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ABSTRACT

Purpose: To address the data gap on efforts to assess use of assistive technology among children with
disability in sub-Saharan Africa. Contribute towards efforts examining access to assistive technologies in
sub-Saharan Africa.

Materials and methods: The paper uses data from the 2017 survey on Living conditions among persons
with disabilities in Malawi and the 2015-16 Malawi Demographic and Health survey to address the object-
ive of the study. The two datasets were statistically matched through random hot deck technique, by
integrating the two datasets using randomly selected units from a subset of all available data donors.
Results: Results indicate that statistical matching technique produces a composite dataset with an uncer-
tainty value of 2.2%. An accuracy assessment test of the technique also indicates that the marginal distri-
bution of use of assistive technology in the composite dataset is similar to that of the donor dataset with
an Overlap index value of close to 1 (Overlap = 0.997).

Conclusions: The statistical matching procedure does enable generation of good data in data constrained
contexts. In the current study, this approach enabled measurement of access to assistive products among
children with disabilities, in situations where the variables of interest have not been jointly observed.
Such a technique can be valuable in mining secondary data, the collection of which may have been
funded from different sources and for different purposes. This is of significance for the efficient use of
current and future data sets, allowing new questions to be asked and addressed by locally based
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researchers in poor settings.

> IMPLICATIONS FOR REHABILITATION

e In resource-poor settings, the technique of statistical matching can be used to examine factors that
predict the use of assistive technology among persons with disabilities.

e The statistical matching technique is of significance for the efficient use of current and future data-
sets, allowing new questions to be asked and addressed by locally based researchers.

Introduction

The need to provide safe and efficient assistive products for chil-
dren with disabilities in Sub-Saharan Africa necessitates the avail-
ability of reliable and efficient information on the use of assistive
products [1,2]. Unfortunately, the collection of information on the
joint distribution of children with disabilities and their use of
assistive products poses several challenges to national statistical
agencies in the region. For example, budgetary constraints may
make the designing of new nationally representative surveys that
target children with disabilities’ use of an assistive product,
unfeasible [3,4]. Furthermore, collecting large amounts of data in
a single survey may cause an undue burden to survey partici-
pants. A more realistic solution may be to add questions on the
use of assistive products among children with disabilities to the
existing survey efforts, such as Demographic and Health Surveys
(DHS), Multiple Indicator Surveys (MICs), and Indicator Household

Surveys (HIS). If this is not possible, then statistical matching tech-
niques could be a valid alternative.

An assistive product is defined by the Global Cooperation on
Assistive Technology (GATE) as any product (including devices,
equipment, instruments, and software) either specially designed
and produced or generally available, whose primary purpose is to
maintain or improve an individual’s functioning and independ-
ence and thereby promote their wellbeing [5]. Among children
with disabilities, assistive products have been found to be funda-
mental in their educational and societal inclusion through
increased levels of independence in daily living and greater access
to learning opportunities [6,7]. However, there is enough evidence
to indicate that there is a general lack of information regarding
the availability of affordable, accessible, contextual, and relevant
assistive products among children with disabilities in the sub-
Saharan African region [6,7]. Such lack of information undermines
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efforts that could assist in the inclusion of children with disabil-
ities in societies.

In Malawi, information on the use of assistive products among
children with disabilities is collected during Population Censuses
and Demographic and Health Surveys. The collected information
only includes the use of eyeglasses and hearing aids. The use of
mobility devices, such as white canes and wheelchairs, and other
technologies, such as computers, is not collected. To address this
limitation, this paper describes a methodology to combine data
from the 2017 survey on “Living Conditions among persons with
disabilities in  Malawi” (LCS) and the 2015-16 “Malawi
Demographic and Health Survey” (MDHS) to produce a composite
dataset for studying the use of assistive products among children
with disabilities.

Statistical matching

Statistical matching is a technique used by practitioners to com-
bine information from distinct data sources referring to the same
target population [4,8]. The technique often involves two data
files, A and B, where A and B share a set of common variables (X),
with variables Y observed only in A and variables Z observed only
in B. The objective of statistical matching is to estimate the correl-
ation coefficient between Y and Z conditional on X variables at a
macro level, or to create a synthetic data source in which all the
variables X, Y and Z are available - the micro case [4,9].

Statistical matching is used in situations where variables of
interest are not readily available in one data source and when
two or more data sources do not have unique identifiers for
merging or linking the variables [4,9,10]. For example, Simonson
et al. [11] in their study of life course and old age incomes of
Germany baby boomers failed to obtain a dataset that contained
information on life course and old age income. To obtain such a
dataset, they statistically matched the German Ageing survey and
the Active Pension accounts to estimate the effect of changes in
life course on an individual’s financial situation. In addition to the
absence of unique identifiers, statistical matching can also be
used in situations where detailed information for a particular topic
entails development of long questionnaires which tend to have a
lower response quality and a higher frequency of missing
responses [8]. In these situations, statistical matching is used to
reduce high missing response rates and improve response quality.

The inherent challenge with statistical matching is its outcome
measures, which contain some levels of uncertainty due to the
inability of the statistical matching technique to create true Y
data for File A or true Z data for file B [10]. To solve this chal-
lenge, a number of researchers, including Rubin, Marcello et al.
and Zhang have devised techniques of file concatenation with
adjusted weights [10], use of logical constraints [12], and use of
proxy variables [13]. In file concatenation, a database with
imputed values is created by treating the two databases (A and
B) as probability samples from the same population. The imputed
values reflect the uncertainty of the values from which they have
been imputed [10]. Logical constraints, on the other hand, are
rules that make some of the parameter vectors in the joint distri-
bution illogical for the investigated phenomenon. Logical con-
straints are introduced in statistical matching to eliminate
impossible worlds [8,12]. For example, in the matching of datasets
by age and marital status, a rule can be introduced such that it is
not possible for a unit in a population to be both ten years old
and married.

The other critical challenge in statistical matching is the
assumption that the distribution of Y given X is independent of

the distribution of Z given X (Conditional Independence
Assumption) [8]. The problem with this assumption is that it rarely
holds in practice and that it cannot be tested from the datasets
[14]. In situations where the assumption does not hold and no
additional information is available to exploit the distribution of Y
and Z, it is assumed that the model used to estimate the associ-
ation between Y and Z has identification problems and that the
artificial dataset produced may lead to incorrect inferences. To
overcome the conditional independence assumption problem,
two solutions have been suggested; the first is the use of some
auxiliary information in the form of a small subset containing all
the variables (X, Y, 2) or just (Y, Z) to explore the joint distribution
of Y and Z [14,15]. The second one is the use of proxy variables
with high predictive power. The proxy variables help mediate the
relationship between Y and Z and make the conditional inde-
pendence assumption hold true [14].

This paper, therefore, applies the statistical matching technique
of the two distinct surveys. The two datasets have been com-
bined using a variable on the use of assistive devices in the 2017
LCS and on disability in the 2015-16 MDHS. This study is part of
the preparatory work for the Assistive Product list Implementation
Creating Enablement of inclusive SDGs (APPLICABLE) project
which seeks to develop a framework for creating an effective
national Assistive Technology (AT) policy and specify a system
capable of implementing that policy in Malawi [16].

Method and data for addressing data deficiencies
Data sources

The data sources used here to conduct statistical matching are
the 2017 “Living Conditions among persons with disabilities in
Malawi” survey and the 2015-16 MDHS. The 2017 LCS survey is a
nationally representative dataset that draws its understanding of
disability from the International Classification of Functioning,
Disability, and Health (ICF) framework [17,18]. The information in
this dataset was collected for the purpose of mapping out the liv-
ing conditions of persons with disabilities and comparing it with
that of the non-disabled population. The information on the living
conditions among persons with disabilities was collected from
19946 individuals with disabilities and 10631 individuals without
disabilities. The 2017 LCS survey is used as a “donor” dataset in
this paper.

The 2015-16 Malawi Demographic and Health Survey, on the
other hand, is used as a “recipient” dataset. The 2015-16 MDHS is
a nationally representative survey, which was conducted with the
purpose of providing current estimates of basic demographic and
health indicators of the Malawian population. The survey collected
information from 24,562 women aged 15 to 49 and 7478 men
aged 15 to 54. The assumption in statistically matching the two
datasets is that they were drawn from the same population as
such the demographic characteristics (i.e., age, sex and place of
residence) of the sampled population in the 2017 “Living
Conditions among persons with disabilities in Malawi” sample are
similar to the characteristics of the 2015-16 Malawi Demographic
and Health Survey. For example, the mean age for children aged
2 to 17 is 9 for both datasets and the standard deviation is almost
similar (SD = 4.31 in the MDHS and SD = 4.28 in the LCS).

Study variables

The variables of interest in this analysis are “disability” and “use of
assistive device”. Disability is a variable of interest because the
desired objective is to match the number of children with
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Figure 1. Graphical representation of the statistical matching technique.

disabilities in the 2015-16 Malawi Demographic and Health survey
with those of 2017 Living conditions survey who were using
assistive devices. The study focuses on children with disabilities
because the MDHS only collected disability information from chil-
dren aged between 2 to 17 years. Disability (2) is a bivariate vari-
able created from self-reported responses about difficulties in
seeing, hearing, communicating, walking, remembering things
and washing oneself [19]. To create the disability variable,
responses to the functioning domains were summed up to create
a composite disability score ranging from zero (absence of disabil-
ity) to 72 (extensive disability). Respondents with a total score of
more than zero were then grouped together to create a binary
variable with values “0” no disability (total score of 0) and 1
“having a disability” (total score from 1 to 72). The variable use of
assistive device (Y) has been chosen for statistical matching
because research indicates that children who use assistive devices
are able to achieve greater independence. Have reduced need for
formal support services [20,21], as well as reduced time and phys-
ical burden to care givers [21,22]. Use of assistive device (Y) in
this study is a categorical variable with categories “does not use
any assistive device” and “currently use an assistive device”. The
two categories are the categories that were used when collecting
the information on use of assistive devices during the survey.

The common variables denoted by X are place of residence,
the age of participant, level of education and sex of respondent.
These variables are available in both the 2017 LCS and the 2015-
16 MDHS datasets. The statistical matching procedure thus
involves the integration of the 2017 LCS with the 2015-16 MDHS,
as illustrated in Figure 1.

Analysis of data using statistical matching
Harmonization of sources

Before starting the process of statistical matching, common varia-
bles in the 2017 “Living Conditions among persons with disabil-
ities in Malawi” survey and the 2015-16 MDHS were harmonized
to facilitate the coherence of the datasets. The name of the par-
ticipant-id variable in the 2017 “Living Conditions among persons
with disabilities in Malawi” survey, was renamed to match that of
the 2015-16 MDHS dataset. The categories for age, sex, place of
residence, and level of education of both datasets were also re-
categorized into same value labels. The value labels of a place of
residence in the 2017 “Living Conditions among persons with dis-
abilities in Malawi” survey were also reclassified into a dummy
variable 0=rural and 1= urban to match 2015-16 MDHS vari-
able labels.

Apart from variable harmonization, the two datasets were also
adjusted for missing values. This was achieved by removing
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irrelevant values. For example, in the 2017 “Living Conditions
among persons with disabilities in Malawi” survey, all-male partici-
pants and female participants aged 18 and above were removed
from the dataset. This is because disability information for the
2015-16 MDHS was only collected from children aged 2 to 17.
Participants aged below 2 in the 2017 “Living Conditions among
persons with disabilities in Malawi” survey were thus removed to
match those of the 2015-16 Malawi Demographic and
Health survey.

In addition to adjusting for missing values and sample popula-
tions, frequency analysis of the common variables was conducted
to examine proportional distributions. Examination of the propor-
tional distributions was important because it is the proportional
distribution of the matching variables that determine the marginal
distribution of the imputed values.

Selection of matching variables

In statistical matching applications, datasets A and B may share
many common variables, but it is only the most relevant variables
(variables that significantly explain the variation in the target vari-
ables, in this case, disability and use of assistive devices) that are
used in the matching process [15,23]. The selection of these varia-
bles is performed using descriptive or inferential methodologies.
In this study, the selection of matching variables involved the use
of Chi-square and uncertainty measures of association.

Chi-square test

The Chi-square test is a measure of association that is used to
determine the association between two categorical variables.
Disability and use of assistive devices are categorical variables,
hence it was appropriate to use the Chi-square test of association
to measure the relationship between these variables and the
common variables. The Chi-square test produces a number of test
statistics, but this paper concentrates on the post-estimation out-
puts, because the focus is on assessing the power of common
variables in predicting the variation in disability and use of assist-
ive devices. Therefore, only Cramer’s V, Goodman—Kruskal lambda
(M) and Goodman-Kruskal tau (t) were used as measures of
association.

Cramer’s V is a Chi-square measure of association that is used
to determine the strength of association between two categorical
variables [24]. Its values range from 0 (no relationship) to 1
(a strong relationship between the two variables).

Goodman-Kruskal lambda () is another measure of Chi-square
based association. It measures the proportional reduction in error
that is achieved when membership of a category of one variable
is used to predict category membership of the other variable [25].
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Its values range from 0O (one variable does not predict the other)
to 1(one variable perfectly predicts the other).

In addition to Goodman-Kruskal lambda (1), Goodman-Kruskal
tau (T) was also used to select common variables.
Goodman-Kruskal tau (T) is the same as Goodman-Kruskal
lambda (4), except that it measures the proportional reduction in
error that is achieved by assigning probabilities specified by mar-
ginal or conditional proportions [26]. Goodman-Kruskal tau (T)
has values 0 (no association) and 1 (complete or perfect
association).

Uncertainty test

In addition to pairwise association, a test for uncertainty reduction
was also conducted to assist in the selection of matching varia-
bles. This is done by selecting just those common variables with
the highest contribution to the reduction of uncertainty i.e., the
impact of the absence of joint information on use of assistive
device (Y) and disability on the estimates of the joint (Y, 2) param-
eters [15,23,27]. The reduction of uncertainty technique allows
exploration of uncertainty when all the variables (X, Y, and Z) are
categorical. It estimates the likely interval values for the probabil-
ities in the contingency table YxZ as given by the Fréchet
bound:

max{0,P(Y) + P(Z) — 1} < P(¥yn2Z) < min{P(Y),P(2)}

where P(Y) is the probability of event Y happening and P (2) is
the probability of event Z happening independently.

Assuming that Xp relates to the complete crossing of the
matching variables Xy, it can be shown that

P(Iow)

(up)
kS Projzek S Py

where

Pj(llzw) = ZPXD:,' X max{O; PY:j\XD:i + PZ:k\XD:i — 1}
i

Pﬂp) = Z Pxo=i X Min{Py—jx,=is Pz=kixp=i }
7

For j=1,..., Jand k=1,... K where J and K are categories of Y
and Z, respectively [15].

And

Px, : probability of the complete crossing of the match-

ing variables

Py_jix,—i : probability of disability given a complete crossing of
matching variables

Pz_kx,—i : probability of parity given a complete crossing of
matching variables

Therefore, for each cell in the contingency table Y x Z for all
possible combinations of the input X variables, the reduction of
uncertainty is measured by the average widths of the interval:

5 _ 1 S(Up) 4 (low)
d_JijZ,((pf'k e )

The reduction of uncertainty output reports the possible com-
bination of X variables that can be used for matching. It also
reports the number of cells in each of the input tables and the
corresponding number of cells with a frequency equal to 0. The
analysis also provides the average width of the uncertainty inter-
vals [0, 1] and its relative value [0, 1] when compared with the
average widths of the uncertainty intervals when no X variables
are considered [9,15,28]. For our purposes, common variables that
were not strongly associated with use of assistive devices and

disability were regarded as redundant predictors and were
removed from the matching set.

Statistical matching of data sources

The statistical matching technique used in this study is the ran-
dom hot deck. This non-parametric technique method is often
used under the Conditional Independence assumption (CIA). This
technique integrates the two datasets by randomly selecting each
of the donors from a subset of all the available donors [14,15].
This subset is formed by considering all the donors that share
characteristics that are similar to that of the recipients [15]. The
subset can be defined according to some Xy variables such as
place of residence and age of the respondent. This process
ensures the preservation of the marginal distribution of the
imputed variables in the synthetic dataset [8,14]. The main con-
cern with this technique is that each record in the donor file can
be used more than once. This choice of multiple donors then
reduces the effectiveness of the sample size and the empirical dis-
tribution of the imputed Z variable in the statistical matching file
[14]. To address the concern of having multiple donors for each
recipient file, a penalty weight is introduced to the donors already
used and an algorithm is established that limits the factor of
dependence which is introduced by the used donor units [14,15].

Assessment of the accuracy of the statistical matching results

Following the statistical matching procedure, it was necessary to
evaluate the accuracy of the matching results, even though
research has proven that it is difficult to do so [14,28]. Accuracy
assessment of statistical matching results is difficult because in
statistical matching the relationship of phenomena not jointly
observed is studied [29]. The statistical matching process may
also provide different outputs, like a synthetic data set in the
micro case or estimates of parameters (e.g., correlation coefficient)
in the macro case. The available data sources may also have dif-
ferent quality levels (sampling design, sample size and data proc-
essing steps).

The aim of conducting statistical matching in this study was to
produce a synthetic dataset that will be used for statistical infer-
ence. Therefore, it was necessary to evaluate the accuracy of the
synthetic dataset. This was achieved by first examining how
the synthetic dataset preserved the marginal distribution of the
imputed variable use of assistive devices, by comparing it with the
marginal distribution of use of assistive device variable estimated
from the donor dataset (2017 LCS dataset). The second step was to
examine how the synthetic data set preserved the joint distribution
of the imputed variable with the matching variables, with the refer-
ence as the joint distribution of the estimates from the donor data
set (2017 LCS dataset) [29]. The comparison of the marginal distri-
bution of use of assistive device between the synthetic dataset and
the donor dataset was accomplished by means of similarity or dis-
similarity measures (i.e., total variation distance, overlap, Hellinger’s
Distance and Bhattacharyya coefficient).

A descriptive analysis of the imputed variables including use of
assistive devices, information, communication, personal mobility,
household items, personal care and protection and computer
technology was also conducted to compare the proportional dis-
tribution of the imputed variables from the donor dataset
(2017 LCS).
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Table 2. Chi-Square test of association.

2017 Living Conditions study 2015-16 MDHS

Use of an assistive device Disability in children

Variable % n % N Variable Cramer's V df  pValue Cramer'sV df p Value

Age group Age of respondent 0.05 15 0.16 0.20 15 0.00
2-4 17.2 253 19.1 11,049 Sex 0.04 1 0.13 0.01 1 0.12
5-9 355 524 34.5 20,019 Place of resident 0.07 1 0.00 0.03 1 0.00
10-14 333 491 33.2 19,252
15-17 14.0 207 13.2 7671

Sex Table 3. Table presenting the levels of uncertainty obtained from combining
Male 335 789 50.3 29156 the common variables.
Female 46.5 686 49.7 28,835

Place of residence Cells with zero Cells with zero Average
Urban 7.0 103 15.9 9195 XY frequencies XZ frequencies width
Rural 93.0 1372 84.1 48,796 Variable combination

Level of education Age 1 0 0.01895
No Education 433 638 26.3 15,234 Age x Sex 2 0 0.01904
Primary 55.0 811 70.3 40,758 Sex 1 0 0.01933
Secondary 1.8 26 34 1980 Residence x Age x Sex 3 3 0.02201
Tertiary 0.0 0 0.0 19 Residence 1 0 0.02273

Total 100.0 1475 100.0 57,991

Results

Harmonization of data sources

In statistically matching the two distinct datasets, that is the 2017
LCS survey and the 2015-16 MDHS, variables that were commonly
found in the two datasets were used. The common variables
include the age of the participant, sex, place of residence, and
level of education. Table 1 presents the proportional distribution
of these common variables. The tables indicate that both datasets
had a high proportion of children aged 5 to 9 and 10 to 14. For
instance, in the 2017 LCS, more than 30% of the sample were
children aged 10 to 14, the same applied to the 2015-16 MDHS.
With regards to sex, Table 1 indicates that the 2017 LCS survey
had a high proportion of males (53.5%) compared to females
(46.5%), whilst the 2015-16 MDHS survey had a slightly higher pro-
portion of males (50.3) compared to females (49.7). In terms of resi-
dence, Table 1 indicates that the proportional distribution of
children in the living conditions survey was not representative of
the Country’s population distribution. According to the 2018
Population and housing census, 16% of the country’s population
lives in urban areas whilst 84% live in rural areas [30]. The 2017
LCS on the other hand, indicates that 7% of the sampled children
were from the urban areas whilst 93% were from the rural areas.
Concerning education, 43.3% of the children in the 2017 LCS had
no education, 55% had primary education and only 1.8% had sec-
ondary education. On the other hand, the 2015-16 MDHS data indi-
cates that 26.3% of the sampled children had no education whilst
70.3 and 3.4% had primary and secondary education respectively.

Selection of matching variables
Chi-square test

Table 2 presents the Chi-Square test of association between the
common variables and the use of assistive devices and childhood
disability. Only Cramer’'s V results have been presented in the
table because Goodman-Kruskal lambda (A) and
Goodman-Kruskal tau (T) results indicated that not all the com-
mon variables predicted the category membership and the pro-
portional reduction in error of predicting use of assistive devices
and childhood disability. In-terms of Cramers’ V, the results in
Table 2 indicate that there is a weak association between the
common variables, age, sex and place of residence, and use of
assistive devices, and childhood disability.

Uncertainty test

Further to conducting the pairwise associations, an uncertainty
test was also conducted to determine the combination of com-
mon variables with the highest contribution to the reduction of
uncertainty. Looking at the average width of the cell bounds in
Table 3 below, it appears that all the common variables (X)
being considered should be wused as matching variables.
Unfortunately, the columns with zero frequencies indicate that a
combination of all common variables produces a certain number
of cells with zeros. Thus, a combination of place of residence,
age and sex, produces 3 cells with zero frequencies in both their
combination with use of assistive device (XY) and childhood dis-
ability (XZ). Regarding the impact of the absence of joint infor-
mation on use of assistive devices (Y) and disability (Z) on the
estimates of the joint (Y,Z) parameters, the results in Table 3,
indicates that combining all the three common variables produ-
ces an uncertainty of 2.2%. This uncertainty value is not signifi-
cantly higher than that of combining age and sex (1.9%).
Therefore, it was ideal to use all three common variables as
matching variables. However, there were not enough units on
sex of the respondent in the donor file due to missing values
that could be matched with the recipient file. Thus, only age
and place of residence were used as common variables for the
matching process.

Assessment of the accuracy of statistical matching

Upon completion of the statistical matching, it was necessary to
assess the accuracy of the created synthetic dataset. The assess-
ment was accomplished by comparing the marginal distribution
of the imputed use of assistive devices with the original variable
in the donor dataset through use of similarity and dissimilarity
measures. The joint distribution of use of assistive devices with
the matching variables (age and place of residence) in the syn-
thetic dataset was also compared with the donor dataset.

The similarity/dissimilarity measurement results indicate that
the marginal distribution of use of assistive devices in the syn-
thetic dataset was similar to that of the donor dataset with an
Overlap index value of close to 1 (Overlap =0.997) and associated
Bhattacharya coefficient of close to 1 (Bhatt=0.999). With regards
to the joint distribution of use of assistive devices with the match-
ing variables in the synthetic dataset, in comparison to that of
the donor dataset, also indicated that the joint marginal
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Figure 2. Graphical comparison of the proportional distribution of use of assistive products between the Imputed dataset (N=13,121) and the 2017 Living

Conditions survey (N = 1475).
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Figure 3. Graphical comparison of the proportional distribution of use of assistive devices for personal mobility between the imputed dataset (N =252) and the 2017

Living conditions survey (N = 28).

distribution of the variables in the two datasets were the same
with an Overlap index of 0.909 and an associated Bhattacharyya
coefficient of 0.988.

Further to the use of the similarity/dissimilarity index to assess
the accuracy of the statistical matching procedure, a descriptive
analysis of the imputed variables “use of assistive devices” and
use of assistive devices for personal mobility was also performed
to graphically compare with the variables in the donor dataset.
The results presented in Figures 2 and 3 below demonstrates the
proportional distribution of the general question on use of assist-
ive devices and the question on use of assistive devices for per-
sonal mobility. Figure 2 demonstrates that the proportional
distribution of use of assistive devices in the synthetic dataset is
similar to that of the donor dataset. The figure indicates that only
1.9% children with disabilities were using assistive devices. Figure
3 further demonstrates that among children who use assistive
products the proportional distribution of children with disabilities

using assistive products for personal mobility in the synthetic
dataset was similar to that of children with disabilities in the
donor dataset or the 2017 LCS survey (72.1 and 72.4 respectively).

Discussion

This paper has discussed the application of statistical matching to
produce joint information on the use of assistive products and
disability variables not jointly observed. The statistical matching
procedure consisted of data harmonization, selection, and calibra-
tion of the matching variables, imputation of variables of interest
through random hot deck method, and assessment of the accur-
acy of the outcome data. The statistical matching procedure has
further shown that only 1.9% of children with disabilities in the
country are using assistive products. Among those using assistive
products, 27.9% are using assistive products for personal mobility.



Harmonization of the datasets through reclassification of the
matching variables, assessment of missing values, and examin-
ation of the distribution pattern of matching variables through
dissimilarity or similarity measures, assisted in the computation of
representative imputed values. This process of data harmonization
has not only been recommended as the first stage in statistical
matching but has also been found to play a critical role in situa-
tions where there is a lack of consistency in the wording of similar
questions in social surveys [3,8,14]. For example, in the statistical
matching of the European Statistics on Income and Living condi-
tions (EU-SILC) and the Household Budget Survey (HBS),
Donatiello et al. [3] found harmonizing of the common variables
in the two datasets improved the final estimations of household
income, consumption, and wealth.

The pairwise association measures used for selecting matching
variables have illustrated that there is a weak association between
the age of the respondent and the use of an assistive device and
disability in children. Age could not comprehensively explain the
variation in disability in this study because of the complex rela-
tionship between age and self-reported disability. According to
Jylha et al. [31,32], age weakens the relationship between func-
tional limitations and self-health assessment. As the age of partici-
pant increases the probability of reporting a functional limitation
(disability) may stay the same.

The statistical matching of the 2017 LCS and the 2015-16 MDHS
using the random hot deck method, demonstrates that the proced-
ure preserves the marginal distribution of the variables after imput-
ation, as shown by the dissimilarity and similarity indexes that
were computed after the statistical matching procedure. These
results correspond to the Leulescue et al. study, where the hot-
deck method preserved the marginal distribution of life satisfac-
tion, trust in institutions, and social exclusion variables, before and
after imputation. Donatello et al. [3], also found the use of the hot-
deck method to produce satisfactory results even though they are
associated with high levels of uncertainty (more than 5%).

Concerning use of assistive technology, this paper has demon-
strated that there is low usage of assistive technology among chil-
dren with disabilities in the country. This low usage of assistive
technology has also been observed in other countries in the sub-
Saharan African region [7,33]. For example, in Ghana, Osam et al.
observed that there was low usage of AT among children with
disabilities. The low usage of AT was due to lack funds for pur-
chasing the technologies and the high cost of ATs and rehabilita-
tion services. In Tanzania, Mwaijande found children with physical
disabilities to have no access to AT due material deprivation, low
human development, lack of voice, and acute vulnerability to eco-
nomic, social and health risks. With regards to Malawi, poverty
could be the contributing factors to the low usage of AT.
Nonetheless, there is need to further investigate factors contribu-
ting to the low use of assistive technology among children with
disabilities in the country.

The main limitation of this study is the sample size of the
2017 LCS which was used as a donor dataset. The sample size of
this donor dataset was smaller (1475) compared to that of the
recipient dataset 2015-16 MDHS. The smaller sample size meant
that other statistical matching techniques such as the nearest
neighbour hot deck method could not be used to statically match
the two datasets because it requires the donor file to be larger
than the recipient file. Nonetheless, the 2017 LCS survey is
amongst the most reliable nationally representative surveys that
have collected data on use of assistive devices. Thus, it was the
best representative dataset to use to address the issue of data
deficiencies on use of assistive devices in Malawi.
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Conclusion

It can be concluded from this statistical matching procedure, that
the matching procedure provides good data for measuring the
use of assistive products among persons with disabilities in situa-
tions where the variables of interest have not been jointly
observed. The data obtained from the matching procedure are
also valid and reliable as shown by the similarity of the marginal
distribution of the imputed variables and the donor dataset (2017
LCS). Nonetheless, there is a need for harmonization of the com-
mon variables in population surveys to improve the accuracy and
consistency of the integrated datasets, since they play a critical
role in the matching procedure. The data obtained from this stat-
istical matching procedure can then be used to examine factors
that predict the use of assistive products among persons with dis-
abilities and so make an important contribution to systems
strengthening in this area [34]. The need to do this is apparent
both in the call for greater access to assistive products as a means
to achieve the SDGs on a more equitable basis [35] and in the
low rates of assistive produce use reported here. We have demon-
strated how statistical matching can be used to combine distinct
datasets that nonetheless have some relevant commonalities.
Such a technique can be valuable in mining secondary data, the
collection of which may have been funded from different sources
and for different purposes. This is of significance for the efficient
use of current and future datasets, allowing new questions to be
asked and addressed by locally based researchers, including in
more poorly resourced settings. It may also provide a scientific
method that can contribute to addressing the political economy
[36] of dominant donor agencies setting the research agenda in
lower-income settings.
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