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Abstract: Diversity of regional industry is regarded as a key factor for regional development, as it
has a positive relationship with economic stability, which attracts population. This paper focuses
on how the spatial imbalance of industrial diversity contributes to the population change caused
by inter-regional migration. This paper introduces a spatial interaction model for the Geographic
Information System (GIS)-based simulation of the spatial interactions to evaluate the demographic
attraction force. The proposed model adopts the notions of gravity, entropy, and virtual work.
An industrial classification by profit level is introduced and its diversity is quantified with the
entropy of information theory. The introduced model is applied to the cases of 207 regions in
South Korea. Spatial interactions are simulated with an optimized model and their resultant
forces, the demographic attraction forces, are compared with observed net migration for verification.
The results show that the evaluated attraction forces from industrial diversity have a very significant,
positive, and moderate relationship with net migration, while other conventional factors of industry,
population, economy, and the job market do not. This paper concludes that the geographical quality
of industrial diversity has positive and significant effects on population change by migration.
Keywords: gravity model; demographic attraction force; entropy; industrial diversity; spatial
imbalance; classification by profit level

1. Introduction
Concerns for economic sustainability in regional development are growing as conditions for it are
becoming worse due to regional depopulation, especially in rural areas [1–5]. Recent depopulation
is mainly caused by inter-regional migration [6], and it is related with the uneven geographical
distribution of regional industry [7–9]. In South Korea, it is reported that the regional imbalance
of industry caused severe out-migration in a large number of regions and this led to a collapse of
regional industries and communities [10]. Consequentially, the local governments’ major policies
for their economic sustainability are with respect to the population problem. These policies aim
toward the development of regional industry, as the policy-makers are expecting that well-developed
industries will create more jobs and that this will attract the population [11]. There is empirical
evidence that proves the influence of regional industry on population movement, mainly the migration
of labor [12–14]. Simini et al. [15] show how the spatial distribution of employment opportunities
determine inter-regional migration. However, just how the geographic condition of the regional
industries determine the population change caused by multi-regional interactions has not yet explored.
There have been numerous efforts to determine the relationship between industry and
migration [16,17]. It has been determined that the diversity of the regional industry has a positive
relationship with the stability of the regional economy and industry, which has a positive influence
on the attraction of population [18,19], while highly-profitable industries also attract population [20].
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The former is related with the industrial diversity and the latter is related with the average industrial
profit. These two factors combine to form an attraction factor in this paper. Based on this relationship,
this paper focuses on how the geographic condition of diversity in regional industry affects the change
in the regional population.
Uneven spatial distributions of regional population and economy are known as major causes
for migration [21]. Every region has influence over every region, since the population change by
migration is the result of multi-regional spatial interactions [22]. In that regard, the demographic
movement of migration has been treated as spatial interactions in the gravity models which explain
the flow of population [23,24]. The gravity model has been developed as an explanatory model to
explain migration between two regions with respect to population and distance [25]. Alonso [26]
introduced a doubly-constrained gravity model and remarkably enhanced the model as a predictive
model by analyzing patterns of multi-regional inflows and outflows. However, that model has to
solve a complex matrix, specifically a very high-degree equation, and this feature makes it difficult
or impossible to obtain the results [27–29]. Recent studies on the inter-regional migration mainly
focus on the prediction of the population move with respect to the previous migration patterns [30].
Additionally, explanation models on the relationship between industry and migration concentrate on
their correlation without considering their geographic situation. Hence, a new approach is introduced
in this paper with simulation and optimization processes in order to determine the geographical
influence of regional industry on inter-regional migration. The objective of this paper is to determine
whether the geographical condition of diversity has a significant effect on the spatial interactions,
namely inter-regional migration. For the purpose, an explanation model based on the gravity
model is introduced and the effect of diversity of regional industry on inter-regional migration
is numerically evaluated. The introduced model adopts the theories of gravity, entropy, and virtual
work, and simulates the spatial interactions in order to evaluate the demographic attraction force of
regions. The diversity in regional industry is quantified with the entropy of information theory [31].
Empirical studies prove that entropy is an effective index to use to quantify industrial diversity [32].
Entropy is calculated from the distribution of employees by industrial categories. This paper adopts
categories reorganized by the industries’ profit levels, which are different from the standard industrial
classification. Parameters in the model are optimized according to the spatial distribution of this
entropy, which represents the diversity in the regional industry. The optimized model simulates
the virtual interactions, and the attraction forces are evaluated. Real cases of 207 regions that cover
almost all the territories, except islands, of South Korea in 2010 were applied in the introduced model
and those regions’ attraction forces were evaluated. The results were compared with observed net
migration from the period of 2011 to 2015, for verification.
2. Factors of Spatial Interactions
For a few decades, trend analysis-based spatial interaction models have been preferred due to
their practical prediction performance [33–35]. Regional population is influenced by various factors,
such as economy, job opportunities, or industrial structure of the region [36]. The trend-analyzing
models estimate future migration from the previous inflows and outflows, region by region. Therefore,
they are not practical for estimating the effects of those factors on inter-regional migration, even though
they are effective predictive models. The explanatory models that deal with the relationships between
the migration and the factors do not investigate the interactions. This paper focuses on the geographic
influence of diversity in regional industries on the spatial interactions. Hence, a new approach, between
the explanatory models and the predictive models, is introduced.
Ravenstein [37] set a theoretical foundation of migration. After that, Reilly [25] established
a physical relationship between population and its movement based on Newton’s law of gravity by
developing the ‘gravity model’ of the spatial interactions. It was improved by adopting a distance
function [38], probabilistic approaches [39–41], or entropy concepts [42–45]. The gravity-based spatial
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interaction model has the advantage of estimating regional situations and it has been widely used in
the field of migration analysis [46].
It was discovered that the structure of a region influences population movement [15,47]. Adopting
this, it is assumed in this paper that industrial structure, more specifically diversity in regional industry,
affects spatial interactions. This paper applies entropy in a different way from the previous works.
They use entropy as a factor of spatial structure that quantifies the condition of a whole system [48].
Different from that, this paper applies entropy as a factor of regional industry that quantifies the
condition of a region in the system.
Curry [49] determined that the flows of population are influenced by geographic conditions.
Alonso [26] developed a doubly-constrained gravity model to analyze multi-regional migration
with separate constraints on inflows and outflows of regional population. A feature of the
doubly-constrained element allowed the gravity model to estimate the geographical conditions.
However, the same feature makes it difficult to determine the variables that satisfy the constraints,
in spite of the efforts to enhance the doubly-constrained model [27,28]. In reality, the totals of inflow
and outflow are matched in the inter-regional migration. From this fact, a single constraint is set in this
paper. Assuming a nation to be a closed system that leads to the conservation of the total population,
the inflows and outflows of the spatial interactions should be same in a nation.
The feature of the distance factor in the spatial interaction model decides the influences from the
geographic conditions. The distance factor should reflect patterns of the spatial interactions affected by
the geographic conditions [33]. The influence of distance on interactions does not linearly increase [50].
Generally, it is underestimated in short distances and overestimated in long distances [51]. In this
paper, it is assumed that the feature of the distance factor is variable according to the geographic
condition and it is optimized with the introduction of a single constraint.
3. Materials and Methods
3.1. Fundamental Concepts
This paper introduces the concepts of weighted entropy estimated by industrial diversity, and its
application to the evaluation of spatial interactions.
3.1.1. Industrial Diversity and Entropy
In this paper, it is assumed that diversity in regional industry is a major factor of spatial
interactions. More specifically, differences in diversity level between regions cause the interactions.
Therefore, quantifying the diversity must precede the evaluation of the spatial interactions.
The situation of regional industry can be represented as a distribution, and the diversity in the
distribution can be estimated as a value by calculating its entropy according to the information
theory [31]. The function of the entropy is expressed as:
N

H=

∑ − pi log pi

(1)

i =1

where H is the entropy; i is element of distribution; N is the total number of elements; and pi is the
appearance probability of element i that can be presented as a proportion of the element.
In this paper, entropy is calculated with the distribution of employees, according to the categories
of industry by profit level. This paper introduces an industrial classification rearranged by profit per
employee. It is different from the conventional categories of the Standard Industrial Classification (SIC)
in that the introduced classification categorizes industries according to their economic effectiveness,
while the SIC focuses on the type of product. The profit level of the ith industry means a higher ith
profit level in a group. The entropy quantifies the diversity by substituting pi in Equation (1) for
the probability of the existence of an arbitrary employee in the profit level of the ith industry. pi is
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proportional to the employees in the profit level of the ith industry as compared to total employees in
the region.
The entropy is weighted by the average profit per employee of the regional industries in order
to reflect both diversity and economic performance of regional industries. This weighted entropy
is applied to the introduced model as the attraction factor. The weight and weighted entropy are
shown as:
,

N 
N
wi = ∑ pro f it j × employeeij
(2)
∑ employeeij
j =1

j =1

Hi0 = wi · Hi

(3)

where wi is the weight of region i; N is the number of levels, or the number of industrial profit
categories; profitj is the profit of the jth industry level; employeeij is the number of employee of the jth
industry level in region i; and Hi0 is the weighted entropy of region i.
3.1.2. Evaluation of Spatial Interactions
The introduced model follows the conventional form of the gravity model established by
Reilly [25]. However, terms of distance and gravitational acceleration are modified in order to estimate
the geographic disproportionality of the industrial diversity.
Fundamentally, properties of a region attract population, and its influence is in inverse proportion
to the distance. The condition of the regional industry decides the tendency of inter-regional migration,
and its amount is determined by the population. It is based on an assumption that people are willing
to move to well-structured regions for jobs. Those features experience spatial interactions and the
terms in the introduced model are modified to reflect them.
The conventional gravity model is composed of the populations of interacting regions, distance,
and a constant that decides the strength of the interaction [35]. The typical form is expressed as:
Iij = Gij

mi m j
d2 ij

(4)

where Iij is the interaction from origin i to destination j; mi and mj are, respectively, the population
functions of regions i and j; dij is the distance between regions i and j; and Gij is a constant determined
through statistics of movement from region i to j.
The introduced model modifies the gravitational acceleration term to be a variable one,
not a constant. It estimates demographic attractive force from the relative attractiveness, while the
formal doubly-constrained gravity model estimates the attractive and repulsive force from statistical
patterns. The term Gij is determined by the difference of quantified diversity, the weighted entropy
between two regions. The term Gij determines the direction of interaction and there is no prescribed
origin or destination. Gij is skew-symmetric, therefore inflow to a region means an equivalent outflow
from another region:
Gij = − Gji = Hi0 − Hj0
(5)
where Hi0 and Hj0 are the weighted entropy of region i and j, respectively. The mass of region i, mi ,
is expressed as:
mi = f p ( pi ) = piλ
(6)
where fp is the population function and pi is the amount of population in region i; λ is a mass constant
set as 1.0 in this paper; and pi is normalized to the 0.0–1.0 range. Since the model is aiming at
explanation, the constant and the variable are normalized. In predictive models, the constant would
be set to fit the observed migration.
In this paper, distance is regarded as a factor of friction against interactions based on the concept
of Stouffer [38]. The distance term in the model is modified as a sigmoid function, adopting the
concept of Boyle and Flowerdew [51]. The sigmoid function adjusts the friction as an “S”-shaped curve.
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It means that the friction slightly increases in short-distance, steeply increases in middle-distance and
slightly increases in long-distance. The shape of the distance function determines the patterns of the
interactions. The function of distance friction is:
.n
o
dij0 = f d (dij ) = 1
1 + 10α( β−dij /dmax )
(7)
where dij0 is the distance friction between region i and j; α and β are shape parameters that determine
central point and slope of the sigmoid curve respectively; dij is the real distance between regions
i and j; and dmax is the maximum distance between regions. Two parameters in the function
determine the shape of the curve. An optimization process with an introduced constraint determines
those parameters.
3.1.3. Virtual Interaction and Attraction Force
The concept of virtual interaction is derived from the ‘virtual work’ of physics, and this concept
is adopted in this paper for the evaluation of the attraction force. In the real world, it is difficult to
measure interactions directly because of the complex relationship between the interactions themselves.
For this reason, the indirect method was introduced in this paper to measure the spatial interactions.
The virtual work assumes a virtual movement of a mass that should not move, and determines
parameters that makes the movement zero. Applying that, a concept of virtual interaction is adopted.
The parameters in the introduced model are determined as values that minimize the aggregation of
the simulated virtual interaction. The virtual interaction is evaluated with Equation (8), derived from
Equation (4):
pi0 p0j
mi m j
Iij = Gij 02 = ( Hi0 − Hj0 ) 02
(8)
dij
dij
where Gij , mi , and dij0 are substituted by Equations (5)–(7), respectively. All the variables in the
equation(Hi0 , Hj0 , pi0 , p0j , and dij0 ) are normalized to the 0–1 range.
There is a constraint on the aggregation of interactions. The optimization of the parameters in
the introduced model is operated under the constraint. The sum of the simulated virtual interactions
should be zero in the whole nation, based on the assumption that the population in the nation is
conserved. This paper regards the national boundary of South Korea as a closed system of population,
neglecting international migration. (In 2010, the international net migration of South Korea was less
than 0.03% of the population [52].) This is represented as:
N N

∑ ∑ Iij = 0

(9)

i =1 j = i

where N is the number of regions, and j starts from i because Iij is skew-symmetric, Iij = −Iji .
This paper assumes that the attraction force of a region is a resultant force of every interaction
in the region, and that it is a potential force that can attract population to the region. The force of
a region is evaluated by aggregating all the virtual interactions related with the region. The evaluation
function is:
N

Fi =

∑ Iij

(10)

j

where Fi is the attraction force of region i; N is the number of regions; Iij is the virtual interaction from
region i to j; and in case of I = j, Iij is 0.
A positive value of a region means that the region has the potential to attract people to the region,
which would lead to an increase in population. A negative value means an outflow and a decrease
in population.
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3.2. Data
This paper applied the introduced model to the cases of 207 regions, cities and counties in South
Korea for 2010. Those regions cover almost all the lower-level local governments in South Korea.
The island areas were excluded. Official statistics of population, industry, coordinates, and migration
were collected from the Korean statistical information service system, KOSIS [52]. Total population,
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In Step 1, population, coordinates, and industry data were analyzed. Distances between all pairs
In Step 1, population, coordinates, and industry data were analyzed. Distances between all
of regions were calculated with the GIS coordinates. Industrial distributions of all regions were
pairs of regions were calculated with the GIS coordinates. Industrial distributions of all regions were
analyzed by calculating the proportion of employees in each the introduced category. The regional
analyzed by calculating the proportion of employees in each the introduced category. The regional
average of industrial profit level was calculated with the data of industrial distribution and the
average of industrial profit level was calculated with the data of industrial distribution and the related
related average profits. In Step 2, the entropy of each region was calculated with the industrial
average profits. In Step 2, the entropy of each region was calculated with the industrial distribution
distribution data, and weighted entropy was estimated with the entropy and regional average
data, and weighted entropy was estimated with the entropy and regional average industrial profit.
industrial profit.
In Step 3, virtual interaction was simulated through the introduced model with the data of
weighted entropy, distance and population. A simulation program was developed for this process
with the JAVATM programming language; it is presented in the supplementary material. In Step 4,
variables in the model were optimized to satisfy the introduced constraint. This step reiterated the
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In Step 3, virtual interaction was simulated through the introduced model with the data of
weighted entropy, distance and population. A simulation program was developed for this process with
the JAVATM programming language; it is presented in the Supplementary material. In Step 4, variables
in the model were optimized to satisfy the introduced constraint. This step reiterated the process
of Step 3, and the parameters were determined as a result of this optimization process. In Step 5,
the attraction force was evaluated with the optimized model. Through these steps, the demographic
attraction forces of all the regions were evaluated from the perspective of their conditions of location
and
industrial diversity.
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Figure 2.
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Process of
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force evaluation.
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Figure

For verification, the evaluated values were compared with the observed net migration. The
For verification, the evaluated values were compared with the observed net migration.
Pearson R correlation between them was examined to verify that the introduced model evaluated the
The Pearson R correlation between them was examined to verify that the introduced model evaluated
attraction force of the industrial diversity. For comparison, this paper also explored the correlations
the attraction force of the industrial diversity. For comparison, this paper also explored the correlations
of net migration with population, Gross Regional Domestic Product (GRDP), employment rate, and
of net migration with population, Gross Regional Domestic Product (GRDP), employment rate, and the
the industrial diversity by the conventional SIC. All the data were gathered from KOSIS [52].
industrial diversity by the conventional SIC. All the data were gathered from KOSIS [52].
4. Results and Discussion
4. Results and Discussion
The results of entropy, average profit level of regional industry, and attractive force calculations
The results of entropy, average profit level of regional industry, and attractive force calculations
are presented in Supplementary Materials Table S3. Data of the compared factors are also presented
are presented in Supplementary Materials Table S3. Data of the compared factors are also presented in
in that table (GRDP per capita, employment rate, and entropy of SIC-based industrial distribution).
that table (GRDP per capita, employment rate, and entropy of SIC-based industrial distribution).
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determined by the diversity and the average industrial profit of the regional industry.
The results of the weighted entropy of 207 cities and counties in South Korea are illustrated in
Figure 4. A high weighted entropy means that the region’s industries are well-distributed by profit
level, and vice versa. The weighted entropy of urban areas tends to be higher than those of rural
areas. Figure 4 shows that the values of weighted entropy are especially high in the vicinity of the
two major metropolitan areas, Seoul and Busan. It seems that high entropy areas are congregated and
they create a number of clusters. However, not all the urban areas have high entropy and, also, not
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The results of the weighted entropy of 207 cities and counties in South Korea are illustrated in
Figure 4. A high weighted entropy means that the region’s industries are well-distributed by profit
level, and vice versa. The weighted entropy of urban areas tends to be higher than those of rural areas.
Figure 4 shows that the values of weighted entropy are especially high in the vicinity of the two major
metropolitan areas, Seoul and Busan. It seems that high entropy areas are congregated and they create
a number of clusters. However, not all the urban areas have high entropy and, also, not all the rural
areas
low entropy.
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Figure 3. Distribution of regional industry with the classification by profit level: w is weight; H is
a low-profit-industry biased region.
entropy; and H′ is the weighted entropy.
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Figure 4. Weighted entropy of cities and counties in South Korea (illustrated with ArcMapTM 10 [53]):
(a) the capital, Seoul, and vicinity; and (b) the second metropolitan area, Busan, and vicinity.
Figure 4. Weighted entropy of cities and counties in South Korea (illustrated with ArcMapTM 10 [53]):
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4.2.
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and Attraction
Forces
= 3.82
and βInteractions
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2
curve of term d’ in Equation (7), as presented in Figure 5. The distance–friction curve shows how the
The optimization process of virtual interactions determined the parameters in Equation (7) as α
impact of friction on interaction changes against distance. The curve has the shape of the sigmoid
= 3.82 and β = 0.198. Optimized values of the parameters determine the shape of the distance–friction
curve. There is a small amount of friction on the short-distance interaction, a large amount friction
curve of term d’2 in Equation (7), as presented in Figure 5. The distance–friction curve shows how the
on the long-distance interaction, and a proportional friction on the middle-distance interaction. This
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4.2. Spatial Interactions and Attraction Forces
The optimization process of virtual interactions determined the parameters in Equation (7) as
α = 3.82 and β = 0.198. Optimized values of the parameters determine the shape of the distance–friction
curve of term d0 2 in Equation (7), as presented in Figure 5. The distance–friction curve shows how the
impact of friction on interaction changes against distance. The curve has the shape of the sigmoid
curve. There is a small amount of friction on the short-distance interaction, a large amount friction on
the long-distance interaction, and a proportional friction on the middle-distance interaction. This is
different from the distance function of previous works that adopted linear or exponential functions,
assuming
a continuously
ISPRS
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2017, 6, 352 increasing friction [35].
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A positive value for a region means that the region had a potential to attract people that would lead to
a population increase, and vice versa. This reveals the potential population growth areas and declining
areas. Interestingly, both high-attraction force regions and low-attraction force regions are found in
the metropolitan areas. Regions far from the metropolitan areas represent neutral values of attractive
force.
This
the6,demographic
interactions in capital areas.
ISPRS
Int. J.explains
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352
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Table 1. Correlations between net migration and regional factors.
Table 1. Correlations between net migration and regional factors.
Factors
Factors

D.F.
D.F.

Attraction Force (introduced)
Profit level
Attraction
Force(introduced)
(introduced) 1
205
1
Profit
level (introduced)
Entropy
of dist. by p.l. (introduced) 2 205
2
205
Entropy
of dist.
by p.l.by(introduced)
Entropy
of dist.
SIC 3
204
Entropy of dist. by SIC 3
Population
Population
205
4
4
GRDP
158
GRDP
levellevel
Employment
Employment
rate rate
133
5
5
205
Gravity
model
(pow.(pow.
func.)func.)
Gravity
model
6
205
Gravity
model
(exp.(exp.
func.)func.)
6
Gravity
model

205
205
205
204
205
158
133
205
205

2011
2011 p-Value
R Coefficient
R Coefficient
p-Value
0.286 ***
(<0.0001)
0.179
(0.010)
0.286
*****
(<0.0001)
0.179
(0.010)
0.139****
(0.045)
0.139
**
(0.045)
–0.018
(0.793)
–0.018
(0.793)
–0.115
(0.100)
–0.115
(0.100)
0.138* *
(0.083)
0.138
(0.083)
–0.184****
(0.033)
–0.184
(0.033)
0.137
(0.050)
0.137****
(0.050)
0.211
(0.002)
0.211******
(0.002)

2011–2015
2011–2015p-Value
R Coefficient
R 0.357
Coefficient
p-Value
***
(<0.0001)
0.195
***
(0.005)
0.357 ***
(<0.0001)
0.195 ***
(0.005)
0.139
***
(0.045)
0.139
***
(0.045)
–0.061
(0.381)
–0.061
(0.381)
–0.174
**
(0.012)
–0.174 **
(0.012)
0.225
***
(0.004)
0.225 ***
(0.004)
–0.147
(0.089)
–0.147 **
(0.089)
0.133 **
(0.056)
0.133
(0.056)
0.212 ***
(0.002)
0.212
***
(0.002)

1 Average profit per employee; 2 Entropy of employees’ distribution by
* *p p< <
0.1,
** p**< p0.05,
*** p <
1 Average profit per employee; 2 Entropy of employees’
0.1,
< 0.05,
***0.01,
p <Note:
0.01, Note:
occupied industries’ profit level; 3 Entropy of employees’ distribution by occupied industries’ SIC; 4 Gross Regional
3 Entropy
5 Valuesof
distribution
by per
occupied
industries’
level;
distribution
by occupied
Domestic
Product
capita (unit:
million profit
Won per
capita);
byemployees’
the Gravity model
with power
function;
6 Values by the Gravity
5 Values
model
with exponential
All the
values
of the
factorsWon
are presented
in Table
S3.
Regional
Domesticfunction;
Product7 per
capita
(unit:
million
per capita);
industries’ SIC; 4 Gross

by the Gravity model with power function; 6 Values by the Gravity model with exponential function;
7 All the values of the factors are presented in Table S3.
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for industry
their high
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condition of diversity in regional industry explains inter-regional migration better than population
explore
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and
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investigate
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[55].
In
the
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of the
does, however, not better than previous inter-regional inflows and outflows does. Explanatory
inter-regional
migration,
the
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models
explore
what
makes
people
move
from
one
region
to
models explore the causality and predictive models investigate the statistical trends [55]. In the field
another
and the predictive
models
howmodels
many people
move.
Generally,
the predictive
of the inter-regional
migration,
theestimate
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explorewill
what
makes
people move
from one
migration
models
show
high
correlation
between
their
prediction
results
and
the
observations
since
region to another and the predictive models estimate how many people will move. Generally,
the

predictive migration models show high correlation between their prediction results and the
observations since they analyze the previous migration data, inflows, and outflows, of which
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they analyze the previous migration data, inflows, and outflows, of which correlations with observed
migration are already high. On the other hand, explanation models related to human behavior
show relatively low correlation. According to the results of Cohen [56], and Oswald and Wu [57],
above a value of 0.3 for the Pearson R correlation related with human behavior means that there is
a considerable relationship.
5. Conclusions
Proper population is essential for regional economic sustainability. However, population levels are
suffering due to the depopulation in a large number of regions in South Korea. This decline is mainly
caused by inter-regional migration. This paper focused on the cause of inter-regional migration and
explored how the geographic conditions of regional industry affect the spatial interactions. Diversity
is a major factor that explains the sustainability of the economic environment. Profit is a major
reason why people move to another region. This paper combined these two elements as a factor
affecting population inflow. It was assumed that a spatial imbalance of the diversity and profit caused
the demographic spatial interactions. Based on this concept, a modified spatial interaction model
was introduced to discover the effect of the geographic disproportionality of industrial diversity
on inter-regional migration. The introduced model applied the entropy of information theory to
quantify the diversity, and adopted the notion of virtual work to optimize its parameters. In the
diversity estimation, a classification by industrial profit per employee was applied instead of the
conventional SIC.
The 207 cases of regions, cities and counties in South Korea were applied to the introduced
model and spatial interactions were simulated with the optimized function. The attraction force of
the 207 regions were evaluated and these values were compared with real net migration. The results
showed that there are significant correlations of net migration with the factors of diversity and profit
efficiency. More remarkably, the correlation between the evaluated attraction force and net migration
was very significant. Considering the attraction force was evaluated from uneven spatial conditions,
the geographic disproportionality had a great effect on the spatial interactions. Correlations of net
migration with factors of population, GRDP per capita, and employment rate were also estimated,
but the relationships were not as significant as that of the introduced attractive force. These results
prove that the diversity and profit of regional industries synthetically determine the multi-regional
demographic interactions according to their geographic conditions. It will extend the understanding
of the inter-regional migration from the previous works that focused on the relationship between
economic factors and migration, and also from the works that explored spatial interactions with
demographic factors.
Numerous regions suffering from depopulation are trying to encourage population growth for the
sustainable development of regional economy. As the birthrate is renewing its lowest record in South
Korea, migration is considered to be the only way to increase or maintain the population. A large
number of regional industry policies are aimed at encouraging an influx of people. They are focusing
on high-profit industries or various industries by SIC, not considering the situations of neighboring
regions. However, the results show that the industrial diversity by profit level and its balance with
neighbors are important. This finding can offer advice on the development of regional industry for
local policy-makers, for example suggesting the development of middle profit-making industries
not located in the vicinity of their regions, instead of an investment in a specific high-technology
industry. This paper’s results also prove the effectiveness of the GIS based geographical approach for
the investigation of the spatial interactions that lead to regional population change. They revealed
potential depopulation regions in South Korea. These results can assist policy-makers of national
government in the identification of potential problem regions that should be considered when planning
regional development.
This paper concludes that the diversity of regional industry has an obvious effect on inter-regional
migration and that the spatial disproportionality of that condition has a significant relationship with
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