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Abstract

In the present work, we analysed the distribution pattern of male migrants (aged>=15) from western Utter

Pradesh through four basic models viz; Geometric, Poisson-Lindley, Negative Binomial and Zero Adjusted Log Series
models. Competency of each of the model was tested with the help of F-ratio test and Vyoung test. A bootstrap test was
applied to obtain the size and power of the fitted model. Zero Adjusted Log Series model was found to be the best model to
explain the migration behaviour of male migrants of this region.
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1. Introduction

Migration has been defined as a permanent or temporary
change in residence between some specific defined
geographical or political areas. In recent years, it has not only
contributed a lot to the change in size and composition of the
population, but also it leaves a significant impact on the
socio-economic characteristics of the origin and destination
population. Rural-urban migration is a flexible and dynamic
phenomenon that encompasses territorial mobility of the
people and involves movements like commuting, absence
from home for periods from a couple of days to several years.
It also plays an important role in linking people with spaces
and transferring people from a place of lower opportunities
to those of higher opportunities. Migration or the movement
of people can broadly be classified into two groups (i)
long-term migration and (ii) short-term migration. We will
focus only on the first type of migration.

During the past few decades, many attempts have been
made to study the migration process and its impacts ([1], [7],
[17], [4], [18]). But the findings of all these methods were
based on a macro level approach, which involved a huge set
of data from countries, nation, and states as a whole.
Therefore, the outcomes of these studies have failed to
describe the migration process and pattern, which occurs at
the regional and local level. A micro-level approach is
needed to clearly explain the mobility behaviour of people. It
can be undertaken at the village level, community level or
individual level. In almosteach andevery country,
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‘household’ has been accepted as a basic unit to assess the
overall socio-economic development of the region. Actually,
the number of migrants from a household significantly
changes the socio-economic and cultural aspect of the
household. It sends remittances, brings new ideas and
exposure to the household.

Like any other developing country, two types of the
household were observed in the study area according to the
type of migration. In the first type of households, a male
member of family aged 15 years and above migrated singly
to other places, leaving their spouses, children and parents at
home. They maintained a close contact with their family
members left in the village, send remittances and visited the
household at a frequent interval of time. In the second type,
male members migrated with their spouses, children and
other dependent. The characteristics of both types of
households are different as far as their socio-economic and
cultural impact is concerned. In the first case, there is only
male migration, while in the latter, females also migrated.
Only the first kind of migration will be studied here.

Several attempts have been made in this direction to study
the pattern of rural out-migration with the help of suitable
probability models. ([14]) were the first, who attempted to
propose a Negative Binomial distribution to describe the
pattern of this movement at the household level. Later, ([11])
tested the suitability of this model to another set of data and
found it unsatisfactory; he proposed the Negative Binomial
distribution under certain assumptions, which fitted the data
well. ([15]) proposed the mixture of Negative Binomial
distribution and Thomson distribution with some
assumptions. ([23]) tried to fit the same set of data with
inflated Logarithmic distribution. ([22]) introduced the
mixture of Poisson distribution and inflated Geometric
distribution. They called it as modified Polya-Appelli
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distribution. But it was suitable for the fitting of a total
number of migrants (including females) only. ([16])
proposed a Log Series distribution. But all these proposed
models suffered from certain drawbacks. All these models
have been proposed and applied to the data taken from
eastern Utter Pradesh and Bihar, while our study is based on
the data collected from western Utter Pradesh. This part of
the state is quite different from the other part, in terms of
economic, geographical and social aspects. Higher per capita
income, availability of fertile agricultural land,
well-developed irrigation facilities and growth of industrial
units set this region apart from the eastern Utter Pradesh and
makes the region a viable place for migration. To the best of
our knowledge, no study has been undertaken in this region
to observe the migration pattern of the population involved.

Taking the limitations of all these models into account, we
have proposed four basic probability models to describe the
behaviour pattern of male migrants (aged>=15) from a
household. The purpose of this work is, therefore, to
compare the applicability of basic statistical distributions to
migration data and to provide a set of logical basis to
understand the migration pattern clearly. Therefore, our
present work has four objectives, to (a) use of
Poisson-Lindley, Negative Binomial, Geometric, and Zero
Adjusted Log Series models (b) apply the four models to the
migration data and to investigate how well these models fit
the data (c) comparison of four models and (d) to apply a
bootstrap test within a simulation framework to obtain the
size and power of the fitted model. To our knowledge, no
formal comparison of all these four models has been made to
migration data so far.

2. Description of Data

The data used in the present study have been collected
from the rural area of district Meerut (U.P.). There has been a
rapid spurt of industrial development in and around the city
during the past decades and it has become a major hub for
various economic, cultural, educational and developmental
activities over the years. The baseline survey of nearly 3600
households was undertaken to get the reliable and relevant
data pertaining to the problem under study. Following the
guidelines from ([13]) data was collected from three types of
villages through a stratified clustered sampling method.
These three types of the village have been identified as
semi-urban, remote and growth centres. We divided the
whole of Meerut rural into three regions;

(i) Semi-urban areas
(ii) Remote areas
(iii) Growth centers

The villages of Meerut district were classified into two
groups according to the distance from Meerut city (boundary
of Meerut Nagar Nigam) to form two strata. The villages at a
distance of fewer than 8 kilometres formed the first stratum
of semi-urban villages, while rest constitute the second
stratum called as remote villages. For the selection of growth
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centres, villages, which were located nearby industrial areas
and sugar mills, were taken into consideration. Random
selection of 8 and 6 villages was done from these two strata
respectively to get approximately 1200 households of each
type.

All semi-urban villages were put in increasing order of
their population size and then divided into three almost equal
groups. These groups consist of;

(a) Large size village (first group)

(b) Mid-size (second group)

(c) Small village (third group)

From the first group, with the help of random number
table, we selected a two digit random no. and the village
corresponding to this no. was selected for the study. The
remote village was also put in order of their size and divided
in the same way as a semi-urban village.

Table 1 displays the frequency distribution of four sets of
data, classified according to their category, and shows the
number of migrants along with their mean and variances.
Each data set shows the variance larger than the mean, a clear
indication of over dispersion. One thing is common for each
data set that each data set has a peak at no migration and
thereafter starts declining rapidly after one migrant, a typical
nature of each and every migration data. A minute
investigation also reveals a hugely over dispersed nature of
the each data set. This might be due to the availability of
cultivable land and job opportunities at nearby areas.

Table 1. Frequency distribution of data

No. of No. of No. of No. of
NO' of households | households | households | households
migrants
(Overall) | (General) (OBC) (SC /ST)
0 2679 263 1695 721
1 445 95 297 53
2 78 14 57 7
3 19 1 16 2
4 3 2 1 -
Total 3224 375 2066 783
Mean 0.2078 0.3573 0.2241 0.0932
Variance 0.2596 0.3853 0.2815 0.1179

OBC-other backward caste, SC-scheduled caste, ST-scheduled tribe

2.1. Description of Models

(a) Geometric model: let X denote the number of male
migrants (aged>=15 years) from the household. It is
observed in the survey data that the probability of a number
of male migrants decline rapidly i.e. probability of migrating
k males from a household is greater than the probability of
migrating k+1 males. Therefore, a situation arises when the
number of male migrants from the household follows a
Geometric distribution.

P(X=k)=pq*, k=0,1,2,3.... andg=1-p
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Its mean and variance are given by

- _1q q
X=— andV(x) = —
b €9 =~
(b) Negative Binomial model: Let X be the number of
male migrants aged 15 and above. 14have shown that the
number of male migrants from a household follows a
negative binomial distribution and probability of exactly K
males aged 15 and above is given by;
I'k+r) B ( r
I'(k+ DIr (u+r) p+r
=012...

Where  is the mean number of migrants per household
and r denotes the dispersion parameter. The variance of the
Negative Binomial distribution is given by

2_ [
o= u(l + :)

We can observe that as the value of r increases, so is the
over dispersion.

(c) Poisson-Lindley model: (i) The number of male
migrants aged 15 and above is a random variable and follow
a Poisson distribution with parameter A i.e.

e—l}\z

z!

P(X=K) =

r
) ;o wr>0k

P(Z=2) = A>0, 2z=0,123..

Where Z denotes the number of male migrants aged 15
and above and A represents the risk parameter.

(i1) The risk parameter A varies from household to
household and follows a Lindley distribution proposed by

(18D

(ool

Pz =12) = j e A% 92(1 + e
9 z! 9+1
0
92 +2+2)
=W,Z=O,1,2,3...
942 93 + 492 + 69 + 2
b= ST D 02T T R

Where 9 is the parameter of Poisson-Lindley distribution.
The variance of Poisson-Lindley distribution is greater than
its mean ([3]) i.e. it is over-dispersed, therefore, it can be
used for modelling of over- dispersed data.

(d) Zero Adjusted Log Series distribution: 6 introduced
the ‘logarithmic with zeros’ distribution, later on, which was
renamed as Zero Adjusted Log series distribution with the
following p.m.f.;

PX=x) = o, forx=0
(1—o)p*
=——7,x=123.... ; 1
—xln(l—u)'x ,2,3 ; u<lando >0

Where o is the probability that a household is not exposed
to the risk of migration, W is the parameter of log series
distribution. Mean of the Zero adjusted log series
distribution is given by;
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_ U-ou
o log(l—pw) (1—-w
Now equating the observed probability of zeroth cell and
mean with its theoretical values i.e.

Po =0
_ (1-o)u

T olegl-w (-
Where Py and X represents the proportion of zeroth cell
and observed mean respectively.

2.2. Parameter Estimates

The maximum likelihood estimation (M.L.E.) method was
employed to estimate the parameters of the four probability
models. M.L.E. was used since this method possesses several
desirable properties and advantage over another method of
estimation. It is more robust in the sense that it possesses the
properties of invariant, asymptotic normality, consistency,
sufficiency and minimum variance for large samples. The
values of various estimated parameters are shown in table 2.
The lower value of r for SC /ST category indicates that this
data set is hugely over-dispersed and lower value of ¢ for
general category gives an indication that this category is
more prone to migration. The p-value from table 4 also
demonstrates that Zero Adjusted Log series distribution
provides a good fit across all the categories. Though
Geometric, Poisson-Lindley, and Negative Binomial
distribution also provide the good fit, but they do not seem to
be consistent for each category (table 4). But, when we look
at the AIC and BIC, Zero Adjusted Log Series model gives
higher values for both AIC and BIC as compared to other
models.

Table 2. Estimated results of parameter

Data type Model 1} r c
G 0.8279 -
PL 5.5491 -
Over all

N 0.2078 0.8178

ZA 0.3294 - 0.8309
G 0.7367 -

PL 3.4196 -

General

N 0.3573 5.9262

ZA 0.2943 - 0.7013
G 0.8169 -

PL 5.1858 -

OBC

N 0.2241 0.8260

ZA 0.3482 - 0.8204
G 0.9147 -

PL 11.5856 -

SCIST
N 0.0932 0.3438
ZA 0.2724 - 0.9208
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Zi is the fitted value.

(b) Root mean square error (RMSE): RMSE = VMSE.
It has the advantage of being on the same scale as the data,
but both MSE and RMSE has the demerit of being more
sensitive to the outliers.

(c) Mean absolute error (MAE): MAE=mean (| (Z;-Z})

(d) Mean absolute percentage error (MAPE): MAPE
has the advantage of being scale dependent, reliable and easy
to calculate. It can be used across different data sets, which
are on the different scale. The formula for MAPE is given as

MAPE = mean (1100 £=2 1)

In table 5, accuracy results of all the four measures are
given for each data set. The model with the least error is
preferred. It is evident from the table that Zero Adjusted Log
Series model fits the data with a minimum error for the
majority of data sets. Though, Negative Binomial is also
very close. Both these model displays a substantial degree of
improvement over the other two models i.e. Geometric and
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Table 3. Distribution of fitted frequencies
D No. of
tyaptz1 migora?ns G PL N ZA
0 2669 2668 2679 2679
1 459 461 444 450
Over all 2 79 79 82 74
3 14 13 16 17 )
4 3 3 3 4
0 276 275 265 263
1 73 74 89 94
General 2 19 19 17 14
3 5 5 3 3 follows;
4 2 2 1 1
0 1688 1687 1694 1695
1 309 311 299 302
OBC 2 57 56 58 53
3 10 10 12 13
4 2 2 3 3
0 716 716 721 721
1 61 61 53 53
SC/ST ) 5 g ;
3 1 1 2

2.3. Model Accuracy Results

Table 5 displays model accuracy results for all the four
models. It is the most popular method of observing the
efficiency of the model when several models are in the fray.
([5]) have described several measures of accuracy. Some
measures are scale dependent and some are scale
independent. Scale-independent measures should not be used
across different data sets which are not on the same scale. We
have used four following measures of accuracy.

(a) Mean square error (MSE): It is a scale dependent
measure of error.

Poisson-Lindley distribution.

3. Comparing Models

F-ratio test and Vuong statistic were used to compare the
fitted models. F-ratio test is best suited to compare the nested
models. In nested models, every model has the same
parameter and one model has at least one additional
parameter. For example, Geometric and Negative Binomial
are the nested models. One model is called the reduced or
null model (w), while the other is called the extended or full
model (2). ([12]) have described the F-ratio test as;

_ (RSS —RSSq)/r—s

MSE = mean (Z; —Z:)?, where Z; is the observed value and RSS y /n—T = Frs nr
Table 4. Goodness of fit measures
Data type Model Chi-square P-value AlIC BIC Loglikelihood
G 2.188 0.53 3577.76 3583.84 -1787.88
PL 2.86 0.34 3578.15 3584.23 -1788.08
Over all
N 0.81 0.67 3578.56 3590.72 -1787.28
ZA 0.99 0.61 3580.11 3592.27 -1788.06
G 12.42 0.006 588.81 592.74 -293.41
PL 11.70 0.008 588.01 591.94 -293.005
General
N 10.39 0.005 582.73 590.59 -289.37
ZA 434 0.12 580.17 588.03 -288.09
G 4.00 0.261 2409..74 2415.38 -1203.87
OBC PL 4.44 0.35 2410.00 2415.63 -1203.99
N 242 0.30 2410.97 2422.24 -1203.48
ZA 3.14 0.37 2413.33 2424.59 -1204.66
G 7.16 0.028 501.01 505.67 -249.51
PL 7.29 0.026 501.07 505.73 -249.53
SC/ST
N 0.47 0.50 499.28 508.61 -247.67
ZA 0.37 0.54 499.32 508.65 -247.66
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Table 5. Comparison of accuracy measures
Data
Model MSE RMSE MAE MAPE
type
G 67.12 8.19 6.62 17.31
PL 85.76 9.26 7.30 18.15
Over all
N 6.21 2.49 2.05 12.59
ZA 8.68 2.95 244 8.04
G 143.08 11.96 9.08 100.60
PL 129.12 11.36 8.70 99.51
General
N 10.95 3.31 2.93 56.00
ZA 1.03 1.01 0.73 48.79
G 45.79 6.77 5.24 26.02
PL 57.95 7.61 5.85 24.48
OBC
N 5.00 2.24 1.83 33.67
ZA 12.57 3.55 3.08 50.34
G 23.42 4.84 4.05 29.82
PL 23.50 4.85 4.06 29.98
SC/ST
N 0.36 0.60 0.22 11.33
ZA 0.13 0.37 0.26 9.46

Where RSS =Y (Zi-Zi)? is the residual sum of squares, r is
the number of parameters in the full model, s is the number
of parameter in the reduced model and n is the number of
observation. It is important to decide which model will act as
a null model and be the part of the null hypothesis. One thing

to notice, that it is not possible to use F-ratio test where a
number of parameters are equal in both the models.

Vuong test was proposed by ([20]) to compare the
non-nested models. According to this test, let fi(yi/x)
denotes the predicted probability distribution under H, and
fo(yi/x;) is the probability distribution under H; and let

Then Vyong statistic;
Iim
V= Vi ——

ST m =)
n

If the value of V statistic is greater than 1.96 then the test
favours the full model and if less than -1.96 then it favours
the null model. Any value between -1.96 to 1.96 leads to the
inconclusive test ([10]).

Table 6 demonstrates the p-value of F-ratio test and value
of V statistic. The p-value for F-test is less than 0.05 for
every combination of models. It means there is a need for a
distribution with extra dispersion parameter to handle the
over -dispersion in the data i.e. Negative Binomial and Zero
Adjusted Log series distribution might give the good fit as
compared to Geometric and Poisson-Lindley distribution.
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Table 6. Comparison of models

Models Over all General OBC SCIST
F-ratio \Y F-ratio \Y F-ratio \Y F-ratio \Y%
GvsPL - 1.46 - 0.88 - 1.43 - 1.52
GvsN 0.012 1.51 0.012 1.37 0.013 1.47 0.005 1.35
GvsZA 0.021 1.14 0.0002 1.59 0.05 1.09 0.003 131
PLvsN 0.007 1.50 0.014 1.39 0.009 1.46 0.005 1.36
PL vs ZA 0.004 1.17 0.0003 1.62 0.034 1.13 0.003 131
Nvs ZA - 0.76 - 0.64 - 0.74 - 0.04
Table 7. Simulated estimates of the size and power of the test
. Simulated model size Simulated model power (1-g)
Data type Comparison of models " b
0.01 0.05 0.10 0.01 0.05 0.10
GvsPL 0.011 0.06 0.12 0.975 0.89 0.80
GvsN 0.01 0.05 0.10 0.99 0.95 0.90
Over all GvsZA 0.014 0.06 0.11 0.97 0.90 0.83
PLvsN 0.01 0.56 0.11 0.99 0.95 0.89
PL vs ZA 0.01 0.047 0.10 0.98 0.94 0.88
Nvs ZA 0.013 0.06 0.12 0.97 0.89 0.81
GvsPL 0.03 0.11 0.19 0.86 0.68 0.56
GvsN 0.02 0.09 0.16 0.99 0.95 0.89
Gvs ZA 0.01 0.06 0.11 0.98 0.93 0.88
General
PLvsN 0.01 0.05 0.11 0.92 0.79 0.69
PL vs ZA 0.01 0.05 0.10 0.99 0.94 0.89
N vs ZA 0.02 0.09 0.15 0.99 0.95 0.89
GvsPL 0.01 0.05 0.10 0.82 0.61 0.49
GvsN 0.01 0.05 0.10 0.97 0.90 0.83
OBC Gvs ZA 0.13 0.06 0.12 0.95 0.85 0.75
PLvsN 0.01 0.05 0.10 0.98 0.93 0.88
PL vs ZA 0.02 0.07 0.13 0.98 091 0.85
Nvs ZA 0.03 0.10 0.18 0.98 0.94 0.89
GvsPL 0.01 0.05 0.10 0.97 0.88 0.80
GvsN 0.008 0.05 0.10 0.99 0.95 0.90
Sc/ST Gvs ZA 0.03 0.09 0.16 0.98 0.90 0.83
PLvsN 0.01 0.06 0.11 0.99 0.95 0.89
PL vs ZA 0.02 0.07 0.13 0.98 091 0.84
N vs ZA 0.01 0.05 0.10 0.98 0.91 0.83

4. Simulated Estimates of the Size and
IK/?Véerl of the Test to Compare Four
odels

The use of simulation studies, in almost all spheres of
science, ranging from aeronautics to health and social
sciences, has given an edge to the studies, where real data
would not have been possible ([19]). Simulation methods
give the empirical estimation of the sampling distribution of
parameters involved that was not possible from a single
study. ([2]) have provided the detailed procedure and
protocol to be followed before any simulation gets started.
Simulation technique was used to achieve the estimates of
size and power of the test that were obtained from empirical
distributions, which were obtained from repetitions of
simulated data generated from a particular model. We used a

bootstrap approach supported by simulation technique to get
the estimate of size and power to compare the competence of
the model. Basically, bootstrap is a non-parametric
resampling method for estimating sample size, standard error
and confidence interval etc. and it involves repeated
selection of random samples from the original data with
replacement. ([21]) have given a procedure of estimating
power and size of the test in detail. P- values were obtained
through bootstrapping and then the size of the test was
estimated as the proportion of p-values in which the null
model was accepted at the actual significance level. The
power of the test was computed as the proportion of p-values
from each simulated sample, in which we rejected the null
model when it is false. AIll these simulations and
bootstrapping were done with the help of R-3.2.2 version
([9]) on a Window 10 platform.
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All the results from the simulation were summarized in
table 7. We used the fitted models based on migration data as
to start the simulation process so that the realistic results can
be ensured. A number of replications and bootstrap B values
varied for each combination of models due to varied
dispersion for each model. The bootstrap test gives us the
satisfactory results, as is evident from table 7. Though, there
was some difference in actual size and estimated the size at
some places, when Negative Binomial versus Zero Adjusted
model were considered for General and OBC category and
Geometric versus Zero Adjusted for SC/ST category. A big
gap can be observed across all the data sets in the power
when we applied Geometric versus Poisson-Lindley
distribution at 0.01, 0.05 and 0.10 level of significance.

5. Conclusions

From the above study and discussion, it might be
concluded that Zero Adjusted Log Series distribution
provides a good fit and shows an improvement over
Poisson-Lindley, Geometric and Negative Binomial
distribution for several sets of data on rural-urban migration
of this region. Though Negative Binomial distribution also
approximates the good results, but it lacks consistency when
applied across all the categories selected in the study. It is
observed that a mean number of migrants are higher in
General category followed by OBC and SC/ST. The reason
behind this phenomenon might be that, usually, General
category families are well educated and well informed about
the opportunities at other places, so they are more prone to
migration. It also reflects the existence of strong joint family
culture prevailed in the upper category households of the
region. The availability of ample cultivable land, job
opportunities in the agriculture farms, brick lin industries,
and small scale industries also discourages the single male
migration from OBC and SC/ST category households. Given
the characteristics of the migration data, our study also
confirmed that migration data is over-dispersed, but not
because of the heterogeneity of the population.
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