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ABSTRACT
In order to fight poverty more effectively, it is vital to determine the extent to which households are chronic or transient 
poor. In this context, this paper has two aims. The first is to estimate poverty transition between 2006 and 2016 in Turkey 
using a newly developed synthetic panel method. With this method, the transition of poverty between two-time points 
can be estimated without the need for real panel data. The second aim of the study is to test how well this method works. 
To this end, the analysis has been performed once again by using real panel data for the years 2006-2009 and 2013-
2016. The findings show that the percentage of households those who chronically poor is between 3.9% and 10.7%, the 
percentage of those who escaped from poverty is between 12.1% and 20.8% and the percentage of those who fall into 
poverty is between 5.4% and 12.2%. The analysis with actual panel data has revealed that the method works quite well.

Keywords: cross-sectional data, poverty, poverty transition, synthetic panel, Turkey.
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The first goal of the United Nation’s (UN) Millenium 
Development Goals is to reduce the number of people 
who live in extreme poverty and to eliminate hunger. 
The results suggest that more than 1 billion people 
have been saved from extreme poverty. However, 800 
million people still live in extreme poverty across the 
globe (UN, 2019). We do not know how many of those 
800 million people fell into extreme poverty first time 
or how many of them were already in extreme poverty. 
To discover who moves in and out of the poverty (in the 
extreme form or not), data contain information about 
the same analysis units (individuals or households) for 
multiple time points are needed. Fortunately, panel 
structured datasets meet this feature. The problem at 
this point is that panel data is an exception rather than 
a rule for developing countries. The lack of necessary 
data has made analysing the poverty transition in those 
countries complicated for many years. 

In his seminal paper, Deaton (1985) has developed 
the pseudo-panel data method, allowing the use of 
cross-sectional data when no actual panel data are 

available. In pseudo-panel data, individuals are classi-
fied as homogenous cohorts according to their specific 
characteristics. The most used character is the year of 
birth. So, individuals are grouped in specified age cate-
gories, and the cohort averages are used observations 
(Verbeek, 2008). Although Bane & Ellwood (1986) used 
the actual panel in their pioneering study examining 
poverty from a dynamic perspective, pseudo-panel or 
cross-sectional data have been used extensively in the 
dynamic poverty analysis due to the fact that the panel 
data is an exception for most developing countries.  For 
instance, Gibson (2001), Antman & McKenzie (2007) and 
Cuesta, Ñopo, & Pizzolitto (2011) have utilised repeated 
cross-sectional data for analysis of chronic poverty, 
income and earning mobility, among others. Despite 
the emphasised advantage, the main criticism of re-
peated cross-sectional data is that the use of cohorts 
compels the researchers to make a trade-off between 
the number of cohorts and the number of observations 
per cohort. If the number of the cohort is to be higher, 
which means more analysis units, the number of ob-
servations in each cohort must be reduced. This will 
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increase the within-cohort variance and damage the 
estimation efficiency. There is no certainty in the lite-
rature about the number of cohort and the number of 
observations for each cohort. Therefore, there has been 
a need to develop more effective analysis methods.

As is in many previous studies, balanced panel 
data have been employed to scrutinise the dynamics 
of poverty in Turkey. In all of these studies, Survey on 
Income and Living Conditions (SILC) panel data which 
conducted since 2006 by the Turkey Statistics Institute 
(TurkStat) has been used. For instance,  Acar & Başlevent 
(2014) have estimated the determinants of entry and 
exit from poverty for the 2007-2010 period using the 
traditional probit estimation method. They concluded 
that the employment status and education level of the 
household leader was strictly related to the change in 
the poverty situation. Similarly, Acar (2014) examined 
multidimensional poverty transitions for 2007-2010. 
Random effects probit model results show that the inc-
rease in the level of education and the homeownership 
reduce the probability of being multi-dimensional poor. 
Şeker & Dayıoğlu (2015), unlike previous studies, have 
used the spell approach of Bane and Ellwood (1985) to 
perform a duration analysis for the period 2005-2008. 
They have revealed that almost a quarter of the poor are 
in persistent poverty. Using a similar method, Dayioğlu 
& Demir Şeker (2016) have examined child poverty in 
the period 2006-2009 and found that 30 per cent of 
poor children has been poor during the whole period. 
Lastly, Sigeze & Şengül (2018) have used the multino-
mial panel probit method to estimate the determinants 
of the poverty dynamics of households and chronic 
poverty for the 2009-2012 period. The results differ 
according to the characteristics of the household head 
and the household. Nevertheless, this study can not tell 
us what proportion of poor households is transient or 
chronically poor. 

The characteristic feature of all these studies is 
that the time dimension in the panel data they use 
is at most four years. This is since SILC has a rotating 
panel structure. That is, one-quarter of the sample 
is dropped every year, and a new sample is added 
instead. Therefore, one-quarter of the sample can be 
followed for a maximum of four years. Considering 
the structure of the phenomenon of poverty, it can 
be said that four years is a short period. Poverty is a 
result of structural problems.1 Therefore, the solution of 
structural problems also requires time. To be analysed 

1 For a discussion of poverty from political economy perspective, see Bahçe & Köse (2017). See also Buğra & Keyder (2005) for the social 
policy, and Wuripe (2018) for literature examination in tersm of government role in poverty eradication.

for a more extended period of poverty transition is 
thought to reveal more consistent results on how the 
poverty changes in Turkey. However, it is evident that 
this cannot be done with the methods employed so far 
and using four-year panel data.

Taking into account the studies carried out on 
Turkey, the aim of this paper is to estimate poverty 
transitions in Turkey using cross-sectional data for the 
period 2006-2016. To this end, the newly developed 
method proposed by Dang, Lanjouw, Luoto, & Mc-
Kenzie (2014) has been employed. This method allows 
the calculation of transient and chronic poverty rates 
between two-time points without the need for panel 
data. Several validation studies have shown that this 
method works reasonably well (Cruces et al., 2015; 
Herault & Jenkins, 2018; Urzainqui, 2017). The primary 
motivation behind this study is the fact that different 
policy sets are needed to reduce transient and chronic 
poverty. Transient poverty is a short time for individuals 
or households to remain poor and is caused by shocks 
such as diseases, natural disasters or death. Chronic 
poverty is the result of structural problems such as 
income distribution disorder, constraints on access to 
education, inequality of opportunity, or inter-regional 
differences in development. Therefore, it is believed 
that the present paper will help policymakers to 
develop more effective policies in terms of poverty 
alleviation. Moreover, it is also aimed to demonstrate 
how well the method works by using actual panel data. 

This paper proceeds as follows. The method pro-
posed by Dang et al. (2014) is explained in detail in 
Section 1. First, the background of the methodological 
approach is explained briefly, and then the calculation 
approach is presented step by step. Section 2 provides 
detailed information on the data set and variables used 
in the study. The empirical findings and robustness 
exercise are provided in Section 3. The article concludes 
with a brief discussion in Section 4.

1. Method
This section is mostly based on Dang et al. (2014) 

and Bierbaum & Gassmann (2012). The logic behind 
the method of Dang et al. (2014) can be explained as 
follows. Suppose we have cross-section data collected 
at two-time points. Let time points are represented by 
1 and 2. Since these are cross-sectional data, the units 
in both dataset are different. Therefore, the income or 
consumption of the households observed in round 1 
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cannot be known in round 2, or vice versa. One thing 
to do at this point is to estimate the value of household 
income or consumption in the second round observed 
in the first round. This estimation can be carried out 
by applying the ordinary least squares (OLS) method 
to the consumption or income equation using the 
time-invariant household variables observed in both 
rounds.

To put it more formally, let ity  be the per capita 
income or consumption in the household i  and at the 
round t , 1,2t = . Likewise, itx  is the vector contains 
time-invariant household characteristics like sex, lan-
guage, religion or birth of region and itε  is the error 
term. So, the estimation equation that can be used for 
both rounds can be written as follows,

it t it ity xβ ε′= +  (1)

However, it is not possible to estimate the 
change in the poverty status of households 
directly by using repeated cross-sectional data. 
In other words, we cannot predict the following 
joint possibilities; 1 1 2 2Pr(  and )i iy z y z< > : po-
or-nonpoor, 1 1 2 2Pr(  and )i iy z y z< < : poor-poor,  

1 1 2 2Pr(  and )i iy z y z> < :  nonpoor-poor and 

1 1 2 2Pr(  and )i iy z y z> > : nonpoor-nonpoor, where tz  
is the poverty line in the corresponding round. Instead, 
by using the coefficients obtained from the estimation 
of the first-period equation and the time-invariant 
household characteristics of the second period, the 
estimates for the first period of the households in the 
second period can be obtained. Dang et al. (2014) refer 
to the data obtained in this way as “synthetic panel”. 

Two assumptions are necessary for the method 
to function (Dang et al., 2014: 114). According to the 
first assumption, the population where the sample is 
collected should not change between two rounds. 
The reason why this assumption is required is that the 
household characteristics remain the same over time 
as a result of the sampling population does not change 
so that the first round can be estimated by using the 
data obtained from the second round. The second 
assumption requires that the correlation between 
the error terms obtained from the two rounds is not 
negative. Dang et al. (2014) justify this assumption as 
follows. Because of the fixed household characteristics 
in the error terms, households with high (low) income 
or consumption in the first round will also have high 
(low) income or consumption in the second round.

Furthermore, a positive autocorrelation will be 
observed in the error term due to the external shocks 
affecting household income or consumption. Also, 
the authors have not entirely ignored the possibility 
of a negative correlation. For example, households 
with limited access to credit will reduce their current 
expenditures for future payments. This will cause the 
error term to be negatively correlated. Lastly, a zero 
or one correlation means that the poverty status of 
all households in the first round has changed in the 
second round (upper bound) and that no household’s 
poverty status has changed (lower bound), respectively. 
Under the assumptions mentioned above, the upper 
and lower bound of poverty mobility, which Dang 
et al. (2014) call the “nonparametric bounds” can be 
estimated by the following steps.

To estimate nonparametric upper bound;

Step 1: Estimate the equation 1 with OLS using data from round 1, obtain  and .  

Step 2: For each household in the second round, select randomly a residual with replacement from the 

residuals calculated in the first step. Denote these residuals with 2
1ˆiε . Using data from round 2, 1̂β ′  

and 2
1ˆiε , estimate the income level of the households in the first round: 2 2

1 1 2 1
ˆ ˆˆ U

i i iy xβ ε′= + . 

Step 3:
Calculate the following probabilities using 2

1ˆ U
iy  and parameters estimated in the previous steps. 

2
1 1 2 2(  and )U

i iP y z y z< > , 2
1 1 2 2(  and )U

i iP y z y z> < , 
2
1 1 2 2(  and )U

i iP y z y z> >  and 2
1 1 2 2(  and )U

i iP y z y z< < .  

Step 4: Repeat step 2 and step 3 R times and take the average of each calculation. 
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To estimate nonparametric lower bound:

Step 1: Estimate the equation 1 with OLS using data from round 1, obtain  and 

the standard error of the 1iε , 
1

ˆεσ Similarly, obtain the 2β̂  and 
2

ˆεσ  using round 2 data,

moreover, calculate .  

Step 2:
Using data from round 2, 1̂β ′  and 2ˆiε , estimate the income level of the households in the first round 
for the household in the second round: 2

1 1 2 2
ˆ ˆˆ L

i i iy xβ γε′= + . 

Step 3:
Calculate the following probabilities using 2

1ˆ L
iy  and parameters estimated in the previous steps. 

2
1 1 2 2(  and )L

i iP y z y z< > , 2
1 1 2 2(  and )L

i iP y z y z> < ,

 2
1 1 2 2(  and )L

i iP y z y z> > , and 2
1 1 2 2(  and )L

i iP y z y z< < .  

2 We would like to thank McKenzie (2019) for making the simulation code we used in the analysis publicly available.

In the nonparametric estimation method, the 
bounds of poverty mobility are estimated using the 
smallest (0) and the highest (1) value of the correlation 
coefficient. As expected, the correlation coefficient 
generally takes a value between 0 and 1. A parametric 
approach can be used to narrow the range of values 
the correlation coefficient can take. This approach 
requires a more strict version of the second assump-
tion expressed earlier. According to this assumption, 
with the non-negative correlation coefficient ρ , and 
standard deviations 

1ε
σ  and 

2ε
σ , 1ε  and 2ε  follows 

the bivariate normal distribution. In the parametric 

analysis, it is assumed that the correlation coefficient 
has a maximum and minimum value between zero and 
one, [ , ],  0 1s h s hρ ρ ρ ρ ρ∈ < < < , where sρ  and hρ  
are the smallest and the highest hypothesised values of 
the ρ , respectively. Dang et al. (2014) have used the 
actual panel data of four developing countries besides 
Indonesia and Vietnam to calculate the correlation 
values between the residuals (Table 2). Based on the 
correlation coefficients obtained from these estimates, 
authors have chosen the 0.2-0.8, and 0.3-0.7 pairs in the 
bound estimates.

Consequently, to estimate parametric upper bound; 

Step 1: Estimate the equation 1 with OLS using data from round 1 and round 2, 

obtain 1̂β ′ ,  2β̂ ′ , 
1

ˆεσ  and 
2

ˆεσ .  
Step 2:

Calculate the following quantities using sρ .

1 2

2 1 1 2 2 2 2
1 1 2 2 2

ˆ ˆ
ˆ (  and ) , ,

ˆ ˆ
U i i

i i s
z x z xP y z y z

ε ε

β β
ρ

σ σ

 ′ ′− −
< > = Φ − −  

 
,

1 2

2 1 1 2 2 2 2
1 1 2 2 2

ˆ ˆ
ˆ (  and ) , ,

ˆ ˆ
U i i

i i s
z x z xP y z y z

ε ε

β β
ρ

σ σ

 ′ ′− −
> < = Φ − −  

 
, 

1 2

2 1 1 2 2 2 2
1 1 2 2 2

ˆ ˆ
ˆ (  and ) , ,

ˆ ˆ
U i i

i i s
z x z xP y z y z

ε ε

β β
ρ

σ σ

 ′ ′− −
> > = Φ − −  

 
, and

1 2

2 1 1 2 2 2 2
1 1 2 2 2

ˆ ˆ
ˆ (  and ) , ,

ˆ ˆ
U i i

i i s
z x z xP y z y z

ε ε

β β
ρ

σ σ

 ′ ′− −
< < = Φ   

 
.  

To estimate the parametric lower bound, replace sρ  with hρ .2
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2. Data
The data used in the analysis come from Survey on 

Income and Living Conditions (SILC) conducted and 
released by the Turkish Statistical Institute (TurkStat) 
since 2006. SILC has rich information regarding 
demographic and socioeconomic characteristics of 
households and individuals such as sex, age, working 
status, health status and household conditions. The 
most crucial feature of SILC is its rotating panel data 
structure. One-quarter of the sample is replaced with a 
new one every year. As a result of that feature, the time 
dimension of the panel data is limited to four years. 
The data in SILC represents the information about the 
previous year. For example, the file for 2016 contains 
information for 2015. During the analysis, this fact must 
be kept in mind when interpreting. 2006 and 2016 
are selected for analysis because the first and the last 
date SILC were released are 2006 and 2016. Besides, as 
mentioned earlier, two-panel data covering the years 
2006-2009 and 2013-2016 have been utilised to test 
the performance of the method. The sample sizes are 
10,920 and 21,870 for 2006 and 2016, respectively. 
Due to the difference between sample sizes, 10,920 
observations have been randomly selected from 2016.

2.1. Variables

Equivalent disposable household income has 
been used as an indicator of household welfare and 
dependent variable in the estimations. This indicator 

is obtained by dividing disposable household income 
by the square root of the total household size. Let this 
indicator is denoted by y  as is in Equation 1. In order 
to identify poor households, 60% of the median income 
is defined as the poverty line ( z ). Therefore, if y z<  
the household will be considered poor. In order to give 
an overview of the poverty in Turkey between 2006 
and 2016, results from the poverty index proposed by 
Foster, Greer, & Thorbecke (1984) are given in Graph 1. It 
is evident that the poverty rate has fallen considerably.

While Graph 1 depicts that poverty has declined, it 
cannot say what percentage of households have fallen 
into or escaped from poverty between two years. To 
explore poverty mobility, twelve independent variables 
have been used in the estimations. In the selection 
process of the independent variables, both strict 
adherence to literature and data set constraints have 
been taken into consideration. Independent variables 
can be grouped into two categories: (i) those belonging 
to the household leader, and (ii) those belonging to 
the housing conditions. In the first category, there are 
five variables associated with household leaders: age, 
sex, education, occupation and marital status. The 
second category consists of seven variables: the region, 
household size, the number of children under five, and 
the presence of television, refrigerator, piping system 
and an indoor toilet. Detailed information about the 
independent variables is given in Table 1.
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Graph 1: Poverty Rates in Turkey, 2006-2016. 
Source: Own elaboration using SILC.

Notes: (i) All sample used. (ii) The highest value on the axis of poverty line represents the poverty line for 2016. This value has also been used 
for 2006. The poverty line for 2006 is 3,425.05 TL. (iii) When 0α =  FGT equals to the head-cont ratio. If 1α > , the index assigns more weight 
to the poorest.
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Table 1: Independent Variables Used in the Analysis

Name Variable Type Description

Variables Associated with Household Head

Age Ordered (2006)
Continuous (2016) The age of household head is restricted to 25+.

Sex Dummy = 1 if the head is female.

Education Ordered The last completed education level of the household head. 
Recoded as the dummy variable. Illiterate is the base category.

Occupation Multinomial
Occupational category according to the ISCO-88 for 2006, and 
ISCO-08 for 2016. Recoded as the dummy variable. Currently not 
working is the base category.

Marital Status Multinomial Recoded as the dummy variable. Grass widow is the base category.

Variables Associated with Household Conditions

Region Multinomial Where household is interviewed. Recoded as the dummy variable. 
Istanbul is the base category.

Household Size Count -

The # of children under five Count -

TV Dummy = 1 if the household does not have coloured TV for any reason.

Refrigerator Dummy = 1 if the household does not have a refrigerator for any reason.

Piping System Dummy = 1 if the household does not have a piping system.

Indoor Toilet Dummy = 1 if the household does not have an indoor toilet.

Source: Own elaboration.

Following Dang et al. (2014), in the nonparametric 
analysis, not all independent variables have been used 
at once. Modelling has been expanded by adding 
independent variables step by step to the previous 
model. Thus, it can be seen how the prediction intervals 
change as the model expands. To this end, four models 
have been created. Related models and the variables 
used in each model are given below.

Model 1c: y = f(age, sex, education, occupation, marital 
status)
Model 2c: y = f(model1, region)
Model 3c: y = f(model2, household size, household size2, 
the # of children under five)
Model 4c: y = f(model3, tv, refrigerator, piping system, 
indoor toilet)

Also, as stated earlier, real panel data has been 
used to test how well the method works. However, of 
the independent variables discussed above, the panel 
data set do not contain information about the region. 
Therefore, models using panel data are constructed 
as follows;

Model 1p: y = f(age, sex, education, occupation, marital 
status)
Model 2p: y = f(model1, household size, household size2, 
the # of children under five)

Model 3p: y = f(model2, tv, refrigerator, piping system, 
indoor toilet)

Lastly, to compare non-parametric and parametric 
estimation results, only Model 1c and Model 1p have 
been estimated when using cross-sectional data and 
panel data, respectively. In addition, the parametric 
method has been once again performed using diffe-
rent correlation coefficients, and in case the normality 
assumption has been violated.

3. Findings
Table 2 presents the non-parametric lower and 

upper bound estimates of poverty transitions. Since 
the real panel data covering 2006 and 2016 are not 
available, it is not known whether the lower and up-
per bounds are around the actual values. Therefore, 
it should be noted that the upper and lower bounds 
in the table are estimations. The first thing that stands 
out in the table is that the gap between upper and 
lower bounds narrows as the model moves simple 
specification (Model1c) to final specification (Model4c). 
We will focus on Model4c. The ratio of chronically poor 
households lays between 10.7% and 3.9%. The fact that 
the lower and upper bounds of the households that 
escape from poverty (P-NP) are higher than the bounds 
of households falling into poverty (NP-P) might be a 
sign of poverty reduction. This finding confirms Graph 1.
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Table 2: Poverty Transitions Using Cross-Sectional Data Between 2006 and 2016.

Nonparametric Lower Bounds Nonparametric Upper Bounds

Poverty Status Model1c Model2c Model3c Model4c Model4c Model3c Model2c Model1c

P-P 11.7 11.7 11.2 10.7 3.9 3.9 3.9 3.8

P-NP 10.9 11.9 12 12.1 20.8 20.8 20.7 20.9

NP-P 4.3 4.8 4.8 5.4 12.2 12.2 12.1 12.2

NP-NP 73.1 72.1 72 71.8 63.2 63.2 63.3 63.1

ρ -.002 .006 .004 .002

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii) P-P: Poor-Poor; P-NP: Poor-Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor.

As may be recalled, the values given in Table 2 are 
obtained as a result of highly conservative assumptions. 
One of these is that the correlation coefficient only 
takes extreme values. The nonparametric lower and 
upper bound estimates are given in Table 2 are calcu-
lated under this assumption; the correlation between 
the error terms between the two rounds is zero or 
one. To relax this assumption, we have reestimated 
the Model1c using (.2,.8)ρ =  and (.3,.7)ρ =  pairs 
by parametric approach. The results of the parametric 
approach are given in Table 3. The findings in the first 
and last columns in the table are equivalent to the 
non-parametric estimation results. Given the ρ  values 
in Table 2, it is not surprising that the findings in these 
columns are close to the parametric results because 
the correlation is very close to zero.

3.1. Robustness Check

We now return to the findings using panel data in 
the analysis to test how well the method works. The 
panel data have been constructed as follows. The 
samples belong to 2006 and 2009 have been first 

pooled. The final sample was then randomly divided 
into two parts. The first and second sub-samples rep-
resent round 1 and round 2, respectively. Thus, real and 
synthetic panels derived from the actual panel have 
become comparable. We will start with the results of 
the poverty transition between 2006 and 2009. The 
relevant findings are given in Table 4. The first remar-
kable point in the table is that the lower and upper 
bounds of different models are very close to each other. 
This is, in a way, a result of the independent variables 
used to remain constant, at least to a large extent, over 
time. We again will focus on the most extended model; 
Model3p. In the column named true, the table shows 
that 8.5% of the population was chronic poor, 78.2% 
did not fall into poverty at all, and 13.4% was transient 
poor between 2006 and 2009. Note that all values fall 
between the upper and lower bounds. This is a sign 
the method works well. Parametric estimation 
results also confirm that inference. All simulated 
values lay between lower and upper bounds. As 
the range of the correlation coefficient narrows, 
the gap between the estimated upper and lower 
bounds closes.

Table 3: Poverty Transitions Using Cross-Sectional Data Between 2006 and 2016

Parametric Lower Bounds Parametric Upper Bounds

Poverty Status     

P-P 13.4 10.8 9.7 6.5 5.9 4.7

P-NP 10.4 13 14 17.2 17.8 19.1

NP-P 4.7 7.3 8.4 11.6 12.2 13.4

NP-NP 71.5 68.9 67.9 64.7 64.1 62.8

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii)  P-P: Poor-Poor; P-NP: Poor Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor. (iv) The estimated model is Model1c in Table 2.
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The findings calculated utilised panel data covering 
2013 and 2016 using the nonparametric and parametric 
approach are presented in Table 6 and Table 7, respec-
tively. It is worth to compare Table 4 and Table 6. First 
of all, chronic poverty has declined slightly. However, 
transient poverty changed considerably. Compared to 
the 2006-2009 period, the proportion of those who fell 
into poverty in 2013-2016 exceeded the rate of those 
who escaped from poverty. Also, the proportion of the 
household, which are persistently nonpoor, decreased 
as well. 

Since we do not know about poverty transitions 
calculated using actual panel data between these two 
periods, we cannot say that stated changes increase 
or decrease poverty. Nevertheless, the poverty rates 
calculated by TurkStat using SILC decreased between 
the relevant periods. However, note that TurkStat uses 
equivalent individual disposable income. The present 
paper uses equivalent disposable household income. 
There are significant differences between these two 
income measures in terms of some income sources. For 
example, household cash and in-kind benefits, rent or 
security income are included in household income and 
not in individual income.

Table 4: Poverty Transitions Using Panel Data Between 2006 and 2009

Nonparametric Lower Bounds
True

Nonparametric Upper Bounds

Poverty Status Model1p Model2p Model3p Model3p Model2p Model1p

P-P 15.1 15 15.1 8.5 5.9 5.9 5.6

P-NP 4.9 4.8 4.6 7.7 14.8 16.4 16.7

NP-P .6 .5 .7 5.7 9.2 9.2 9.6

NP-NP 79.4 79.7 79.7 78.2 70 68.4 68.1

.612 .601 .572

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii)  P-P: Poor-Poor; P-NP: Poor Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor.

Table 5: Poverty Transition Using Panel Data Between 2006 and 2009.

Parametric Lower Bounds
True

Parametric Upper Bounds

Poverty Status

P-P 16.6 12.3 11.1 8.9 7.6 6.8 5.5

P-NP 1.5 5.8 7 9.2 10.6 11.3 12.6

NP-P 1.3 5.5 6.7 8.8 10.3 11 12.3

NP-NP 84.4 80.6 76.3 75.1 73 71.5 70.8

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii)  P-P: Poor-Poor; P-NP: Poor Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor. (iv) The estimated model is Model1p in Table 4.

Table 6: Poverty Transitions Using Panel Data Between 2013 and 2016.

Nonparametric Lower Bounds
True

Nonparametric Upper Bounds

Poverty Status Model1p Model2p Model3p Model3p Model2p Model1p

P-P 14.2 14.3 14 8.4 4.9 4.6 4.4

P-NP .1 .1 .4 6.2 10.6 11.1 11.3

NP-P 4.1 4 4.3 8.6 13.8 14.1 14.3

NP-NP 81.7 81.6 81.3 76.7 70.7 70.2 70

.609 .593 .586

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii)  P-P: Poor-Poor; P-NP: Poor Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor.
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Table 7: Poverty Transitions Using Panel Data Between 2013 and 2016.

Parametric Lower Bounds
True

Parametric Upper Bounds

Poverty Status       

P-P 15.8 11.8 10.6 9.2 6.9 6.2 4.8

P-NP 0 4 5.2 6.3 8.9 9.6 11

NP-P 4.1 8.1 9.3 10.4 13 13.8 15.1

NP-NP 82.9 80.1 76.1 74.9 74.1 70.4 69.1

Source: Author’s calculations using SILC. 
Notes: (i) Dependent variable is log(y). (ii) The number of replication is 500. (iii)  P-P: Poor-Poor; P-NP: Poor Nonpoor; NP-P: Nonpoor-Poor; NP-NP: 
Nonpoor-Nonpoor. . (iv) The estimated model is Model1p in Table 6.

Finally, the lower and upper bound estimates for the 
different correlation values using the actual panel for 
the 2013-2016 period are presented in Table 7. When 
switching from specification one, where ρ  is equal to 
0 and 1, to specification two, where ρ  is equal to .2 
and .8, the upper and lower bounds vary dramatically. 
The last specification has once again reached the 
narrowest upper and lower bounds. According to the 
last specification, true poverty mobility rates are much 
closer to the lower bound. Considering the ρ  value at 
the bottom of the first column in Table 6, this is not a 
coincidence. This fact reveals once again that the model 
works reasonably well.

4. Conclusion and Discussion
The major problem experienced in poverty studies 

on underdeveloped or developing countries is that the-
se countries do not have balanced panel data covering 
an extended period. This constraint causes poverty mo-
bility to be calculated for short periods. However, due to 
the nature of poverty, long-term periods are needed to 
see the effects of policies aimed at preventing poverty. 
The recently developed synthetic panel method has 
made it possible to analyse poverty transitions without 
the need for long-term panels. Unlike previous studies 
employed traditional methods and analysed narrower 
period, this paper has tried to estimate the lower and 
upper bounds of poverty mobility in Turkey using this 
newly developed method. It is also tested how well 
the method works. 

The findings from the nonparametric approach 
using purely cross-sectional data indicate that the 
proportion of chronically poor people is on somewhere 
between 3.9% and 10.7% for the most extended model. 
Compared to findings from Latin America or the African, 
this ratio is quite good. For example, Cruces et al. (2015, 
p. 170-171 ) have estimated that the lower and upper 
bounds for chronic poverty is 28.83%-18.28% in Peru for 

the period 2008-2009, and 37.74%-31.09% in Nicaragua 
for the period 2001-2005. Dang & Dabalen (2018, p. 
13) suggests that 35.9% of the sample is chronically 
poor using 21 countries from Africa. Our estimates 
obtained from actual panels covering 2006-2009 and 
2013-2016 periods demonstrate that chronic poverty 
rate almost remained the same around 8.4%. The good 
news is that the proportion of those who have escaped 
from poverty is significantly higher than that of those 
falling into poverty. Estimates demostrate that the 
proportion of those who fall into poverty is between 
5.4% and 12.2%, while the proportion of those who 
escape from poverty is between 12.2% and 20.8%. 
Moreover, Turkey has also given a good test on the 
eradication of extreme poverty. According to the Mil-
lennium Development Goals’ first article, it was aimed 
to eradicate extreme poverty in 2015. Turkey has not 
altogether eliminated extreme poverty, though, has 
managed to reduce significantly. The ratio of people 
living in extreme poverty in 2017 was 0.1% while it was 
3% in 1994 (World Bank, 2021). Turkey may consider 
lowering or completely removing income taxes levied 
on the minimum wage, which is the sole income source 
for many poor households if it wants to reduce this ratio 
further. The Parametric approach also suggests suitable 
true values fall into between bounds.

Despite its original aspects, this study has some 
limitations. First of all, there is no region information 
on the questionnaire of the panel data. In countries 
where there is a significant development gap between 
regions, such as Turkey, to examine the poverty igno-
ring the region factor will undermine poverty estimates. 
It is believed that the estimates to be made in the 
presence of the region variable will be more accurate 
than the current estimates. Second, the analysis was not 
carried out at the sub-sample level. The reason for this 
is that the sub-samples are quite small in some of the 
essential variables associated with household leader 
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or household conditions. We believe that better pre-
dictions will be made in the future with the richer data 
set and larger samples. Lastly, developing models to 

consider endogeneity will improve prediction accuracy. 
The complexity of the model makes it difficult for now.
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