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Abstract

Political and economic instability, armed conflicts, and weather abnormalities may introduce a high
degree of volatility to the refugee movement. Refugee movement volatility is said to be asymmetric
when positive and negative shocks of the same magnitude affect it differently. APARCH is one of the
GARCH extension types of models that are popularly used to capture asymmetric volatility. In this
paper, an attempt is made to model the volatility of the yearly refugee movement for the low-and
middle-income countries using the APARCH model. The key finding of this study is that GARCH-
extension type models indicating past volatility of the annual number of refugees is significant,
influencing current volatility. The News Impact Curve is derived from the fitted APARCH model,
which confirmed the presence of asymmetry in the volatility of the refugee movement. The News
Impact Curve of the models for both groups of countries described that negative shocks of the same
magnitude have a larger impact on volatility to refugee movement than positive shocks.

Keywords: LMICs, refugees, APARCH, volatility, news impact curve, new diagnostic tests

1. Introduction reasons for the move (Mountz & Mohan, 2022).
Low-and middle-income countries (LMICs) host
the major part of the world’s refugee population
by origin (Gutmann, 2015, OECD, 2017).
Empirical studies demonstrate that both
economic conditions and violent conflicts are
important determinants of the flow of refugees
in developed countries (Gutmann, 2015). The
world is facing a historic high of people forcibly

attention and interest become even more displaced as a result of persecution, violence, or
noticeable among scholars, policymakers, and human rights Yiolations (OECD, 2017). Globally,
the public (De Coninck & Joris, 2021). At the refugees consist of 48 percent women and 52
world level, the media drives public perception percent men (I?a.ymer et al, 2023), but the
of migration, generating crisis narratives and gender composition of asylum seekers. aer
scapegoats for social problems and economic refugees can also dlffer..Sorr.le refugees arrive in
hardship of the critical moment, taken as the country of destination under formal

Migration, and the public attitudes toward
migrants and migration, traditionally received
much attention in the public debate. More
recently, as a result of the European refugee
crisis and as many European countries struggle
to cope with the influx of asylum seekers and
refugees, the likes of which have not been seen
in Europe since the Second World War, this
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resettlement schemes. Refugees may be young
people with high-level employment
qualifications or single-mother families. Of those
asylum seekers arriving in Europe, men
outnumber women. Women make up about a
third of asylum applications in Europe. Partly
this is due to the way the data are collected;
women are more likely to seek asylum as part of
a family or to be married, also women are
typically not the primary applicants (Reimer et
al., 2023).

To explore the expanse of the effect of
international mobility and develop evidence-
based migration policy, policymakers need
accurate estimates of present migration and
credible forecasts of their future change
(Caballero Reina et al, 2024). As a very
significant part of inward migration from
developing to developed countries, asylum
migration is much better documented and quite
fairly well data exist as asylum migrants are
officially registered with the authorities of the
country of destination (Barthel & Neumayer,
2015). The number of internationally displaced
persons reached a record 26 million in 2019
(IOM, 2020), including over 4 million asylum
seekers, and the number of UNHCR-mandated
refugees doubled between 2013 and 2020. Due
to the long-term conflict in some countries (for
example, Afghanistan, Congo, Myanmar, Syria
and Sudan) and the so-called refugee crises in
Europe (2014-2015 and currently in Ukraine)
and other continents (for example, in South
America due to the Venezuelan crisis) the
number of refugees has already increased
(Solano et al., 2022). The term “refugee crisis” or
“European migration crisis” refers to the events
that began in the summer of 2014 until the end
of 2016, which saw the largest influx of asylum
seekers to Europe since the Second World War
(De Coninck et al., 2021). There are well-
established smuggling routes from Central and
North Africa, as well as from the Middle East to
Europe, with other routes bringing asylum
migrants from Asia (Bartel & Neumeier, 2015).
The common use of human trafficking routes by
asylum migrants from geographically close
countries is also confirmed by the presence of
nationals of these close countries on refugee
boats that often land on the coasts of the Canary
Islands, Lampedusa or Malta (Bartel &
Neumeier, 2015).

To address the challenges posed by growing
numbers of refugees, many Western European
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countries as well as the US and other developed
countries relied on tightening policies over the
last decades (Gutmann, 2015). Solano et al.
(2022); Barthel and Neumayer (2015) illustrate
how asylum policies in Europe became more
restrictive in response to increasing numbers of
asylum seekers during the 1990s. Over the last
decade, many Western European countries also
faced a large number of asylum applications
from citizens from war-zone countries in the
Middle East and Africa. This inflow introduced
challenges at local, national and supranational
levels, especially about the settlement and
integration of refugees and asylum seekers, with
debates becoming increasingly politicized and
disputable (De Coninck, 2023). The issue of
migration to the EU is high on the agenda of
European policy, news as well as the public. In
2018, EU leaders reached a long-awaited
agreement on the (re)settlement aspects of
refugees and asylum seekers. Although this
long-awaited EU summit was seen as a delayed
political response to Europe’s refugee crisis in
2015, this agreement was the result of an EU
summit dominated by the political crisis over
how to deal with irregular immigration in
Europe (De Koninck et al., 2019).

The paper aims to rigorously evaluate the
predictive ability of GARCH extension-type

models in terms of volatility to refugee
movement for LICs and MICs. To our
knowledge, models such as APARCH

(asymmetric power autoregressive conditional
heteroscedastic models); despite their
application for economic and financial time
series, have not been used in the demographic
literature. As a result, this study includes the
APARCH model, bridging the gap in the
literature. This study therefore contributes to the
literature by demonstrating the negative impact
of large shocks on the volatility of the refugee’s
mobility from LICs and MICs. The remainder of
this paper is organized as follows. In Section 2,
the conceptual framework of the research is
described. Section 3 presents the data and
methods specification of the APARCH model.
Section 4 presents the empirical results of the
study. Sections 5 discuss the results and Section
6 concludes.

2. Conceptual Framework

The 1951 Convention relating to the status of
refugees was adopted after the Second World
War to address the problem of large numbers of
displaced people living in Europe outside of



their country of origin and was extended in 1967
to become a general regime for the protection of
those who cross national borders to escape
persecution (Bubb et al., 2009). Therefore, the
1951 Convention mainly consists of the
obligation of states not to return refugees who
enter their territory to their country of
persecution. Under the Convention, the
allocation of the burden of refugee protection is
largely determined by the choice of refugees to
migrate. Furthermore, countries themselves are
responsible for determining which migrants are
eligible for refugee status (Bubb et al., 2009).
Following the signing of the Refugee
Convention in 1951, according to De Coninck
(2020, p. 4), a refugee is legally defined as
“someone who has been forced to flee his or her
country because of persecution, war, or
violence. A refugee has a well-founded fear of
persecution for reasons of religion,
nationality, political opinion or membership in a
particular  social group”. Migrants are
considered to be individuals who decide to
move based on their own free will, for reasons
of personal convenience and without the
intervention of an external compelling cause
such as war or natural catastrophe (De Coninck,
2020). These definitions and categories are
however somewhat arbitrary. Thus, they fail to
grasp the complex reality of migrants’ motives
and movements across time and cultures, but it
also cannot be denied that the use of these

race,

categories has important legal and social
consequences for the groups involved.
However, these definitions are somewhat

similar to current UN definitions, as refugees
are considered to leave their country due to
political events, while economic migrants move
for economic reasons (De Koninck, 2020). Thus,
according to UNHCR (1967), refugee is a person
who, “owing to a well-founded fear of
persecution for reasons of race, religion,
nationality, membership of a particular social
group or political opinions, is outside the
country of his nationality and is unable or,
owing to such fear, is unwilling to avail himself
of the protection of that country.”

The drivers and temporal dynamics of forced
migration are characteristically complex, and
conventional models are insufficient to explain
and predict them (Qi & Bircan, 2023). Human
migration and displacement rank among the
most urgent global societal challenges of the 21st
century. Whether international or internal, labor

12

Z Journal of Research in Social Science and Humanities

migration, temporary or circular labor migration
or forced migration, migration is complex in its
endless forms and variations. In addition,
various global changes are intensifying and
accelerating changes including e.g., climate
change, water scarcity, the rise of xenophobia
and nationalism, war and conflict, technological
advancements, and food insecurity, so we are
entering a new era of human mobility (Mountz
& Mohan, 2022). Mechanisms relevant to the
migration process can be very complex and
contextually unexpected. In the case of forced
migration, drivers may evolve over time (Qi &
Bircan, 2023), thus, the initial displacement may
be caused by strong pressure factors, such as
armed conflicts, economic crises, extreme
weather conditions, famine, among other
sudden events. The decision to migrate further
after displacement can be shaped by
destination-related pull factors, intervening
obstacles and individual factors. Theoretically,
the threat-based decision model suggests that
perceived and unbearable threat to personal
security is the main driver for people to migrate
away from the war zone (Qi & Bircan, 2023).
Therefore, empirical studies reported high rates
of migration during armed conflicts, civil war,
genocide and human rights violations (Qi &
Bircan, 2023).

Economic theory predicts that asylum seekers
will seek asylum in wealthy countries with low
unemployment and high rates of economic
growth (Neumayer, 2004). Wealthy countries
are likely to be more generous in their welfare
resources, and low unemployment and high
economic growth make it easier to find work.
Therefore, these countries represent the most
attractive alternative to the poor living
conditions and employment opportunities in the
countries of origin.

The destination countries with former colonies
may receive a larger proportion of asylum
seekers exactly from these countries (Neumayer,
2004). This is simply because there are often
long-term ex-colonial residents living in the
destination country who can help find jobs and
who can provide some relief from the culture
shock related to migration to a foreign country.
Additionally, there are often available direct
flights between these countries, but not with
other potential destinations. Likewise, according
to network theory, a greater proportion of
asylum seekers previously and long-term
residents from a particular country of origin



reduce the costs of migration for others to settle
in the country of destination (Neumayer, 2004).
This is because already existing asylum seekers
provide valuable information channels to those
left behind and can help new arrivals find their
way to their country of destination.

3. Data and Methods

The major econometric purpose of this study is
to explore the application of the GARCH
extension-type APARCH model when applied
to the task of modeling refugee’s mobility from
low and middle-income countries using annual
data on the number of refugees. The data
consisted of the annual total number of refugees
by origin from low and middle-income
countries from 1990 to 2022 determined by
World Bank estimates (World Bank, 2023) and
UNHCR data (UNHCR, 2023). The development
of econometrics led to the creation of adjusted
methodologies for modeling the mean and
variance. Generalized conditional
autoregressive  heteroskedasticity (GARCH)
models are based on the assumption that the
random components in the models represent
changes in volatility (Dritsaki, 2017). The
GARCH models allow the conditional variance
to depend on the prior lags. The GARCH model
is an infinite-order ARCH model (Engle & Ng,
1993). The ARIMA model (as a mean model)
with Autoregressive Conditional
Heteroscedastic (ARCH) and the Generalized
ARCH (GARCH) models with its generalization
(as a variance model) are largely used to capture
the sudden fluctuations of any time series
(Rakshit et al., 2023). Thus, the GARCH model is
very popular for solving the volatility of any
time series. The process {¢;} is said to follow an
ARCH (q) if the conditional distribution of {&;}
considering the available information (y,_,) up
to t-1 time period can be presented as in eq. (1)
below:

&lpr—1~N(0,hy) and &, = \/h_tvt 1
where v, presents the innovation, which is
independently and identically distributed with
zero mean and unit variance (Rakshit et al.,
2023). The distribution of innovation varies with
the distribution of the corresponding dataset.
The conditional variance h; for an ARCH (q) is
presented as in eq. (2):

he = @o+ni_, @i efq, @ > 0,a; =
OViand %] a; <1 )
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In order for an ARCH model to provide
satisfactory accuracy, a vast number of
parameters are needed. To solve this problem, a
closer form known as the generalized ARCH
(GARCH) model was suggested independently
of each other (Rakshit et al., 2023). In a GARCH
model, the conditional variance also is a linear
function of its own lags. Thus, the conditional
variance of a GARCH (p, q) model is specified
as in eq. (3).

h, = 0‘0*‘2?:1 aef g + Z?:l Bj he—j
on condition that

ay>0,0;20VL,B; =0V (3)

Exponential GARCH (EGARCH), Asymmetric
Power ARCH (APARCH) and GJR-GARCH
models are the most commonly used
asymmetric GARCH types of models (Rakshit et
al., 2023; Caporin & Costola, 2018). The PARCH
model is an extension of GARCH with extra
terms added to account for possible
asymmetries (Alam & Rahman, 2012). In the
APARCH model (Rakshit et al, 2023), the
conditional variance h, has some asymmetric
power. Therefore, h, of the APARCH model can
be specified as in eq. (4):

s s

h? = ag+ Z?:l B; hf-ﬁ Zle aj (leq—q1 — veee1)® (4)

where y(—1 <y < 1) represents the asymmetric
parameter and §(> 0) presents the power term
parameter. The power parameter for both
models in our study was fixed to 1. The focus of
the study was on the conditional variance,
rather than the conditional mean, therefore the
attention was on the unpredictable part of the
refugee’s mobility.

In addition, this study applies the News Impact
Curve which measures how new information is
incorporated into volatility estimates (Engle &
Ng, 1993). Accordingly, the News Impact Curve
is a qualitative measure of visualizing the past
return shocks to current volatility, thus
emphasizing  the  inferred  relationship
between &,_; and h; (Rakshit et al., 2023). The
News Impact Curve plots the change in
conditional variance versus the change or shock
in past news. Precisely, the News Impact Curve
uses the estimated specification of the GARCH
equation to plot values of the conditional
volatility h, versus €,_;, while setting &,_3 =0
for s > 1 and keeping all lagged h;_, for v =
1 constant at the unconditional variance (IHS,
2020). When calculating the News Impact



Curve, all available information up to the t —
1 time period is considered constant, and by
replacing all lagged conditional variances with
the unconditional variance, then the News
Impact Curve is a function of the shock only
(Caporin & Costola, 2018; Rakshit et al., 2023).
For a symmetric GARCH model, the News
Impact Curve is symmetric with the line of
symmetry &_; =0 and for any asymmetric
model, either the curve is asymmetric or the
equation of the line of symmetry is &_; # 0
(Rakshit et al., 2023). Hence, in our case, the idea
of a News Impact Curve characterizes the
impact of past refugees’ mobility shocks on the
refugees’ volatility implicit in a volatility
GARCH model. The ability to forecast refugee
mobility volatility was important too. Evidence
of predictability has therefore led to different
theoretical and empirical approaches. The most
interesting ~ of  these  approaches  are
“asymmetric” or “leverage” volatility models, in
which good and bad news have different
predictability of future volatility. Statistically,
this effect occurs when an unexpected drop in
something (bad news) increases predictable
volatility more than an unexpected increase in
something (good news) of similar magnitude.

4. Results

The estimated model was APARCH (1,1) to the
first difference of log yearly refugees
(DLOG(REFUGEES)) from 1990-2022 wusing
backcast values for the initial variances, e.g., the
smoothing parameter 4 = 0.7. The dependent
variable is the yearly total number of refugees.
Stationarity of the basic time series is a prior
assumption for GARCH modeling (Rakshit et
al.,, 2023). The stationarity of the total number of
refugees was tested using the Augmented
Dickey-Fuller (ADF) test. This test determined
the possibility of the presence of a unit root in
the refugee series. After both refugees’ series for
LICs and MICs were stationary, no further
differentiation was performed. The graph of the
refugees’ series (Figures 1-2) clearly shows
volatility clustering. Jarque-Bera statistic was
used to test the normality of the Refugees series.
After proper transformation of the Refugees
series, according to the Jarque-Bera statistics, the
Refugees series is normal at a 99% confidence
interval for LICs and MICs models, since
probability was 0.5526 for the LICs model and
0.3257 for the MICs model, respectively, which
is larger than the 0.01. (See Appendix: Residual
Diagnostics/Histogram—Normality Test
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including descriptive statistics and a histogram
of the standardized residuals for LICs and MICs
model). Furthermore, it was tested if there any
remaining ARCH effects in the residuals, using
Heteroskedasticity ARCH LM Test with
specifying the number of lags. The results of the
ARCH LM test are presented in Table 1:

Table 1. Heteroskedasticity ARCH Test

Heteroskedasticity ARCH-Low income

countries model

F Statistics 2.1248 Prob. F(1,29) 0.1557

Observation*R-  squared | Prob. Chi-Square
2.1163 (1) 0.1457
Heteroskedasticity =~ ARCH-Middle  income

countries model

F Statistics | Prob. F(1,29) 0.5654
0.3382

Observation*R-squared Prob. Chi-Square
0.3573 (1) 0.5500

Source: Author’s calculations.

Thus, from the results of Heteroskedasticity
ARCH Test for both groups of countries, it was
found that there is only small evidence of
remaining ARCH effects.

Low income group countries - retugees

20,000,000
18,000,000
16,000,000
14,000,000
12,000,000

10,000,000

Total number of refugees

8,000,000
6,000,000

4,000,000

19%0 1995 2000 2005 2010 2015 2020

year
Figure 1. Total number of refugees in LICs

Source: Author’s design.
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Middle ncome group countries - refugees The results for both groups of countries are

22,000,000 presented in Table 2-3. The major output from
PARCH estimation (Table 2-3) provides the

20,000,000 standard output for the mean equation and for
9 the variance equation, which comprises the
¢ 18,000,000 . . A
3 coefficients, standard errors, z-statistics and p-
£ 16,000,000 values for the coefficients of the variance
; equation. The ARCH parameters are compatible
£ 14,000,000 with @ and the GARCH parameters with 5. The
E last part of the regression results in Table 2-3
£ 12,000,000 represents the typical set of summary statistics
. using the residuals from the mean equation.

10,000,000

Since there are no regressors in the mean
8000000 equation, measures such as the R-squared are
199 1995 2000 2005 2010 2015 220 not meaningful, thus in our case R-squared is
negative. In both models, the sum of the ARCH
and GARCH coefficients (a + ) is very close to
Figure 2. Total number of refugees in MICs 1, and it indicates that volatility shocks are
Source: Author’s design. statistically significant and quite persistent. This
implies that volatility shocks have permanent
effects on refugee’s mobility.

year

Table 2. APARCH results — Low income countries model

Dependent variable: DLOG(REFUGEES)

Method ML ARCH — Normal distribution

Sample (adjusted): 1991-2022

Included observations: 32 after adjustments

Coefficients variance computed using outer product of gradients

Presample variance: backcast (parameter=0.7)

@SQRT(GARCH) = C(2) + C(3)*(ABS(RESID(-1)) - C(4)*RESID(-1) + C(5)*SQRT(GARCH(-1))

Variable Coefficient Std.Error z-Statistic Prob.
C -0.0011 0.0220 -0.0487 0.9612
Variance equation

C(2) 0.0301 0.0030 9.9104 0.0000
C(3) -0.6279 0.0086 -72.562 0.0000
C4) 0.0993 0.1823 0.5445 0.5861
C(5) 1.2550 0.0014 869.65 0.0000
R-squared -0.0231 Mean dependend var 0.0163
Adjusted R-squared -0.0231 S.D. dependent var 0.1158
S.E.of regression 0.1171 Akaike info criterion -1.4710
Sum squared resid 0.4254 Schwarc criterion -1.2420
Log likelohood 28.537 Hannan-Quinn criterion -1.3951
Durbin-Watson stat 0.8010

Source: Author’s calculations.
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Table 3. APARCH results — Middle income countries model

Dependent variable: DLOG(REFUGEES)
Method ML ARCH - Normal distribution
Sample (adjusted): 1991-2022
Included observations: 32 after adjustments
Coefficients variance computed using outer product of gradients
Presample variance: backcast (parameter=0.7)
@SQRT(GARCH) = C(2) + C(3)*(ABS(RESID(-1)) - C(4)*RESID(-1) + C(5)*SORT(GARCH(-1))
Variable Coefficient Std.Error z-Statistic Prob.
C 0.0112 0.0107 1.0479 0.2947
Variance equation
C(2) 0.0105 0.0021 4.8991 0.0000
C(3) -0.5714 0.0005 -1201.9 0.0000
C(4) 0.1810 0.1157 1.5643 0.1177
C(5) 1.2839 0.0003 3602.7 0.0000
R-squared -0.0027 Mean dependend var 0.0150
Adjusted R-squared -0.0027 S.D. dependent var 0.0749
S.E.of regression 0.0750 Akaike info criterion -2.6204
Sum squared resid 0.1745 Schwarc criterion -2.3914
Log likelohood 46.927 Hannan-Quinn criterion -2.5445
Durbin-Watson stat 1.1475

Source: Author’s calculations.

Table 2-3 depicts that in both models, in the 3

mean equation, the constant C is not significant

at 1% as their probabilities are greater than 0.01. 2

In the variance equation, all the coefficients of

the terms (except the RESID (-1)), the constant C 1

in the variance equation, (ABS(RESID(-1)) and

@SQRT(GARCH(-1)) are statistically significant 0 _ -f

at 1% in the APARCH model since their

probabilities are less than 0.01 which signifies -1

that past volatility of refugees mobility is

significant, influencing current volatility. The -

residuals from the refugee’s data showed

noticeably persistent volatility, a sign of a 3

potential ARCH/GARCH effect. 1995 2000 2005 2010 2015 2020

—— DLOG(LIREFUGEES) Residuals

Figure 3. Residuals of LICs model

Source: Author’s design.
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Figure 4. Residuals of MICs

Source: Author’s design.

Figures 5-6 show News Impact Curves based on
estimates coming from the Normal distribution.
Thus, Figure 5-6 report the News Impact Curves
for the APARCH model for LICs and MICs
groups of countries. The News Impact Curves
are plotted on the absolute values of €,_; to
emphasize the asymmetry. The News Impact
Curves reveal the impact of the positive
(negative) shocks. The asymmetry is due to a
greater effect of negative shocks on the increase
of the variance concerning positive shocks. This
asymmetry is slightly more pronounced in the
LICs model than in the MICs. The News Impact
Curve of both asymmetric volatility models
(Figure 5-6) captures the leverage or asymmetric
effect by allowing either the slope of the two
sides of the news impact curve to differ or the
center of the news impact curve to be located at
a point where &_; is negative. The GARCH
News Impact Curve of both LICs and MICs
models captures the asymmetry in the effect of
news on volatility to refugee mobility because it
has a steeper slope on its negative side than on
its positive side.

The GARCH model is said to be symmetric
because it does not take into account the signs of
shocks and only considers the magnitude of the
effects of shocks on volatility (Rakshit et al.,
2023). Thus, it cannot capture volatility
responses that may differ depending on
whether positive and negative shocks are of the
same magnitude. The volatility of any time
series is said to be asymmetric when positive
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and negative shocks of the same magnitude
affect it differently (Rakshit et al., 2023).

News Impact Curve

Sigma (t)

-3

9

-30 -25 -2 -15 -10 -05 .00 .05 10 A5 20 25 30

Epsilon (t-1)
Figure 5. News impact curve of LICs model

Source: Author’s design.

News Impact Curve

Sigma (t)
<o

b

-4 -20 -16 -12 -08 -04 00 04 08 A2 16 20 24

Epsilon (t-1)
Figure 6. News impact curve of MICs model

Source: Author’s design.

New diagnostic tests (News Impact Curve, Sign
Bias Test, and Nyblom Stability Test) are
presented to reveal the empirical relationships
between news and volatility focusing on the
asymmetric effect of news on volatility.
Additionally, the new diagnostic tests were
designed to determine whether the volatility
estimates adequately represent the data.



The Sign Bias Test (Engle & Ng, 1993), (Table 4)
provides a test for misspecification of the
conditional variance model. The test regresses
the squared residuals against dummy variables
based on the sign of the prior residuals. If the
GARCH model is specified correctly, the sign of
the prior residuals should have no effect on the
current squared residuals. The null hypothesis is
that the regression parameters are zero. If the
coefficient distributed with the Normal
distribution turns out to be significant, this
means that the positive or negative error terms,
i.e. external shocks affect the variance differently
to predict the response variable (Ali, 2013).
Accordingly, on the other hand, if the coefficient
is insignificant, it means that there is no bias due
to the sign of the disturbances. In addition,
when the positive or negative size bias test
statistics, as well as the joint test statistics, are
significant for a model it means that the model
has some problem in capturing the impacts of
news on volatility (Engle & Ng, 1993). The Sign
Bias Test is proposed by Engle and Ng. The null
hypothesis said that the positive and negative
shocks have the same impacts on the volatility.
The Sign Bias Test regresses a dummy for
positive and negative sign bias on the squared
residuals (Narayan & Narayan, 2009) and the
results are calculated for both APARCH models;
LICs and MICs (Table 4).

For the LICs model, the negative Sign Bias Test
is significant at 5%, which means that there is an
asymmetry in the second moments and positive
and negative shocks have different effects. On
the other hand, for the MICs model, none of the
four tests rejects the null hypothesis. Therefore,
it can be concluded that there is no asymmetry
in the second moments and positive and
negative shocks have the same effect. This
means that the size of the shock is irrelevant.

Table 4. Engle-Ng Sign Bias Test results

Sign Bias Test results for Low income countries
APARCH model

Null Hypothesis: No leverage effects in
standardized residuals

t-Statistic Prob.
Sign-Bias 0.3005 0.7661
Negative-Bias -0.4410 0.6627
Positive-Bias 2.0359 0.0517
Joint-Bias 4.7739 0.2145
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Sign Bias Test results for Middle income

countries APARCH model
Null Hypothesis: No leverage effects in
standardized residuals

t-Statistic Prob.
Sign-Bias -0.6327 0.5322
Negative-Bias -0.2360 0.8152
Positive-Bias 1.4396 0.1615
Joint-Bias 5.0876 0.1915

Source: Author’s calculations.

The Nyblom Stability Test (Table 5) is a test of
parameter stability or structural change (IHS,
2020). The test generates individual statistics for
each parameter in the mean equation as well as
the variance equation and a joint test of the null
hypothesis is that the parameters are constant
over time. Nyblom test estimates the variance of
the errors in the parameter (Ali, 2013). If the
parameter is a constant, then the variance of the
error term is zero. If the parameter is not a
constant but related to the past values of the
parameter, then the error term has variance (Alj,
2013; Narayan & Narayan, 2009).

In our hypothesis testing, the stability of the
parameters is not rejected. The test results
support the null hypothesis that the estimated
parameters are stable, i.e. do not change over
time.

Table 5. Nyblom Stability Test

Nyblom Stability Test results for Low income

countries APARCH model

Null Hypothesis: Parameters are stable

Variable | Statistic | 1% 5% 10 %
Crit. Crit. Crit.

C 0.0738 0.748 | 0.470 | 0.353

C(2) 0.0730 0.748 | 0.470 | 0.353

C(3) 0.0708 0.748 | 0.470 | 0.353

C(4) 0.0732 0.748 | 0.470 | 0.353

C(5) 0.1461 0.748 | 0.470 | 0.353

Joint 1.6582 1.880 | 1.470 | 1.280

Nyblom Stability Test for Middle income

countries APARCH model

Null Hypothesis: Parameters are stable




Variable | Statistic | 1% 5% 10 %
Crit. Crit. Crit.
C 0.0300 0.748 | 0.470 | 0.353
C(2) 0.0326 0.748 | 0470 | 0.353
C(3) 0.0330 0.748 | 0.470 | 0.353
C@4) 0.0326 0.748 0.470 0.353
C(5) 0.1121 0.748 0.470 0.353
Joint 0.9557 1.880 1.470 1.280

Note: Critical values from Hansen 1990.

Source: Author’s calculations.

If looking at the conditional variance for both
models (Figure 7-8), it is slightly larger for the
model of MICs, but for most of the sample, the
GARCH-M effect is relatively large for both
models (LICs and MICs). Oscillations in refugee
mobility during the period 1990-2022 have been
relatively high. It is not also surprising therefore
that the conditional standard deviation of
refugee’s mobility in LICs and MICs in this
period is also high (Figures 9-10). This high
pattern of conditional deviation is apparent for
the whole sample period.
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Figure 7. Conditional variance of LICs model

Source: Author’s design.
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Figure 8. Conditional variance of MIC models

Source: Author’s design.

24
20
16
A2
.08
04

.00

1995 2000 2005 2010 2015 2020

— (onditional standard deviation

Figure 9. Conditional standard deviation of
LICs model

Source: Author’s design.
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Figure 10. Conditional standard deviation of
MICs model

Source: Author’s design.

5. Discussion

The asymmetric volatility of the refugee’s
movement from LICs and MICs was studied in
this paper. It was seen that the refugee series for
both LICs and MICs asymmetric
volatility of their mobility. The key finding of
this study is that GARCH-extension type
models indicating past volatility of the annual
number of refugees is significant, influencing
current volatility. The APARCH model as a
GARCH extension model successfully reveals
the shape of the news impact curve which is a
useful approach to modeling conditional
heteroskedasticity. From their appropriate News
Impact Curves, positive shocks of the same
magnitude are considered to have less of an
influence on volatility than negative shocks.

The results indicate that the GARCH extension
models are the best at parsimoniously capturing
the asymmetric effect. For both selected
asymmetric variance models, the negative
shocks were much more noticeable with degrees
of greater influence on refugee’s mobility
oscillations than their positive shocks of the
same magnitude. Both models for LICs and
MICs found that negative shocks introduce
more volatility than positive shocks; this effect is
particularly evident for the largest shocks. The
refugee’s mobility volatility can be influenced
by factors such as armed conflicts, civil war,
economic crises, chaos in a country, extreme

reveal
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weather conditions (Qi & Bircan, 2023), etc. In
addition, some of the asymmetric volatility of
refugee mobility may be the result of political
and economic instability (Gutmann, 2015). The
findings showed that the degree of these types
of influences is slightly greater in LICs than in
MICs. The degree of asymmetry was much more
visible due to the relatively lower prevalence or
absence of positive shocks. These small
differences between the news impact curves of
the two models may have important
implications for the decision of refugees to move.
Therefore, this means that a significant
difference in predicted volatility after the arrival
of some major news leads to a significant
difference in the current refugee movement in
LICs and MICs. The APARCH class model
shows that in the wvariance equation, the
coefficients of the terms are significant for both
LICs and MICs indicating that the risk volatility
is significantly affected by the past squared
residual terms and that the previous annual
instability of the movement of refugees
significantly affects the current instability
accordingly.

Overall, as indicated before, the results for both
groups of countries show a greater impact on
the volatility of negative, rather than positive,
return shocks. According to Caporin and
Costola (2018); the leverage effect is a negative
association between the shocks on returns and
the following shocks on volatility. As a result,
after a negative returns shock, it is expected
volatility to refugee’s mobility to increase while
after a positive shock on returns, a decrease in
the volatility to refugee’s mobility should be
observed. In other words, volatility tends to rise
in response to bad news and fall in response to
good news (Dritsaki, 2017; Caporin & Costola,
2018; Ali, 2013). A negative shock has a long-
lasting impact, causing volatility to take a long
time to return to pre-shock levels (Ali, 2013). If
leverage coincides with a negative association
between shocks and volatility, one would expect
to observe that positive shocks lead to a
decrease in volatility rather than an impact on
the volatility of a magnitude smaller than that of
negative shocks (Caporin & Costola, 2018).
Understanding the effect of the “asymmetric” or
“leverage” volatility models means that the
good and bad news have different predictability
of future volatility to refugee’s mobility from
LICs and MICs. This effect occurs when bad
news, e.g., civil war, in LICs and MICs increases
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predictable volatility to refugee movement more
than the good news of similar magnitude, e.g.,
direct humanitarian aid to host countries.

The interpretation of the coefficients of the
News Impact Curve is important to specifically
understand the impact of large shocks on the
volatility of the refugee’s mobility from LICs
and MICs. This information can be used to
undertake relevant arrangements to prevent
high volatility the future. A proper
understanding of refugee’s oscillations from
LICs and MICs can be helpful for policymakers
to act at the right time to minimize their
movement out of their countries. Predicting the
asymmetric volatility of refugee mobility can be
considered in future research. Therefore, the
effect of external and internal shocks separately
on the asymmetric volatility of refugee mobility
may be explored in future research scopes.

in

6. Conclusions

This research work provides a new approach to
empirical research on refugee volatility. A lot of
existing empirical studies have already focused
on the standard detailed picture of refugee
movements with an in-depth investigation of
their main socio-economic and political
determinants, as well as  providing
recommendations to policymakers. This study
employs an original approach with the using of
GARCH extension models and therefore holds
great promise of a much more insightful and
technically sophisticated study. Specifically
using the GARCH extension — APARCH type
of model and modeling the volatility of the
refugee’s mobility from low and middle-income
countries when using only the annual data of
the total number of refugees will have to be
taken more seriously. Throughout this research
work, the approach to this topic that
simultaneously allows for contemporary and
sophisticated analyses of different contexts and
specific circumstances can provide a basis for
deriving recommendations for policymakers
and politics as well. This paper emphasizes the
News Impact Curve as a standard measure of
how news is incorporated into volatility
estimates for the annual number of refugees. In
this way, the study should make a valuable
contribution to the work of policymakers in
implementing sustainable and developmental
responses to international forced displacement
as well as to improve understanding of the
international refugee movement and
displacement.

21

References

Alam, Z.,, and Rahman, A. (2012). Modelling
Volatility of the BDT/USD Exchange Rate
with GARCH Model. International Journal of
Economics and Finance, 4(11), 193-204.
http://dx.doi.org/10.5539/ijef.v4n11p193

Ali, G. (2013). EGARCH, GJR-GARCH,
TGARCH, AVGARCH, NGARCH,
IGARCH and APARCH Models for

Pathogens at Marine Recreational Sites.
Journal of Statistical and Econometric Methods,
2(3), 57-73.

Barthel, F., and Neumayer, E. (2015). Spatial
Dependence in Asylum Migration. Journal
of Ethnic and Migration Studies, 41(7), 1131-
1151.

Bubb, R., Kremer, M., and Levine, D.I. (2009).
The Economics of International Refugee
Law. The Journal of Legal Studies, 40(2), 273-
293. DOI:10.1086/661185

Caporin, M., and Costola, M. (2018). Asymmetry
and Leverage in GARCH models: A News
Impact  Curve  perspective.  Applied
Economics, 51, 3345-3364.

De Coninck, D. (2020). Migrant categorizations
and European public opinion: Diverging
attitudes towards immigrants and refugees.
Journal of Ethnic and Migration Studies, 46(9),
1667-1686.
doi:10.1080/1369183X.2019.1694406.

Coninck, D. & Meuleman, B. (2023).
Welcome in my back yard? Explaining
cross-municipal opposition to refugees
through outgroup size, outgroup proximity,
and economic conditions. Migration Studies,
11(1), 174-196.
doi:10.1093/migration/mnac015.

De Coninck, D., and Joris, W. (2021). What a
Difference a Year Makes: Changes in
Refugee Threat Perceptions in Flanders,
Belgium. SAGE  Open, 2021, 1-10.
https://doi.org/10.1177/2158244021103688

De Coninck, D., Solano, G., Joris, W., Meuleman,
B., & d'Haenens, L. (2021). Integration
policies and threat perceptions following
the European migration crisis: New insights
into the policy-threat nexus. International
Journal of Comparative Sociology, 62(4), 253-
280. doi:10.1177/00207152211050662.

De Coninck, D., Vandenberghe, H., and Matthijs,
K. (2019). Discordance between public


http://dx.doi.org/10.1086/661185

opinion and news media representations of
immigrants and refugees in Belgium and
Sweden. In book: Images of immigrants and
refugees in  Western  Europe:  Media
representations, public opinion, and refugees’
experiences, pp. 123-140, Chapter: 7: Leuven
University Press.

Dritsaki, C. (2017). An Empirical Evaluation in
GARCH Volatility Modeling: Evidence
from the Stock holm Stock Exchange.
Journal of Mathematical Finance, 7, 366-390.
https://doi.org/10.4236/jmf.2017.72020

Engle, R.F.,, Ng, V.K. (1993). Measuring and
testing the impact of news on volatility.
Journal of Finance, 48, 1749-1777.

Gutmann, J. (2015). The economic analysis of
refugee law. Hamburg Law Review, (2), 41-48.

IHS Global Inc. (2020). EViews 12 Getting Started.
IHS Markit. Seal Beach: CA.

International Organization of Migration. (2020).

World Migration Report 2020. Geneva: IOM.

Juan Caballero Reina, J., Crespo Cuaresma, J.,
Fenz, K., Zellmann, J., Yankov, T., and Taha,
A. (2024). Gravity Models for Global
Migration Flows: A Predictive Evaluation.
Population Research and Policy Review, 43, 29.
https://doi.org/10.1007/s11113-024-09867-6

Mountz, A. and Mohan, S. (2022). Human
migration in a new era of mobility:
intersectional and transnational approaches.
Global Social Challenges Journal, 1, 59-75. DOI:
10.1332/RFXW5601

Narayan, P.K., and Narayan, S. (2009).
Understanding Fiji's declining foreign
reserves position. Pacific Economic Bulletin,
24(2), 95-112.

Neumayer, E. (2004). Asylum Destination
Choice: What Makes Some Western
European Countries more Attractive than
Others? European Union Politics, 5(2), 155-
180.

OECD (2017). Assessing the contribution of
refugees to the development of their host
countries. Background paper prepared for

22

ournal of Research in Social Science and Humanities

the OECD Development Centre’s Policy
Dialogue on Migration and Development in
Paris on 2 October 2017. DEV/DOC (2017).

Qi, H., and Bircan, T. (2023). Modelling and
predicting forced migration. PLoS ONE,
18(4), e0284416.
https://doi.org/10.1371/journal.
pone.0284416

Rakshit, D., Paul, R K., Yeasin, M.; Emam, W.,
Tashkandy, Y., and Chesneau, C. (2023).
Modeling Asymmetric Volatility: A News
Impact Curve Approach. Mathematics, 11,
2793. https://doi.org/10.3390/ math11132793

Raymer, J. Guan, Q., Shen, T., Hertog, S., and
Gerland, P. (2023). Modelling the age and
sex profiles of net international migration.
United Nations, Department of Economics
and Social Affairs, Population Division,
Technical Paper No. UN
DESA/POP/2023/TP/No.7.

Solano, G., Yilmaz, S., & Huddleston T. (2022).
The link between migration policies and

migration  and migrant  integration
dynamics. An overview of the existing
literature  (Deliverable 8.1). Leuven:

HumMingBird project 870661 — H2020.

UNHCR. (1967). Convention Relating to the
Status of Refugees, Art. 1A(2), 1951 as
modified by the 1967 Protocol.

United Nations High Commissioner for
Refugees (UNHCR) and UNRWA through
UNHCR’s Refugee Data Finder at
unhcr.org/refugee-statistics.

World Bank (2023). World Bank Development
Indicators: Refugee population by country
or territory of asylum. Available online at
https://data.worldbank.org/indicator.

Appendix

A: Figure — Residual Diagnostics/Histogram—
Normality Test displays descriptive statistics
and a histogram of the standardized residuals
for LICs model.
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Series: Standardized Residuals
Sample 1991 2022

Observations 32
3 Mean 0.140203
Median 0.066285
Maximum 2.294931
Minimum -1.388030
Std. Dev. 0977173
Skewness 0.186205
I Kurtosis 2133417
0 Jarque-Bera  1.186207
15 -1.0 -0.5 0.0 0.5 1.0 15

20 25 Probability ~ 0.552610

~

(=

B: Figure — Residual Diagnostics/Histogram— and a histogram of the standardized residuals
Normality Test displays descriptive statistics for MICs model.
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Series: Standardized Residuals

7 Sample 1991 2022

6 Observations 32

5 Mean 0.053837

4 Median -0.064277

Maximum 1.853872
Minimum -1.257949
Std. Dev. 0.980453
Skewness 0.599178
Kurtosis 2.503563

- Jarque-Bera  2.243344

10 15 2.0 | probability 0325735
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