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Abstract

The impact of high cost of living and movement of medical personnel in Nigeria to other countries. has a major impact on families/households.
These has affected Person’s living with disabilities (PLWD) with special needs which require regular visitation to clinic and additional expenses.
Therefore this study proposed predictive models with generalized distributed (combination of normal and non-normal) error term under Two Stage
Sampling. Data from the Nigeria Living Standard Survey (NLSS) 2018 on frequency of doctor’s visit and cost by households with difficulty
in remembering were used. Logit Skewed Exponential Power (LSEP-II) were developed for two-level Random Effect Model using Bayesian
framework. The parameters for LSEP-II were estimated using the Markov Chain Monte-Carlo (MCMC) algorithm with JAGS software. Cartograms
were used to determine the spatial distribution for the proportion of doctor’s visit and cost using the predicted values. R-hat showed that the posterior
distribution converges. The study revealed that Logit Skewed Exponential Power for two-level Random Effect Model modelled and predicted
doctor’s visit and additional cost for PLWDs in two-Stage Stratified Random Sampling Design.
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1. Introduction

Planning and support for those person’s living with disability (PLWDs) is very important in today’s Nigeria economy. A survey
carried out by National Bureau of Statistics (N.B.S.) [1] in 2018 called the Nigeria living standard survey was aimed at measuring
aimed at measuring the living standard of citizens of Nigeria, which include information on person’s living with or without disability.
This survey was sponsored by the World Bank [1].The availability of data from this survey allows researchers to work on estimating,
predicting or modelling the needs of these special people (PLWDs).

Several authors had worked on meeting the needs, finding supports, alleviating the pains, etc., of people living with a disability
(PLWD), but there is dearth of knowledge in modelling and predicting their needs in Nigeria, this work intend to fill that gap.
For example Onalu and Nwafor [2] advocated for social support for PLWDs so that they fully realize their full potentials. With
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approximately 180 million citizens, it was reported by Thompson [3] that half of Nigeria’s population lives in “poverty”, while 30
percent lives in extreme poverty. Research has shown that where the general population is being affected by a problem, it is usually
more severe with a sub-population who are more disadvantaged [4]. Also, Sanmartin et al. [5] affirmed that the odds of failure to
receiving care is increased by 50 percent for PLWDs. Also they may experience barriers in in receiving healthcare.

It was asserted by Amadasun [6] that the impact of a disability in a culture marked by poverty can be extremely detrimental.
According to Haruna [7], poverty can cause disability as it may limit a person’s ability to receive quality medical care, for example
illnesses like polio can leave a person permanently disabled if treatment is not received, also poverty has its effect on disability.
A study by McColl et al. [8] which was done to determine the unmet needs for adults living with disabilities in Canada, it was
concluded that PLWDs fail to report their unmet needs which include with the greatest being additional cost of receiving needed
services.

One of the problems of estimating the proportion of PLWDs in a survey is either over-estimating or under-estimating them in
households since survey respondents may not necessarily know how to detect these people except they are grown to the stage of
exhibiting the symptoms. It was reported by Ken [9] that in other to decrease false-negative responses in disability survey, the yes/no
responses were scaled to none/ a little/ a lot and Yes. This actually decrease false negatives but at the cost of increased false-positive.
This scale was used by the N.B.S. [1] in the estimation PLWDs in households. Subsequently making modeling and prediction of
the needs of PLWDs more precise for easy planning for the government. The Nigeria population is divided into different levels of
senatorial district, states, local government till the last household level. This makes the Nigeria statistical system complex, thereby
requiring a complex sampling technique, usually the multi-stage sampling is being employed as it was seen in N.B.S. [1].

Two-stage sampling is an easy example of multistage sampling. Two-stage sampling is a kind of multi-stage sampling in which
samples are taken in two stages: the first stage, known as primary sampling units, or PSUs, and the second step, known as secondary
sampling units, which makes use of PSU subsamples. Two stages of clustering are involved, with sampling done at each level.
According to Refs. [10, 11], two-stage sampling, also known as subsampling, is the process of first picking clusters and then
selecting a predetermined number of items from each selected cluster. Due of the two stages of sample, Mahalanobis [12] named
this concept two-stage sampling. First, a sample of units—often referred to as primary units must be chosen. The second step is
known as the (SSU). The criteria for selecting a unit at a particular level frequently rely on characteristics seen in the preceding stage,
according to Refs. [13–16]. Sample units at multiple stages of study planning can be beneficial, according to Refs. [10, 17, 18]. The
example that goes with it shows how effective two-stage sampling is compared to single-stage methods like cluster, systematic, and
basic random sampling.

In order to produce more accurate metrics, it is crucial to conduct statistical study over small areas. A small geographic region is
typically meant when the word “small area” is used, for example. It can also be used to refer to a demographic group within a survey,
such as a group of people from a same socio-economic background or a particular racial or ethnicity. When the domain-specific
sample is too small to support direct estimates with a respectable level of statistical accuracy, a small region is typically defined. In
this work PLWDs in different households for each state is being considered has a multilevel small area. Verbeke and Lesaffre [19]
had questioned the validity of normal assumptions and how it leads to misleading inferences. Several authors had worked on the non-
normality assumptions of the variable of interest and or random errors. Variables such as income, poverty rate, were considerably
skewed with potential outliers. To produce better estimates in these regions, Moura et al. [20] assumed the Skew-normal distribution
and Skew-t distributions for the error terms and variable of interest. Logit-Exponential Power model was developed by Liu and Lahiri
[21] to capture the non-normality thereby having a better precision. The model was used in the prediction of low birth-weight using
the 2002 natality survey in the United States of America. Small area model for poverty gap data and assumed the error term follows
a skew-normal distribution was developed by Diallo and Rao [22], this actually increases the precision of the poverty data.

This work intends to predict the proportion of doctor’s visit and additional cost due to having PLWD(s) in the family for each
state in Nigeria. This work employ the use of small area estimation techniques and assumed that unit level data is available. The
two-level logistic regression model where the random errors follows the Skewed Exponential power distribution were considered for
modeling. Two stage sampling procedure was considered in N.B.S. [1], the first stage were the states (area) and households for the
second stage. Section 2 presents the materials and methodology. Section 3 discusses the data analysis, results, and Section 4, the
conclusion.

2. Materials and methods

2.1. Data source

Data were obtained from N.B.S. [1], the NLSS is nationally representative and collects data from 36 states which usually rep-
resents administrative units and the Federal Capital Territory using a stratified two-stage sampling procedure. Its objective is to
gather information on the living condition among the Nigeria population, furthermore it include individual and household socio-
demographics (marital status, gender, presence of person’s living with disability) accesses to health services, assets, income, also
used to measure poverty prevalence [1].

2



Ajayi et al. / African Scientific Reports 3 (2024) 181 3

2.2. Sample size, inclusion criteria and interest variable

A total 22,110 households consisting of 116,320 individuals were interviewed, the primary sampling units which were enumera-
tion areas (EA) in the 36 states of Nigeria and the federal capital territory was drawn from the National Integrated Household surveys
(NISH2).

The inclusion criteria were households who reported having someone who has difficulty in remembering and concentrating. The
interview question followed the recommendation by Ken [9], the response options include; Too young to determine, No difficulty,
Yes some difficulty, Yes a lot of difficulty and Cannot remember and concentrate. These responses will be considered as response
groups/area see Table 1. The variable of interest was if they had visited a doctor in the last month and if they incurred additional
expenses due to having person’s living with disability in the household. The household responses were analyzed based on the
groups/areas and states which serves as the multilevel factors. No auxiliary/independent variables were considered in the analysis.

2.3. Development of multi-level model

Since the survey considered a two stage sample survey, an appropriate multi-level analysis will be the two-level binary logistic
regression model. The groups/areas were considered as cluster while states were considered as stratum. Since variable ydik is binary
for d = 1, . . . ,D, i = 1, . . . ,Md; k = 1, . . . ,Ndi, it can reasonably be assumed that

ydik |θdi
iid
∼ Bernoulli(θdi); d = 1, . . . ,D, i = 1, . . . ,Md; k = 1, . . . ,Ndi. (1)

The popular logistic mixed effect regression is usually assumed for the prior distribution of {θdi : d = 1, . . . ,D, j = 1, . . . ,Md} Liu
and Lahiri [21]. That is,

logit(θdi) = x
′

diβ + vd + udi, (2)

where independently for all d and i,
udi

iid
∼ N(0, σ2

u) d = 1, . . . ,D, i = 1, . . . ,Md, (3)

also independently for all d,
Vdi

iid
∼ N(0, σ2

v) d = 1, . . . ,D. (4)

It should be noted that the effect udi accounts for the two-stage sample design in the areas and vd acounts for the random effect in
the area. The models in equations (2)-(4) was referred to as Bernoulli-Logit Normal (LN) by Liu and Lahiri [21].

In order to improve LN model, this work assume that the random effects follows a Skewed Exponential Power distribution (SEP),
which is a more robust generalized distribution as it contains the normal distribution and it accommodates skewed and kurtosis data
sets. The Skewed Exponential Power distribution as given by Hutson [23] is: t

fsep(z) =
k
σ

exp
(
−

1
2

(|z| + (2α − 1)z)
2

(1+λ)

)
, (5)

where

k−1 =
Γ
(
1 + 1+λ

2

)
21+ 1

2 (1+λ)

(4α(1 − α))′
.

0 < α < 1, −1 < λ ≤ 1, −∞ < µ < ∞, σ > 0, z = (y−µ)
σ

, and Γ(.) is the Euler gamma function.
µ and σ serve as the location and scale parameter respectively, and α and λ serve as the shape parameters noting the skewness

and kurtosis of the distribution.
Some symmetric distributions are sub models of the skew exponential power distribution for specific parameter values they

include exponential power distribution, Skew normal distribution Uniform distribution, Normal distribution amongst others.
The PDF of the random variable Y = µ + σZ is

fsep(y|µ, σ, α, λ) =
k
σ

exp
(
−

1
2

(
|
y − µ
σ
| + (2α − 1)

(y − µ
σ

)) 2
1+λ

)
. (6)

Let Y ∼ S EP(µ, σ, α, λ), then E(Y) = µ + σE(z) with,

E(z) =
(β + 1)(1 − 2α)2

β−3
2 Γ(β + 1)

(1 − α)αΓ
(
β+3

2

) .

Hence, the distribution Y ∼ S EP(−σE(z), σ, α, λ) will have zero mean and therefore it can be used to generate random numbers in
the nested error model.
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Given that the random effects of the model in equation (2) follows a skewed exponential power distribution then equation (2)
becomes

logit(θdi) = x′diβ + vd + udi, (7)

udi
iid
∼ S EP(−σuE(z)u, σu, αu, λu) d = 1, . . . ,D, i = 1, . . . ,Md, (8)

vd
iid
∼ S EP(−σvE(z)v, σv, αv, λv). (9)

tThe random errors are independent and E(vd) = E(udi) = 0.
The hyperparameters are assumed unknown (σv, αv, λv, σu, αu, λu) this model shall be referred to as LSEP-II. By implication from

the SEP distribution, it should be noted that to ensure the means of random errors are equal to zero, µv = −σvE(z)v; µu = −σuE(z)u;
the sub-script u and v representing the area and state random level effect.

2.4. Parameter estimation using hierarchical Bayesian methods

Denoting θ = (θ11, ...., θ1m, ...., θD1, ...., θDmD)′ and area effect v = (v1, ...., vD)′

ωS EP = (β, σu, σv, αu, αv, λu, λv)′ denote the hyperparameters for LSEP model.

f (θ, v, λS EP |yS ) ∝ f (yS |θ, v, λS EP ) f (θ |v, λS EP ) f (v |σv ) f (λS EP)

∝ f (λS EP)
D∏

d=1


md∏
i=1
θ

ydi−1
di (1 − θdi)ndi−ydi−1

×
ku
σu

exp

− 1
2


∣∣∣∣ logit(θdi)−x′diβ−vd

σu

∣∣∣∣
+ (2αu − 1)

(
logit(θdi)−x′diβ−vd

σu

) 
2/(1+λu)


×

kv

σv
exp

−1
2

(∣∣∣∣∣ vd

σv

∣∣∣∣∣ + (2αv − 1)
(

vd

σv

))2/(1+λv) , (10)

where

k−1
v =

Γ
(
1 + 1+λv

2

)
21+ 1

2 (1+λv)
/
(4αv (1 − αv)) and k−1

u =
Γ
(
1 + 1+λu

2

)
21+ 1

2 (1+λu)
/
(4αu (1 − αu)).

2.5. Prediction of small area proportion using LSEP-II

The aim is to find the Bayes estimator Pd which is the mean of the posterior distribution Pd Considering areas that contain at
least one sampled PSU, i.e., md > 0. Pd can then be written as

Pd =
1

Nd

∑
j∈S d

∑
k∈S di

ydik +
∑
j∈S d

∑
k∈S c

di j

ydik +
∑
j∈S c

d

Ndi∑
k=1

ydik

 , (11)

where S c
di is the set of non-sampled elements in the jth sampled PSUs, S c

di is the set of non-sampled PSUs, and Nd =
∑Md

i=1 Ndi is the
area level population total.

Given the Bernoulli component of the model E(ydik |θdi) = θdik, and V(ydik |θdi) = θdi(1 − θdi), t.
The Bayes Estimator for posterior mean of Pi is

E(Pd |ys) = E
[
E (Pd |θdi, ys) |ys

]
, (12)

=
1

Nd
E


∑

i∈S d

∑
k∈S di

ydik +
∑
j∈S i

(Ndi − ndi)θdi +
∑
i∈S c

d

Ndiθdi

 |ys

 , (13)

=
1

Nd

∑
i∈S d

∑
k∈S di

ydik +
∑
i∈S d

(Ndi − ndi)E(θdi|ys) +
∑
i∈S c

d

NdiE(θdi|ys)

 .
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Figure 1: Doctor’s visit: response group “Too young to determine”.

Table 1: Brief statistics of the areas.

Response Groups/cluster/Area Does (NAME) have difficulty remembering or concentrating? Frequency Percent
1 TOO YOUNG TO DETERMINE 3595 3.1
2 No, no difficulty 109896 94.5
3 Yes, some 2005 1.7
4 Yes, a lot 547 0.5
5 Cannot do (Yes) 277 0.2

Total 116320 100

And the posterior variance of Pi is

V(Pd |ys) = E[V(Pd |θdi, ys)] + V[E(Pdi|θdi, ys)|ys], (14)

=
1

N2
d

E


∑

i∈S di

(Ndi − ndi)θdi(1 − θdi) +
∑
i∈S c

d

Ndiθdi(1 − θdi)

 |ys


+

1
N2

d

V


∑

i∈S d

∑
k∈S di

ydik +
∑
i∈S d

(Ndi − ndi)θdi +
∑
i∈S c

d

Ndiθd

 |ys

 ,
=

1
N2

d

∑
i∈S di

(Ndi − ndi)E(θdi(1 − θdi)|ys) +
∑
i∈S c

d

NdiE(θdi(1 − θdi)|ys)


+

1
N2

d

V


∑

i∈S d

(Ndi − ndi)θdi +
∑
i∈S c

d

Ndiθdi

 |ys

 ,
where θdik =

exp(βx′dik+vd+udi)
1+exp(βx′dik+vd+udi)

, for i ∈ sd and θdi =
exp(βx′dik+vd)

1+exp(βx′dik+vd) , for i ∈ sc
d.

Considering areas that no sample PSU were taking, Liu and Lahiri [21] considered using a synthetic estimator Pd =
∑Md

i=1
∑Ndi

k=1 ydik

Nd
.

This is based on the assumption that information on each PSUs is available which is a special case of the posterior mean and posterior
variance. Another solution maybe to consider closely related PSUs to the one not sample.
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Figure 2: Doctor’s visit: response group “No PLWD”.

Figure 3: Doctor’s visit: response group “Yes sometimes”.

2.6. Hierarchical Bayesian (HB)-implementation

HB estimates were obtained for the finite population proportion using the full Bayesian method.. The prior distribution considered
for the hyperparameters

i Flat prior for mean (mu) and beta (regression) parameters
ii Gamma prior for the variance component

iii Uniform prior for the Kurtosis (alpha) and Skewness (parameters)
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Figure 4: Doctor’s visit: response group “Yes a lot”.

Figure 5: Doctor’s visit: response group “Yes”.

The HB models were implemented using JAGS (Just Another Gibbs Sampler), 3 independent chains were used for the models, For
each with 50,000 iterations (first 25,000 discarded), to reduce autocorrelation the burn-in were thinned by a factor of 10 in the MCMC
results. The resultant 25,000 MCMC samples were used to compute the mean and variance. The potential scale reduction factor R
Gelman and Rubin [24] were used as the measure of convergence.
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Figure 6: Additional cost: response group “Too young to determine”.

Figure 7: Additional cost: response group “No PLWD”.

3. Results and Discussion

Two-level logistic SEP model and one-level logistic model were fitted to the data, the parameters were estimated using Bayesian
methods, R-hat was used as a measure of convergence, it shows that the posterior distribution converges (see Tables 2 and 3).
The variance for the one-level logistic regression model for doctor’s visit and additional cost were found to be 48.662 and 50.623
respectively. The intra class correlation coefficient (ICC) was computed to determine the cluster and strata effect on the model. The
two level SEP model has a lower ICC therefore, it is better for prediction. The focus is to estimate/predict the proportion of PLWDs
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Figure 8: Additional cost: response group “Yes Sometimes”.

Figure 9: Additional cost: response group “Yes a lot”.

who had visited a doctor and additional cost they incurred across Nigeria in various groups of responses.
Tables 4 and 5 show the descriptives of the predicted values for household who had visited the doctor and additional cost due

to PLWD respectively. It can be seen in Table 5 that the response group “Yes” which indicate that there is at least someone living
with disability in the household had lower proportion for additional cost that is households don’t have additional cost due to PLWD
whereas there is higher proportion of households do visit doctors (Table 4).

Figure 1 shows the doctor’s visit of the response group “Too young to determine” and it can be seen that Kwara, Gombe and

9
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Figure 10: Additional cost: response group “Yes”.

Table 2: Parameter estimation using two-level SEP model for visit to medical practitioner.

Credible Interval
Parameters Estimates SD 2.50% 97.50% Rhat
Alpha 0.519 0.287 0.035 0.978 1.005
Lambda 0.506 0.283 0.027 0.973 1.008
Sigmau 49.201 28.564 3.117 98.053 1.004
Sigmav 51.135 28.433 2.769 97.165 1
DIC 33420

Table 3: Parameter estimation using two-level SEP model for additional cost.

Credible Interval
parameters Estimates SD 2.50% 97.50% Rhat
alpha 0.492 0.287 0.025 0.968 1.011
lamda 0.488 0.283 0.025 0.97 1.006
sigmau 50.031 29.018 1.834 97.897 1.008
sigmav 49.48 28.234 2.617 95.654 1.002
DIC 2165

Table 4: Descriptive statistics of predicted values for households who had visited the Doctor.

Response Groups N Minimum Maximum Mean Std. Deviation
Too young 37 0.6842 0.7025 0.69435 0.00407
No PLWD 37 0.4785 0.6805 0.60491 0.04403
Yes some 37 0.6118 0.91 0.76513 0.07025
Yes a lot 37 0.91 0.985 0.94917 0.0318
Yes 37 0.9817 0.988 0.98476 0.00165

Enugu states has a higher proportion. Figure 2 shows that South-West has the highest proportions of response group “No PLWDs”
who had visited the doctor, with some few states in the South-South and Norths. Figures 3 and 4 showed that households who has

10
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Table 5: Descriptive statistics of predicted values for additional cost due to PLWD.

Response Groups N Minimum Maximum Mean Std. Deviation
Too Young 37 0.144 0.235 0.1881 0.01988
No 37 0.089 0.206 0.15041 0.03036
Yes some 37 0.045 0.36 0.18868 0.06928
Yes a lot 37 0.01 0.2 0.11519 0.08281
Yes 37 0 0.2 0.07237 0.07451

individual who behave sometimes or a lot PLWD has increase in visiting of medical practitioner, this may be due to not being sure if
the individual is PLWD. Figure 5 shows that all the states of Nigeria has households with PLWD who visited the medical practitioner
in the last one month, however it is higher in the North-Western, North-Central and North-Eastern Nigeria, also Ogun and Ondo
states has households with PLWDs, it could be seen that South-Eastern with Cross-River state has households with PLWDs, it can
be said that this states will require more medical practitioners in order to cater for the needs of this PLWDs. Figures 6-10 show the
additional cost incurred by households in Nigeria across various response group. It can be seen that the proportion who incurred
additional cost was low. Further studies could be done to ascertain the reasons for having lower proportion of additional cost and
higher proportion of visit to the doctor. Figure 10 shows that the North central states, Lagos, Ekiti, Bayelsa, Kebbi, Sokoto and
Katsina were predicted to having additional cost due to PLWDs.

4. Conclusion

The use of stratified two stage sampling techniques allows for the prediction of each responses/area per states for the needs
of people living with a disability. The assumption that the random effects being normally distributed was relaxed in the formed
two-parts model to accommodate a more robust distribution; skewed exponential power distribution (SEP) which also has Normal
distribution as its member. Fitting the full two-part model accounts for the correlations between the random effects of the two
parts. This actually increase prediction than using one-fold model. The use of HB method of estimation implemented using Monte-
Carlo Markov chain (MCMC) simulations in R-JAGS, which eliminated the complexity of the two parts hierarchical model, thereby
enabling the prediction of each area per states in Nigeria. The use of this approach requires specifying prior distributions, which
can affect the inference/variance, particularly with a small number of sampled areas even when specifying noninformative priors.
Methods like bootstrap or jacknife could be considered as alternative methods for the variance estimation.
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