also relatively
low in all other clusters. For example, coverage of private
sector pension schemes, youth loan, public lunger and
panagah (free food and shelter programme), in all the four
clusters is almost 0% (Table 17). Only 3% of the households
in cluster0, 5% in cluster3, 15% in cluster1 and 10% in clus-
ter2 are receiving the benefits of public pension scheme,
which indicates the presence of more formal sector employ-
ment in cluster1 and cluster2 (Table 17). The coverage of
labour markets measures: rural and national support pro-
gramme, is almost non-existent in all the four clusters
(Table 17). Coverage of sehat card; a health insurance pro-
gramme is 15% in cluster0, 23% in cluster3, 2% in cluster1
and 8% in cluster2 (Table 17). The coverage of free universal
public education provided through public schools is 85% and
92% in cluster0 and cluster3 respectively. In cluster3, only
28% percent of the households received public education for
10 years and above, 39% of the households received public
education only for five to 10 years and the remaining house-
holds receive less than five years or no education (Table Q of
the appendix). Similarly, in cluster0 only 25% of the house-
holds received public education for 10 years and above, while
the remaining households receive for 10 years and below
(Table Q2 of the appendix). In cluster2, 77% of the population
received public education for over 10 years and above and a

number of households are sending their children to the private
schools as well (Table Q1 of the appendix). In cluster1, 49%
of the households have received public education for 10 years
and above, however, a substantial number of households do
send their children to private schools as well (Table Q3 of the
appendix). The coverage of universal health provided through
government hospitals and dispensaries is relatively better in
all the four clusters with 94% in cluster0, 89% in cluster3,
55% in cluster1 and 88% in cluster2 (Table 17). The relatively
low utilization of government health facilities in cluster1 in-
dicates that households opt for private hospitals when they
have the resources. Further details about the duration for
which households are receiving the benefits of social protec-
tion programmes are provided in Tables Q, Q1, Q2 and Q3 of
the appendix.

6.5 Informal social protection received by the
households through various sources

A majority of the surveyed households are receiving informal
assistance through sources such as charity and zakat,10 extend-
ed family and friends, help from employer and landlord, help
through remittances and assistance from national and interna-
tional NGOs. Table 18 shows that 72% of the households in
cluster0 and 55% in cluster3 are receiving help from their
family friends and community in shape of charity and zakat.
Support from landlord in all the clusters is almost non-existent
and a very little support is received from local and internation-
al NGOs (Table 18). Assistance received in shape of remit-
tances is more common in cluster1 and cluster2 with almost
12% of households receive such assistance. Approximately,
3% households in cluster0 and cluster3 receive assistance

10 Zakat is one of the five pillars of Islam and is mandatory on every
Muslim who is financially stable. According to Islamic teachings, zakat
is paid @2.5% of the wealth to the poor and needy Muslims as an obliga-
tion. It is applicable on every Muslim who owns 613.35 g of silver, or
87.49 g of gold or who owns one or more assets liable, equal in value to
613.35 g of silver or 87.49 g of gold. Zakat is given to Muslims: who are
poor and not have any income source etc.

Table 10 Dwelling

Live in a Rented
accommodation

Own a
house

Living on someone else
land in a temporary shelter

Living on someone’s
property without rent

Government
accommodation

Number of households Cluster0 8.21% 77.69% 4.87% 8.97% 0.26%

Number of households Cluster1 4.26% 91.49% 0 2.13% 2.13%

Number of households Cluster2 11.58% 80.00% 0 4.21% 4.21%

Number of households Cluster3 2.63% 81.58% 7.89% 7.89%

Table 11 Condition of house

Completely
cemented
and bricked

Partially
cemented
or bricked

Mud
house

Temporary
shelter

Cluster0 28.21% 24.87% 42.31% 4.62%

Cluster1 95.74% 2.13% 2.13% 0

Cluster2 80.00% 15.79% 4.21% 0

Cluster3 26.32% 21.05% 50.00% 2.63%
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from remittances (Table 18). Assistance received from local
and international NGOs is non-existent in cluster1and clus-
ter2, however, their marginal coverage can be seen in cluster0
and cluster3 (Table 18). Support from employer is present in
cluster0 and cluster3 with 7% and 16% respectively and al-
most non-existent in cluster1 and cluster2 with 0 and 2%
respectively. The duration of the informal social protection
received by these households through these informal sources
is given in Tables R, R1, R2 and R3 of the appendix.

6.6 Madrassa benefits

It is important to see the kind of benefits which the house-
holds are receiving from the religious institutions
(madrassas) because the surveyed households were ran-
domly selected from madrassa records. Table 19 shows
that majority of the households do send their children to
madrassas. 48% household’s children in cluster0, 55% in
cluster3, 47% in cluster2 and only 27% in cluster1 are
receiving boarding facil i t ies from the madrassas
(Table 19). Tables S, S1, S2 and S3 of the appendix shows
the details of the kinds of benefits received by households
from madrassas. A range of benefits such as free food,
clothing, accommodation, stipend, free health treatment,
religious and public-school education, assistance during
festive seasons and technical training is given to the chil-
dren of households that are going to madrassas. As many
as eight members of a household are receiving these ben-
efits, for instance 0.5% of the households in cluster0 are
receiving free food from madrassas (Table S of the
appendix). It is also evident that households in cluster0
are receiving highest percentage of madrassa benefits,
followed by cluster3, cluster2 and cluster1(Tables S, S1,
S2 and S3).

7 Conclusion and implications for future
research

We have presented a novel methodology of exploring a data
set by combining UML K-means clustering approach with
descriptive statistics for the purpose of identifying the differ-
ences between areas of Pakistan and better target assistance to
the population within a country that are in urgent need of
government support through various forms of social protec-
tion programmes in the presence of data constraints. We have
utilised UML K-means clustering technique for exploring a
survey data of 570 households recorded against 88 attributes
(variables) and compared it with UML DBSCAN for
obtaining the optimal results. We used metric of silhouette
distance to measure inter-cluster distances and obtained best
results by using Kmeans clustering: four clusters were formed
leaving no outliers with the maximum silhouette distance of
0.4406300642801672 [37–39] (Tables 1 and 2). The advan-
tage of using UML K-means clustering technique is that no
labels are assigned to the instances for forming the clusters
which reduces human bias in the formation of clusters. The
results of four clusters formed: cluster0, cluster1, cluster2 and
cluster3, were then explored further by using descriptive sta-
tistics to identify the common patterns and the insecurities
faced by households in each cluster.

We formed summary tables of each cluster for almost every
attribute against a given instance. These attributes are grouped
into household characteristics, assets held by households in
each cluster, risks and shocks faced by households in each
cluster, formal social protection received by households in
each cluster, informal assistance received by households in
each cluster and benefits received by households through

Table 12 Number of rooms

No room 1 Room 2 Rooms 3 Rooms 4 Rooms 5 Rooms 6 Rooms 7 Rooms 8 Rooms 9 rooms 10 Rooms 12 Rooms

Cluster0 5.13% 20.26% 58.46% 8.21% 5.13% 2.31% 0.51% – – – – –

Cluster1 – – – 21.28% 25.53% 19.15% 17.02% 6.38% 6.38% – 2.13% 2.13%

Cluster2 – 5.26% 40.00% 33.68% 14.74% 4.21% 2.11% – – – – –

Cluster3 2.63% 5.26% 44.74% 36.84% 5.26% – 2.63% 2.63% – – – –

Table 14 Bank Account

No response Yes (Any member
of household
have bank account)

No member
of household
has bank account

Cluster0 1.03% 9.49% 89.49%

Cluster1 – 85.11% 14.89%

Cluster2 – 65.26% 34.74%

Cluster3 – 10.53% 89.47%

Table 13 Density

Cluster0 Cluster1 Cluster2 Cluster3

1.9 rooms/8.7
persons

5 rooms /9.1
persons

2.7 rooms /7
persons

2.60 rooms /16.44
persons
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religious institutions. We found that in cluster0 and cluster3,
majority of the households are residing in rural areas, where-
as in cluster1 and cluster3 majority of the households belong
to urban areas (Tables 3, 4 and 5 and Tables B and C of the
appendix). The average income per household member per
day is least in cluster3 followed by cluster0, cluster1 and is
highest in cluster2. This indicates that households in cluster0
and cluster1 are living in extreme poverty and are in need of
more support than households in cluster1 and cluster2
(Table 7). Unemployment, informal employment, disability
and disease is more prominent in cluster3 and cluster0.
However, the situation is relatively better in cluster1 and
cluster2, which have less unemployment, more formal sector
employment and less prevalence of disease and disability
(least in cluster2) (Table 9).

A majority of the households in cluster0 and cluster3 are
living in abysmal conditions which includes poor condition
of houses and high living density within a house; worst in
cluster3 (Table 11). The living conditions of the households
of cluster1 and cluster2 are relatively better (Table 13).
Majority of the households in cluster0 and cluster3 do not
have access to formal credit, whereas this condition is rela-
tively better in cluster1 and cluster2 (Table 14). Households
of cluster3 faced maximum number shocks followed by
cluster0, cluster1 and cluster2 (Tables P and P1, N, N1, O
and O1 of the appendix). In terms of means available to face
the shocks, households of cluster3 and cluster0 mainly rely
on informal mechanisms and in some cases did not receive
any support from any source to bear the shock (Table 16).
Whereas, majority of the households of cluster1 and cluster2
had either savings, receiving remittances or have devised
informal mechanisms to counter the effects of the shocks
faced by them (Tables 17, 18 and 19).

The analysis stipulates that households in cluster3 face
severe insecurities followed by cluster0. Both the clusters
have households belonging to rural areas and common dis-
tricts are Bajor, Upper Dir, Bharkhan, DGKhan. It can there-
fore be concluded that the out of the 14 cities surveyed, the
rural areas of these four districts require urgent social protec-
tion interventions in shape of cash transfers to supplement
their income, skill training programmes, which can improve

Table 15 Risks and Shocks

Households that
have ever faced
any shock

Households that
never faced
any shock

Cluster0 97.69% 2.31%

Cluster1 68.09% 31.91%

Cluster2 75.79% 24.21%

Cluster3 100.00% 0%
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their technical skills that would be helpful for employment
generation and micro credit schemes for increasing access to
formal credit etc. In addition, contributory insurance schemes
can be introduced in urban areas of cluster1 and cluster2 as the
households in these clusters are already using such mecha-
nisms informally to support themselves in times of need.
Since, the purpose of this paper is not to provide any concrete
recommendations about the nature of social protection inter-
ventions required for each cluster, therefore this aspect pre-
sents an avenue for future research as to what kind of social
protection interventions best suit each cluster. Furthermore,
the causes of these insecurities within each cluster can be
explored in future research.
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