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Abstract7

This study examines the spatial spillover dynamics of the Human Development Index (HDI)8

in West Java Province, Indonesia, using the Enclave Panel Threshold Spatial Autoregressive9

Model (E-PT-SAR) and panel data from 27 districts during 2021–2025. The analysis extends10

the conventional PT-SAR framework by incorporating enclave identification to distinguish11

between core prosperous regions, prosperous enclaves, and poor regions. The estimated12

poverty threshold separates West Java into prosperous and poor regimes, while the enclavity13

index identifies two prosperous enclave districts: Kabupaten Bandung and Ciamis. The14

results indicate that spatial spillovers differ between spatial regimes. Significant spillover15

effects were detected in the core prosperous and poor regions, while no statistically significant16

spillover effect was identified in the prosperous enclave regions. These findings are consistent17

with the hypothesis of the enclave effect, suggesting that spatially isolated prosperity may not18

diffuse to surrounding poorer areas. Among formally comparable specifications, the PT-SAR19

model provides the best statistical fit, while the E-PT-SAR framework offers additional20

insight into spatial heterogeneity through enclave identification. The findings imply that21

regional development policies should be adapted to different spatial regimes.22
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1. Introduction27

West Java Province, Indonesia’s most populous province, exhibits striking spatial disparities in28

human development. The northern region, comprising Bekasi, Karawang, and Purwakarta, has29

achieved high scores on the Human Development Index (HDI), driven by industrialization and30

urban agglomeration. In contrast, the southern region, including Cianjur, Sukabumi, Garut, and31

Tasikmalaya, consistently shows lower HDI, characterized by agricultural dependence and limited32

infrastructure. This spatial cluster pattern is not unique to West Java; it reflects a broader33

phenomenon in regional data where development indicators often exhibit spatial dependence,34

which means that regions with similar characteristics tend to cluster together [1]. This clustering35

raises a critical question: does prosperity in high-HDI regions spill over to neighboring areas, or36

do these regions develop independently?37
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A particularly interesting case in West Java is Kabupaten Bandung. Although classified38

as a relatively prosperous district with low poverty levels, it is geographically surrounded by39

neighboring districts with considerably higher poverty rates, including Bandung Barat, Garut,40

Cianjur, and Tasikmalaya. This configuration suggests the presence of an enclave phenomenon,41

namely a prosperous region spatially surrounded by poorer regions. The concept of an enclave42

was originally introduced in a mathematical context as a region isolated from others of its kind43

[2],and has subsequently been applied in regional development studies to describe economically44

advantaged areas that remain weakly connected to their surrounding local economies [3]. Similar45

enclave phenomena have been observed elsewhere. In Poland, wealthy regions surrounded by46

poor regions acted as spatial outliers, failing to generate spillovers to their poorer neighbors [4].47

Farole found that Special Economic Zones (SEZs) sometimes develop as enclaves with limited48

links to local economies, potentially worsening conditions in surrounding areas by attracting49

investment and skilled labor away from them. These findings suggest that enclaves may exhibit50

fundamentally different spillover behavior compared to prosperous regions that form contiguous51

clusters.52

The phenomenon of enclaves is important because it challenges the conventional assumption53

that prosperous regions naturally drive growth in neighboring areas. Spatial econometric models,54

such as the Spatial Autoregressive (SAR) model, generally assume that the relationship between55

neighboring regions is homogeneous across space, implying that spillover mechanisms operate56

similarly in all regions [5]. However, regional development processes are often heterogeneous.57

Prosperous industrial clusters in northern West Java can generate strong interregional spillovers58

due to integrated labor markets, transportation networks, and industrial links, whereas enclave59

regions can remain relatively isolated despite their economic advantages. If such heterogeneity is60

ignored, important regime-specific spillover behavior may be obscured.61

To address the limitation of parameter homogeneity, Hansen developed the panel threshold62

model, which allows parameters to vary between regimes depending on whether an indicator63

crosses a certain threshold [6] developed the panel threshold model, which allows parameters64

to vary between regimes depending on whether an indicator crosses a certain threshold. This65

framework was later integrated into spatial panel econometrics by Wei et al. through the66

Panel Threshold Spatial Durbin (PT-SDM) model. The PT-SDM framework improves upon67

homogeneous spatial models by allowing spillover effects to differ between regimes, such as68

prosperous and poor regions. Nevertheless, an important limitation remains: regions within the69

same regime are still assumed to behave homogeneously. In practice, prosperous regions can70

consist of both contiguous development clusters and spatially isolated enclaves. Consequently,71

the standard threshold spatial framework may not adequately distinguish the unique spillover72

behavior of enclave regions.73

This study applies the Enclave Panel Threshold Spatial Autoregressive (E-PT-SAR) model74

to HDI data from 27 districts in West Java for the period 2021-2025, yielding 135 observations75

(27 districts × 5 years). HDI is used as the dependent variable, while explanatory variables76

include the open unemployment rate (TPT), the logarithm of GRDP per capita (log PDRBK),77

and the poverty rate [8], [9], [10], [11]. The study has three specific objectives. First, identify the78

optimal poverty threshold that distinguishes prosperous from poor regions in West Java. Second,79

identify prosperous enclaves using the enclavity index. Third, estimate and compare spillover80

effects across the three regimes: the prosperous core, prosperous enclave, and poor regions.81

This study contributes to the spatial econometrics literature in two ways. First, it extends the82

spatial threshold framework by incorporating enclave identification into a spatial autoregressive83

panel model. Second, it provides empirical evidence that prosperous enclave regions may exhibit84

different spillover behaviors from both the main prosperous and poor regions, particularly in the85

context of regional human development disparities in West Java.86
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2. Methodology87

2.1. Data and Variables88

This study uses panel data from 27 districts and cities in West Java Province, Indonesia, for89

the period 2021-2025, producing 135 observations (27 regions × over 5 years). All data were90

obtained from Statistics Indonesia (BPS). The dependent variable is the Human Development91

Index (HDI), while the explanatory variables include the Open Unemployment Rate (TPT), the92

logarithm of GRDP per capita (log PDRBK), and the poverty rate. Poverty is also used as the93

threshold variable in the PT-SAR and E-PT-SAR models. Table 1 summarizes the variables94

used in this study, including their definitions and units of measurement.95

Table 1: Variable Definitions and Descriptions
Variable Symbol Description Unit
Human Development
Index (HDI)

y Composite measure of health, education,
and living standards

Index (0–100)

Open Unemployment
Rate (TPT)

x1 Percentage of labor force unemployed
and seeking work

Percent (%)

GRDP per capita
(PDRBK)

x2 Total economic output per person Thousand IDR

Poverty Rate x3 Percentage of population below the
poverty line

Percent (%)

Note: all variables are measured on a ratio scale and obtained from BPS.

2.2. Panel Data Fixed Effects Model96

Prior to spatial analysis, three non-spatial panel models are estimated: Pooled OLS, Fixed97

Effects (FE), and Random Effects (RE). The general specification is as follows:98

yit = x′
itβ + µi + εit (1)99

where yit is the dependent variable for region i at time t; xit is the vector of independent variables100

(K × 1); β is the vector of coefficients (K × 1); µi represents individual fixed effects that capture101

time-invariant regional characteristics; εit is the idiosyncratic error term assumed εit ∼ N(0, σ2).102

Pooled OLS assumes µi = 0 ∀i. Fixed Effects (FE) allows µi to be correlated with xit and103

eliminates µi via within transformation. Random Effects (RE) assumes µi is uncorrelated with104

xit and treats µi as part of the error term [12].105

2.2.1. Chow Test (Pooled OLS vs Fixed Effects)106

The Chow test examines whether individual effects exist [13]. The null hypothesis is H0 : µ1 =107

µ2 = · · · = µN−1 = 0 (Pooled OLS is appropriate), while the alternative hypothesis is H1: at108

least one µi ̸= 0 (FE is appropriate). The F-statistic is calculated as:109

F = (RSSP ooled − RSSF E)/(N − 1)
RSSF E/(NT − N − K) (2)110

where RSSP ooled is the residual sum of squares from the Pooled OLS Model; RSSF E is the111

residual sum of squares from the Fixed Effect model; N is the number of regions; T is the number112

of time periods; K is the number of independent variables.113

Under the null hypothesis, the F-statistic follows an F-distribution with (N − 1) and (NT −114

N − K) degrees of freedom. If the F-statistic exceeds the critical value (or p-value < 0.05), the115

null hypothesis is rejected, and the Fixed Effects model is preferred [12].116

2.2.2. Hausman Test (Fixed Effects vs Random Effects)117

The Hausman test compares the RE and FE estimators [14]. The null hypothesis is H0 :118

Cov(µi, xit) = 0 (RE is consistent and efficient), while the alternative hypothesis is H1 :119
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Cov(µi, xit) ̸= 0 (FE is consistent, RE is inconsistent). The test statistic is calculated as:120

H = (β̂
RE

− β̂
F E

)′[Var(β̂
F E

) − Var(β̂
RE

)]−1(β̂
RE

− β̂
F E

) (3)121

where β̂
F E

is the coefficient vector from the Fixed Effects model; β̂
RE

is the coefficient vector122

from the Random Effects model; Var(β̂
F E

) and Var(β̂
RE

) are the respective variance-covariance123

matrices.124

Under the null hypothesis, the H-statistic follows a chi-square distribution with K degrees of125

freedom. If the H-statistic exceeds the critical value (or p-value < 0.05), the null hypothesis is126

rejected, and the Fixed Effects model is preferred [12].127

2.3. Spatial Weight Matrix (Queen Contiguity)128

The spatial weight matrix defines the neighborhood structure among regions. This study adopts129

the Queen contiguity criterion, where two regions are considered neighbors if they share a common130

border or a common vertex, analogous to the movement of a queen in chess [1], [15], [16], [17].131

The elements of the spatial weight matrix are defined as:132

wij =
{

1, if regions i and j share a border or a vertex
0, otherwise

(4)133

The diagonal elements are set to zero (wii = 0) to prevent a region from being considered its134

own neighbor.135

To ensure that the spatial autoregressive coefficient (ρ) can be interpreted as the average136

influence of neighboring regions, the matrix is standardized in rows so that each row sums up to137

one [1]. The row-standardized weight is computed as:138

w∗
ij = wij∑N

j=1 wij

(5)139

where N is the total number of regions. This transformation ensures that
∑N

j=1 w∗
ij = 1 for each140

row i. The resulting spatial weight matrix is used in all subsequent spatial tests and models.141

2.4. Spatial Autocorrelation: Moran’s I142

To detect the presence of spatial dependence, Moran’s I test is applied [15], [1], [16]. The test is143

applied to two objects: (i) the dependent variable y, and (ii) the residuals of the Fixed Effects144

model.145

Moran’s I on Dependent Variable (Initial Exploration). This test aims to determine146

whether the dependent variable (y) exhibits a spatial clustering pattern descriptively. The147

formula for Moran’s I for panel data on the dependent variable is defined as follows [15]:148

Iy =
∑N

i=1
∑N

j=1 wij(yit − ȳ)(yjt − ȳ)∑T
t=1

∑N
i=1(yit − ȳ)2

× N∑N
i=1

∑N
j=1 wij

(6)149

where N is the number of spatial observations (regions), T is the number of time periods, yit is150

the value of the dependent variable in region i at time t, ȳ is the mean of y across all regions and151

time periods, and wij is the element of the spatial weight matrix W . The hypotheses tested are:152

1. H0 : Iy = E(I) (no spatial dependence in the dependent variable)153

2. H1 : Iy ̸= E(I) (spatial dependence exists in the dependent variable)154

The expected value of Moran’s I under the null hypothesis of no spatial dependence is [15]:155

E(I) = − 1
N − 1 (7)156
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Statistical significance is calculated using a permutation (bootstrap) approach with 999 permuta-157

tions. If the p-value < 0.05, then H0 is rejected and the dependent variable exhibits significant158

spatial autocorrelation.159

Moran’s I on FE Residuals. This test is a more formal procedure for deciding whether a160

spatial model is needed in regression analysis. The steps are as follows [1]:161

1. Estimate the non-spatial panel model (Fixed Effects or Random Effects) as in equation (1).162

2. Extract the residuals from the model, denoted êit.163

3. Compute Moran’s I on the residuals êit using the following formula:164

Ie =
∑T

t=1
∑N

i=1
∑N

j=1 wij êitêjt∑T
t=1

∑N
i=1 ê2

it

× N∑N
i=1

∑N
j=1 wij

(8)165

The hypotheses tested are:166

1. H0 : Ie = 0 (no spatial autocorrelation in the residuals)167

2. H1 : Ie ̸= 0 (spatial autocorrelation exists in the residuals)168

Statistical significance is calculated using a permutation (bootstrap) approach with 999 per-169

mutations [1]. If the p-value < 0.05, then H0 is rejected and the residuals still contain spatial170

dependence, indicating that a spatial econometric model is required.171

2.5. Lagrange Multiplier (LM) Tests172

After estimating the non-spatial panel model, the next step is to determine the most appropriate173

spatial specification. For this purpose, Lagrange Multiplier (LM) tests developed for panel data174

by [1] are employed [16], [17]. There are two main tests, each with a standard and a robust175

version.176

Standard LM Tests. These tests detect the presence of spatial dependence in general,177

either in the form of a spatial lag or a spatial error.178

1. LMerror detects spatial dependence in the error term (H0 : λ = 0):179

LMerror =
[
e′(IT ⊗ W )e/σ̂2]2

T · tr(W 2 + W ′W ) ∼ χ2(1) (9)180

2. LMlag detects spatial dependence in the dependent variable (H0 : ρ = 0):181

LMlag =

[
e′(IT ⊗ W )y/σ̂2

]2

D
∼ χ2(1) (10)182

with D = T · tr(W 2 + W ′W ) + T 2(W Xβ)′M(W Xβ)
σ̂2 , M = IN − X(X ′X)−1X ′, and e is the183

vector of residuals, X is the matrix of independent variables, y is the vector of the dependent184

variable.185

Robust LM Tests (RLM). Standard LM tests may be biased when both types of dependence186

(lag and error) are present simultaneously. To address this issue, robust LM tests are used [1],187

which can more accurately distinguish the source of dependence.188

1. Robust LM Lag tests for spatial lag dependence (H0 : ρ = 0) while controlling for the189

presence of spatial error:190

RLMlag =

[
e′(IT ⊗ W )y/σ̂2 − e′(IT ⊗ W )e/σ̂2

]2

T · tr(W 2 + W ′W ) − [e′(IT ⊗ W )e]2 / (σ̂2T · tr(W 2 + W ′W ))
∼ χ2(1) (11)191
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2. Robust LM Error tests for spatial error dependence (H0 : λ = 0) while controlling for the192

presence of spatial lag:193

RLMerror =

[
e′(IT ⊗ W )e/σ̂2 − e′(IT ⊗ W )y/σ̂2

]2

T · tr(W 2 + W ′W ) −
[
e′(IT ⊗ W )y

]2
/ (σ̂2T · tr(W 2 + W ′W ))

∼ χ2(1) (12)194

195

The LM test for spatial lag dependence examines whether the spatially lagged dependent196

variable (Wy) should be included in the model. The null hypothesis is H0 : ρ = 0 (no spatial197

lag dependence), while the alternative hypothesis is H1 : ρ ≠ 0 (spatial lag dependence exists).198

Similarly, the LM test for spatial error dependence examines whether the error terms are spatially199

correlated, with H0 : λ = 0 and H1 : λ ̸= 0. The procedure for selecting the appropriate spatial200

model is as follows [18]:201

1. Estimate the non-spatial panel model (Fixed Effects) and obtain the residuals êit.202

2. Compute the four LM test statistics: LMlag, LMerror, RLMlag, RLMerror.203

3. Compare these values with the critical chi-square value at 1 degree of freedom (χ2
0.05,1 =204

3.841).205

The decision rule is:206

1. If RLMlag is significant and RLMerror is not, the SAR Model is chosen.207

2. If RLMerror is significant and RLMlag is not, the SEM Model is chosen.208

3. If both are significant, the Spatial Durbin Model (SDM) may be considered.209

4. If neither is significant, the non-spatial Fixed Effects model is sufficient.210

2.6. Spatial Autoregressive (SAR) Model211

The Panel Spatial Autoregressive (SAR) model with fixed effects captures spatial spillovers by212

including the spatially lagged dependent variable as an additional regressor [5]. The model is213

specified as:214

yit = ρ
N∑

j=1
wijyjt + x′

itβ + µi + εit (13)215

In this specification, the term
∑N

j=1 wijyjt captures the spatial spillover effect: the dependent216

variable in region i is influenced by the weighted average of the dependent variable in its217

neighboring regions. The coefficient ρ measures the strength and direction of this spillover:218

1. If ρ > 0 and significant, positive spatial spillover (neighbors’ values positively influence219

region i),220

2. If ρ < 0 and significant, negative spatial spillover (neighbors’ values negatively influence221

region i),222

3. If ρ = 0 or not significant, no spatial spillover effect exists.223

The spatial autoregressive coefficient ρ must satisfy the condition |ρ| < 1 for the spatial process224

to be stable [1]. This condition ensures that the spatial multiplier matrix (IN − ρW )−1 exists225

and can be expanded as an infinite series.226

The spatial lag term
∑N

j=1 wijyjt is endogenous because it is correlated with the error term [15].227

Therefore, the model cannot be estimated consistently by OLS. Instead, Maximum Likelihood228

(ML) or Spatial Two-Stage Least Squares (S2SLS) is employed [19]. The fixed effects µi are229

eliminated using the within transformation prior to estimation [1].230

2.7. Panel Threshold SAR (PT-SAR) Model231

The standard SAR model in equation (13) assumes parameter homogeneity across all regions.232

However, in regional development contexts, the relationship between variables may change when233
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an indicator crosses a certain threshold [6]. The Panel Threshold SAR (PT-SAR) model allows234

parameters to vary across two regimes determined by a threshold variable. Following Hansen235

and Wei et al., the PT-SAR model with fixed effects is specified as [6], [7]:236

yit =
{

ρ1
∑N

j=1 wijyjt + x′
itβ1 + µi + εit, qit ≤ γ

ρ2
∑N

j=1 wijyjt + x′
itβ2 + µi + εit, qit > γ

(14)237

where q̄i = 1
T

∑T
t=1 qit is the time-averaged threshold variable; γ is the unknown threshold238

parameter to be estimated; ρ1, ρ2 are the spatial autoregressive coefficients for low and high239

regimes; β1, β2 are the coefficient vectors for low and high regimes.240

The indicator function implicitly defines the two regimes: Regime 1 (Low/Prosperous) qit ≤ γ,241

and Regime 2 (High/Poor) qit > γ.242

The threshold parameter γ splits the sample into two distinct regimes. Regions with average243

poverty below or equal to γ are classified as prosperous (Regime 1), while regions with average244

poverty above γ are classified as poor (Regime 2). The threshold is estimated endogenously245

from the data using a grid search procedure [6]. The threshold parameter γ is estimated by246

minimizing the sum of squared residuals from the panel threshold model:247

γ̂ = arg min
γ∈Γ

SSR(γ) (15)248

where Γ is the set of candidate threshold values (typically the trimmed quantiles of the threshold249

variable distribution), and SSR(γ) is the sum of squared residuals when the sample is split using250

γ.251

The PT-SAR model allows the spillover effect to differ across regimes:252

1. If ρ1 is significant but ρ2 is not, spillover exists only in prosperous regions,253

2. If ρ2 is significant but ρ1 is not, spillover exists only in poor regions,254

3. If both are significant but different in magnitude, spillover strength differs across regimes,255

4. If both are not significant, no spatial spillover in either regime.256

2.8. Enclave Identification257

While the PT-SAR model distinguishes between prosperous and poor regions based on the258

poverty threshold γ, it treats all prosperous regions as homogeneous. However, a prosperous259

region may either be part of a contiguous cluster of prosperous regions or be spatially isolated in260

the midst of poor regions. The latter is referred to as a prosperous enclave [3].261

To identify enclaves, the enclavity index (E) is calculated for each prosperous district. E262

measures the proportion of neighbors belonging to the poor regime [20]:263

Ei =
∑N

j=1 wij · I(rj ̸= ri)∑N
j=1 wij

(16)264

where wij are the elements of the spatial weight matrix (1 if regions i and j are neighbors, 0265

otherwise); ri denotes the regime classification of region i (1 for prosperous, 2 for poor); I(·) is266

the indicator function equal to 1 if the condition holds and 0 otherwise.267

The enclavity index Ei ranges from 0 to 1. A value of 0 indicates that all neighbors belong268

to the same regime (spatial cluster), while a value of 1 indicates that all neighbors belong to the269

opposite regime (fully isolated enclave). This index is an extension of the mathematical definition270

of enclaves proposed by Suzuki and Inohara [2]. Based on this classification, prosperous regions271

are divided into two distinct categories:272

1. Core Prosperous Regions: q̄i ≤ γ and Ei < τ273

2. Prosperous Enclaves: q̄i ≤ γ and Ei ≥ τ274

Together with the poor regions (q̄i > γ), this yields three mutually exclusive regimes that form275

the basis for the E-PT-SAR model.276
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2.9. Enclave PT-SAR Model277

After identifying the three regimes (core prosperous, prosperous enclave, and poor), the Enclave278

Panel Threshold Spatial Autoregressive (E-PT-SAR) model is specified. This model extends the279

PT-SAR framework by incorporating a three-regime structure based on both poverty levels and280

spatial configuration [20]. The E-PT-SAR model with fixed effects is specified as:281

yit =


ρ1

∑N
j=1 wijyjt + x′

itβ1 + µi + εit, q̄i ≤ γ and Ei < τ

ρ2
∑N

j=1 wijyjt + x′
itβ2 + µi + εit, q̄i ≤ γ and Ei ≥ τ

ρ3
∑N

j=1 wijyjt + x′
itβ3 + µi + εit, q̄i > γ

(17)282

where yit is the dependent variable (HDI); xit is the vector of independent variables (TPT, Log283

PDRBK, Poverty Rate); q̄it is the time-averaged threshold variable (poverty rate); γ is the poverty284

threshold parameter; Ei is the enclavity index; τ is the enclave threshold parameter; ρ1, ρ2, ρ3285

are the spatial autoregressive coefficients for each regime; β1, β2, β3 are the slope coefficients for286

each regime; µi is the individual fixed effects; εit is the idiosyncratic error term.287

The three regimes are mutually exclusive and collectively exhaustive:288

1. Core Prosperous Regime: q̄i ≤ γ and Ei < τ (prosperous districts that form a289

contiguous cluster with other prosperous districts)290

2. Prosperous Enclave Regime: q̄i ≤ γ and Ei ≥ τ (prosperous districts that are spatially291

isolated, surrounded by poor neighbors)292

3. Poor Regime: q̄i > γ (districts with high poverty rates, regardless of their neighbors’293

status)294

This specification allows each regime to have its own spatial spillover coefficient (ρ1, ρ2, ρ3)295

and its own slope coefficients (β1, β2, β3). This enables the model to test whether prosperous296

enclaves exhibit different spillover behavior compared to core prosperous regions.297

The fixed effects µi are eliminated using the within transformation prior to estimation.298

The model is estimated using Spatial Two-Stage Least Squares (S2SLS) with instruments299

H = [X̃, WX̃, W 2X̃] [19]. For complete derivation, estimation procedures, and asymptotic300

properties, we refer readers to our companion paper [20].301

3. Results and Discussion302

This section presents the empirical results of the E-PT-SAR model applied to HDI data in West303

Java Province for the period 2021–2025. The analysis proceeds in a sequential manner, beginning304

with descriptive statistics and spatial dependence tests, followed by panel model selection,305

threshold identification, PT-SAR estimation, enclave identification, E-PT-SAR estimation, decay306

effect analysis, and model comparison. The section concludes with a discussion of the findings307

and their policy implications.308

3.1. Descriptive Statistics309

This subsection provides an overview of the variables used in this study over the period 2021–2025.310

Table 2 presents the descriptive statistics for all variables.311

Table 2: Descriptive Statistics (2021–2025)
Variable N Mean Median Std. Dev Min Max
HDI 135 74.10 73.30 4.40 67.20 84.70
TPT (%) 135 7.49 7.65 2.29 1.52 13.07
log PDRBK 135 10.55 10.46 0.98 8.12 12.59
Poverty Rate (%) 135 8.45 8.73 2.75 2.34 13.13
Source: BPS Jawa Barat, authors’ calculation
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The descriptive statistics reveal substantial variation across districts. HDI ranges from 67.20312

(Cianjur) to 84.70 (Kota Bandung), indicating significant development disparities between the313

most and least developed regions. The mean HDI of 74.10 suggests moderate human development314

on average, though the standard deviation of 4.40 indicates notable heterogeneity among the 27315

districts.316

Poverty rates range from 2.34% (Kota Depok) to 13.13% (Kota Tasikmalaya), with a mean of317

8.45%. TPT shows considerable variation, ranging from 1.52% (Pangandaran) to 13.07% (Kota318

Cimahi), reflecting diverse labor market conditions. The log PDRBK has a mean of 10.55 with a319

standard deviation of 0.98, indicating moderate variation in economic output per capita.320

Figure 1: Thematic Maps of HDI in West Java 2025

Figure 1 presents the thematic map of HDI distribution across 27 districts in West Java321

for 2025. Darker shades indicate higher HDI values. The map reveals a clear north-south322

divide: northern districts (Bekasi, Karawang, Purwakarta) and metropolitan areas (Kota Bekasi,323

Kota Bogor, Kota Depok, Kota Bandung) exhibit higher HDI scores (darker shades), while324

southern districts (Cianjur, Sukabumi, Garut, Tasikmalaya) show lower HDI values (lighter325

shades). Notably, Kota Bandung appears as a high-HDI district (84.70) surrounded by lower-HDI326

neighbors (Bandung Barat with 71.65 and Cianjur with 69.84), suggesting a potential enclave327

phenomenon. This spatial pattern remained relatively stable throughout the 2021–2025 period,328

with only gradual HDI improvements across all districts.329

3.2. Panel Data Model Selection330

Before introducing spatial effects, the appropriate non-spatial panel model must be selected.331

Three specifications were estimated: Pooled OLS, Fixed Effects (FE), and Random Effects (RE).332

Table 3 presents the results of the Chow and Hausman specification tests.333

Table 3: Panel Model Selection Tests
Test Hypothesis Statistic p-value Decision
Chow Test H0: Pooled OLS, H1: FE F = 1070.67 < 0.001 Reject H0, Choose FE
Hausman Test H0: RE, H1: FE χ2 = 1318.04 < 0.001 Reject H0, Choose FE

Nidia Ayu 9



E-PT-SAR

The Chow test examines whether individual effects exist. The null hypothesis assumes that334

Pooled OLS is appropriate (all µi = 0), while the alternative hypothesis assumes that Fixed335

Effects are appropriate (at least one µi ̸= 0). The F-statistic of 1070.67 with p-value < 0.001336

leads to rejection of the null hypothesis. Thus, the Fixed Effects model is preferred over Pooled337

OLS, indicating the presence of significant unobserved individual heterogeneity across districts338

[12].339

The Hausman test compares the Fixed Effects and Random Effects estimators. The null340

hypothesis assumes that Random Effects is consistent and efficient (no correlation between µi341

and xit), while the alternative hypothesis assumes that Fixed Effects is consistent (correlation342

exists). The chi-square statistic of 1318.04 with p-value < 0.001 leads to rejection of the null343

hypothesis. This indicates that individual effects are correlated with the regressors, favoring the344

Fixed Effects model over Random Effects [12].345

Based on both specification tests, the Fixed Effects (FE) model is selected as the baseline346

non-spatial panel model for subsequent analysis. This model controls for time-invariant unob-347

served heterogeneity across districts, such as geographic characteristics, historical factors, and348

institutional differences that may affect human development outcomes.349

3.3. Spatial Dependence Test350

Before estimating spatial models, the presence of spatial dependence must be formally tested.351

Three sets of tests are employed: (i) Moran’s I on the dependent variable (HDI), (ii) Moran’s I352

on Fixed Effects residuals, and (iii) Lagrange Multiplier (LM) tests to determine the appropriate353

spatial specification.354

Moran’s I on HDI. Table 4 presents Moran’s I test results for HDI from 2021 to 2025.355

Table 4: Moran’s I on HDI (2021–2025)
Year Moran’s I p-value Conclusion
2021 0.283 0.0107 Significant
2022 0.281 0.0112 Significant
2023 0.277 0.0121 Significant
2024 0.275 0.0127 Significant
2025 0.284 0.0105 Significant

The positive and significant Moran’s I values for all years (p < 0.05) indicate the presence356

of positive spatial autocorrelation. Districts with high HDI tend to be surrounded by other357

high-HDI districts, while districts with low HDI cluster with low-HDI districts [15]. This confirms358

that spatial dependence exists in the dependent variable, justifying the use of spatial econometric359

models.360

Moran’s I on FE Residuals. To test whether the Fixed Effects model adequately captures361

spatial dependence, Moran’s I was computed on the FE residuals.362

Table 5: Moran’s I on FE Residuals
Statistic Value p-value
Moran’s I 0.167 0.072

The Moran’s I on FE residuals is not significant at the 5% level (p = 0.072). However, as363

argued by Anselin and Florax (1995), Moran’s I has lower power than LM tests in detecting364

spatial dependence, particularly in finite samples with limited time periods (T = 5 in this study).365

Therefore, the non-significance of Moran’s I on residuals does not preclude the existence of spatial366

spillovers. The LM tests presented in the next subsection provide more reliable evidence.367

Lagrange Multiplier (LM) Tests. To determine whether the Spatial Lag Model (SAR) or368

Spatial Error Model (SEM) is more appropriate, LM tests were conducted on the FE residuals.369

Table 6 presents the results.370
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Table 6: Lagrange Multiplier Tests
Test Statistic p-value Conclusion
LM Lag 23.79 < 0.001 Significant
LM Error 2.75 0.097 Not significant
Robust LM Lag 41.57 < 0.001 Highly significant
Robust LM Error 20.54 < 0.001 Significant

The robust LM lag test (41.57) is larger than the robust LM error test (20.54), and both371

are significant. This indicates that the Spatial Lag Model (SAR) is more appropriate than the372

Spatial Error Model (SEM) [18]. The strong significance of the robust LM lag test (p < 0.001)373

provides clear evidence for including a spatially lagged dependent variable (ρWy) in the model.374

Based on the LM test results, the Spatial Lag Model (SAR) is selected as the appropriate spatial375

specification. The analysis proceeds with the estimation of the baseline SAR model in Section376

3.4.377

3.4. Baseline SAR Model378

Based on the LM test results, the Spatial Lag Model (SAR) is selected as the appropriate spatial379

specification. The Panel SAR model with fixed effects captures spatial spillovers by including the380

spatially lagged dependent variable as an additional regressor [5]. Table 7 presents the estimation381

results.382

Table 7: Baseline SAR Model Estimation (2021–2025)
Parameter Coefficient Std. Error p-value
λ (rho) 0.5306 0.0712 < 0.001
TPT -0.0062 0.0186 0.739
log PDRBK 6.0367 1.0108 < 0.001
Poverty 0.0305 0.0564 0.589

The spatial autoregressive coefficient λ (rho) is positive and highly significant (0.5306,383

p < 0.001), confirming the presence of positive spatial spillover effects among districts. A 1%384

increase in neighboring HDI is associated with a 0.53% increase in a district’s own HDI. This385

indicates that human development outcomes are not independent across regions; improvements386

in one district tend to benefit its neighbors.387

Among the independent variables, only log PDRBK is significant (p < 0.001), with a388

coefficient of 6.04. This indicates a strong positive relationship between economic output and389

human development. A 1% increase in GRDP per capita is associated with a 6.04 unit increase390

in HDI. TPT and poverty are not significant in this specification, suggesting that their effects391

may be captured by other variables or may vary across regimes. The AIC value of −139.98 serves392

as a baseline for comparison with the threshold models in subsequent sections.393

3.5. Poverty Threshold Identification394

The baseline SAR model assumes parameter homogeneity across all districts. However, the395

relationship between poverty and HDI may change when poverty levels cross a certain threshold.396

Following Hansen, this study identifies an optimal poverty threshold that separates districts into397

two regimes: prosperous (low poverty) and poor (high poverty) [6]. The threshold variable is398

the time-averaged poverty rate for each district, calculated as q̄i = 1
T

∑T
t=1 qit, where qit is the399

poverty rate of district i at time t. Following the grid search procedure described in Section 2.7,400

the optimal poverty threshold was identified as the median of the time-averaged poverty rates401

across districts, yielding γ = 8.45%. This threshold separates 14 prosperous districts from 13402

poor districts.403
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Table 8: Poverty Threshold Identification
Aspect Value
Threshold variable Poverty rate
Optimal threshold (γ) 8.45%
Prosperous regions (poverty ≤ 8.45%) 14 districts
Poor regions (poverty > 8.45%) 13 districts

Prosperous regions (14 districts): Bekasi, Bogor, Karawang, Kota Bandung, Kota Banjar,404

Kota Bekasi, Kota Bogor, Kota Cimahi, Kota Depok, Kota Sukabumi, Purwakarta, Sukabumi,405

Kabupaten Bandung, Ciamis. Poor regions (13 districts): Bandung Barat, Cianjur, Cirebon,406

Garut, Indramayu, Kota Cirebon, Kota Tasikmalaya, Kuningan, Majalengka, Pangandaran,407

Subang, Sumedang, Tasikmalaya.408

The threshold of 8.45% naturally separates West Java into two distinct groups. Prosperous409

regions are predominantly located in the northern industrial belt and major metropolitan areas,410

while poor regions are concentrated in the southern agricultural areas. This spatial pattern aligns411

with the visual clustering observed in Figure ??.412

3.6. PT-SAR Model (Two Regimes)413

After identifying the optimal poverty threshold (γ = 8.45%), the PT-SAR model is estimated.414

Unlike the baseline SAR model which assumes all districts have the same spillover behavior,415

the PT-SAR model allows parameters to differ between prosperous and poor regimes. Table 9416

presents the estimation results.417

Table 9: PT-SAR Model Estimation (Two Regimes)
Parameter Prosperous Regime Poor Regime
ρ (spatial lag) 0.3311 0.2558
TPT 0.0412 -0.0410
log PDRBK 8.1639 10.5397
Poverty -0.1523 0.1836
N (observations) 70 65
Note: *** p < 0.001, ** p < 0.01, * p < 0.05

The PT-SAR model yields several findings that distinguish it from the baseline SAR model.418

First, spatial spillovers are significant in both regimes, but they are stronger in prosperous regions419

(ρ = 0.3311) than in poor regions (ρ = 0.2558). This means that a 1% increase in neighboring420

HDI increases a district’s own HDI by 0.33% if it is in a prosperous area, compared to 0.26% if421

it is in a poor area. The baseline SAR model assumed a single spillover coefficient of 0.5306 for422

all districts, masking this important difference.423

Second, logarithmic PDRBK has a positive and highly significant effect in both regimes424

(p < 0.001), but the magnitude differs. In prosperous regions, a 1% increase in GRDP per capita425

increases HDI by 8.16 units, while in poor regions the same increase raises HDI by 10.54 units.426

This suggests that economic growth has a stronger marginal impact on human development in427

poorer areas, consistent with diminishing returns.428

Third, poverty significantly reduces HDI only in prosperous regions (−0.1523, p = 0.015). In429

poor regions, poverty is not statistically significant (p = 0.109), possibly due to limited variation430

in poverty within this group.431

Fourth, TPT is significant only in prosperous regions (0.0412, p = 0.014). This counterintuitive432

positive relationship may reflect the dynamics of the labor market where higher wages attract433

more job seekers, leading to higher measured unemployment alongside higher HDI.434

In summary, the PT-SAR model demonstrates that spillover behavior and covariate effects435

differ systematically between prosperous and poor districts, a nuance that the homogeneous SAR436

model fails to capture.437
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3.7. Enclave Identification438

While the PT-SAR model distinguishes between prosperous (14 districts) and poor (13 districts)439

regions, it treats all prosperous regions as homogeneous. However, a prosperous region may440

either be part of a contiguous cluster of prosperous regions or be spatially isolated in the midst441

of poor regions. The latter is referred to as a prosperous enclave [3].442

To identify enclaves, the enclavity index (E) is calculated for each prosperous district, as443

defined in equation (16) of Section 2.8. In this study, a prosperous district is classified as an444

enclave if its enclavity index meets or exceeds a threshold of τ = 0.7. This value was selected445

as the optimal parameter during a grid search procedure that jointly determines the poverty446

threshold (γ) and the enclave threshold (τ) by minimizing the sum of squared residuals [6]. The447

detailed procedure is described in our companion paper [20].448

Table 10: Enclavity Index for Prosperous Districts (14 districts)
District Total Neighbors Poor Neighbors Enclavity (E) Classification
Ciamis 6 5 0.833 Prosperous Enclave
Bandung 7 5 0.714 Prosperous Enclave
Purwakarta 5 3 0.600 Core Prosperous
Kota Bandung 6 2 0.333 Core Prosperous
Kota Cimahi 3 1 0.333 Core Prosperous
Sukabumi 3 1 0.333 Core Prosperous
Karawang 4 1 0.250 Core Prosperous
Bogor 8 1 0.125 Core Prosperous
Bekasi 6 0 0.000 Core Prosperous
Kota Banjar 3 0 0.000 Core Prosperous
Kota Bekasi 6 0 0.000 Core Prosperous
Kota Bogor 4 0 0.000 Core Prosperous
Kota Depok 5 0 0.000 Core Prosperous
Kota Sukabumi 3 0 0.000 Core Prosperous

Based on the enclavity index, two districts are classified as prosperous enclaves: Kabupaten449

Bandung (E = 0.714) and Ciamis (E = 0.833). The remaining 12 prosperous districts are450

classified as core prosperous (E < 0.7). Notably, Kota Bandung (the city) is not an enclave451

because its enclavity index is only 0.333; it has a significant number of prosperous neighbors,452

including Kabupaten Bandung itself (which is an enclave but still prosperous). The 13 poor453

districts (poverty > 8.45%) are not included in the table because enclavity is only defined for454

prosperous regions.455

Figure 2 presents the spatial classification of all 27 districts into three categories: core456

prosperous (12 districts, blue), prosperous enclave (2 districts, yellow), and poor (13 districts,457

orange).458
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Figure 2: Classification Map of West Java Districts (Core Prosperous, Enclave, Poor)

Figure 2 shows the spatial distribution of the three regimes. Core prosperous districts (blue)459

are concentrated in northern West Java, forming a contiguous cluster. The two yellow enclaves460

are Kabupaten Bandung (surrounding the city of Bandung) and Ciamis (in the south). Notice461

that Kota Bandung (the city) is colored blue (core prosperous) because its enclavity is only 0.333;462

it has many prosperous neighbors, despite being inside an enclave. This distinction is important:463

an enclave is defined by the proportion of poor neighbors, not by the prosperity of the district464

itself. Kabupaten Bandung has 5 poor neighbors out of 7 (71%), while Kota Bandung has only465

2 poor neighbors out of 6 (33%). Thus, the enclave (yellow) surrounds the core prosperous466

city (blue) in the Bandung region. The map clearly shows that enclaves are isolated pockets of467

prosperity surrounded by poor districts (orange).468

This classification provides the basis for the three-regime E-PT-SAR model estimated in the469

next section, where we allow spillover coefficients to differ between core prosperous, enclave, and470

poor regions.471

3.8. E-PT-SAR Model (Three Categories)472

Based on the enclave identification in Section 3.7, the Enclave Panel Threshold Spatial Autore-473

gressive (E-PT-SAR) model was estimated with three regimes: core prosperous (12 districts),474

prosperous enclave (2 districts: Kabupaten Bandung and Ciamis), and poor (13 districts).475

The model extends the PT-SAR framework by allowing spatial spillover effects and regression476

coefficients to differ across these three categories. Table 11 summarizes the results.477

Table 11: E-PT-SAR Model Estimation (Three Categories)
Parameter Core Prosperous Prosperous Enclave Poor
ρ (spatial lag) 0.2111∗∗∗ 0 0.2558∗

TPT 0.0794∗∗∗ -0.1794 -0.0410
log PDRBK 10.1446∗∗∗ 0.0923 10.5397∗∗∗

Poverty −0.2296∗∗∗ -1.4201 0.1836
N (observations) 60 8 65
Note: *** p < 0.001, ** p < 0.01, * p < 0.05.
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The results indicate that spatial spillovers are statistically significant in both core prosperous478

regions (ρ = 0.2111, p < 0.001) and poor regions (ρ = 0.2558, p < 0.05). In contrast, no479

statistically significant spatial spillover effect was detected in prosperous enclave regions. This480

finding suggests that prosperous enclaves may exhibit different spatial interaction patterns481

compared to both core prosperous and poor regions, consistent with the enclave hypothesis482

proposed by Farole.483

The variable log PDRBK has a positive and statistically significant effect on HDI in both core484

prosperous and poor regions, indicating that regional economic output remains an important485

driver of human development in these areas. However, the coefficient is not statistically significant486

in enclave regions, suggesting that economic growth alone may not translate into broader gains487

in human development when prosperous regions are spatially isolated from surrounding areas.488

Poverty has a significant negative effect on HDI only in core prosperous regions, while the489

unemployment rate (TPT) is positively associated with HDI in the same regime. One possible490

explanation is that economically advanced districts tend to attract job seekers from surrounding491

areas, increasing measured unemployment despite relatively high levels of human development.492

Overall, the e PT-SAR model reveals additional spatial heterogeneity that cannot be fully493

captured by the standard two-regime PT-SAR framework. In particular, the results suggest494

that prosperous enclaves may behave differently from core prosperous regions in terms of spatial495

spillover dynamics. However, these findings should be interpreted cautiously due to the limited496

number of enclave observations, which restricted the use of fixed effects estimation within the497

enclave regime.498

3.9. Enclave Effect Test499

To examine whether distinguishing prosperous regions into core prosperous and prosperous enclave500

categories provides additional explanatory value, a likelihood ratio (LR) test was conducted by501

comparing the PT-SAR model (two regimes) and the E-PT-SAR model (three regimes). The null502

hypothesis assumes that prosperous regions behave homogeneously, implying that the enclave503

classification is unnecessary.504

Table 12: Likelihood Ratio Test for Enclave Effect
Statistic Value df Critical Value (α = 0.05) p-value Conclusion
LR 10.9 2 5.99 0.0043 Reject H0

The LR statistic exceeds the critical value at the 5% significance level. suggesting that505

separating prosperous regions into core and enclave categories may capture additional spatial506

heterogeneity not reflected in the standard PT-SAR framework. Substantively, this result507

indicates that prosperous enclave regions may exhibit different spillover behavior compared to508

core prosperous regions.509

These findings are consistent with the theoretical expectation that spatially isolated prosperous510

regions do not necessarily interact with neighboring regions in the same manner as prosperous511

regions forming contiguous clusters [3]. In particular, enclave regions may experience weaker512

economic linkages, limited regional integration, or reduced diffusion of development benefits to513

surrounding districts.514

However, the LR results should be interpreted cautiously. The enclave regime consists515

of only two districts, which requires a different estimation treatment from the other regimes.516

Consequently, the LR test should be viewed as supporting rather than definitive evidence of517

enclave-specific spatial behavior. Nevertheless, the results provide empirical motivation to518

consider enclave regions as a distinct spatial category within the broader threshold spatial519

framework.520
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3.10. Decay Effect521

The decay effect analysis examines how far spatial spillovers propagate through the neighborhood522

structure. Following the spatial multiplier expansion in spatial autoregressive models, the523

influence transmitted through the m-th order neighbors is given by ρm [1]. The decay effect was524

calculated for regimes with statistically significant spatial spillovers, namely the core prosperous525

and poor regimes. Since the spatial lag coefficient in the enclave regime was not statistically526

significant, no significant decay pattern was identified for enclave regions.527

Table 13: Decay Effect for Core Prosperous and Poor Regions
Order (m) Core Prosperous (ρ = 0.2111) Poor (ρ = 0.2558)
1 0.2111 0.2558
2 0.0446 0.0654
3 0.0094 0.0167
4 0.0020 0.0043
5 0.0004 0.0011

Using a 1% threshold as negligible limit [21], the spatial reach is the smallest m such that528

ρm < 0.01. For a core prosperous ρ2 = 0.0446, ρ3 = 0.0094 < 0.01, the spatial reach is 2 orders.529

For poor ρ2 = 0.2558, ρ3 = 0.0167, ρ4 = 0.0043 < 0.01, the spatial reach is 3 orders.530

These findings suggest that development shocks in poor regions propagate across a wider531

spatial network than in core prosperous regions. One possible explanation is that poorer districts532

in the southern part of Java tend to exhibit stronger interdependence due to similarities in533

economic structure, infrastructure limitations, and regional connectivity patterns. In contrast,534

spillovers in core prosperous regions appear to be more localized within industrial and metropolitan535

clusters.536

For prosperous enclave regions, no substantial decay effect was observed because the estimated537

spatial spillover coefficient was not statistically significant. This result is consistent with the538

interpretation that enclave regions may be relatively disconnected from surrounding spatial539

development dynamics.540

3.11. Model Comparison541

Model comparison using information criteria is appropriate only when models are estimated542

under the same likelihood framework. In this study, both the SAR and PT-SAR models were543

estimated using maximum likelihood with fixed effects, allowing formal comparison through544

the Akaike Information Criterion (AIC). In contrast, the E-PT-SAR model required a different545

estimation treatment for the enclave regime due to the limited number of enclave observations,546

making direct likelihood-based comparison statistically inappropriate.547

Table 14: Model Comparison (SAR vs PT-SAR)
Model AIC LogLik Parameters
SAR -139.98 73.99 4
PT-SAR -153.45 84.73 8

The PT-SAR model produces a substantially lower AIC value than the baseline SAR model,548

indicating that allowing spatial spillover behavior to vary across prosperous and poor regimes549

improves the fit of the model, even after accounting for additional parameters. Among the formally550

comparable specifications, the PT-SAR model therefore provides the best overall statistical fit.551

A formal AIC comparison involving the E-PT-SAR model was not conducted because the552

enclave regime contained only two districts, which required a pooled estimation rather than the553

fixed effects likelihood framework used in the SAR and PT-SAR models. Consequently, the554

resulting likelihood values are not directly comparable between models.555
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Nevertheless, the E-PT-SAR model remains substantively important because it captures556

additional spatial heterogeneity that cannot be identified within the standard two-regime PT-SAR557

framework. In particular, the model distinguishes between contiguous prosperous regions and558

spatially isolated prosperous enclaves, revealing differences in spillover behavior across these559

categories. Therefore the e PT-SAR model should be interpreted primarily as a theoretical and560

exploratory extension of the PT-SAR framework, rather than as a formally superior statistical561

specification.562

3.12. Discussion563

The findings demonstrate that the dynamics of human development in West Java are spatially564

heterogeneous. The estimated poverty threshold separates the province into prosperous northern565

districts and poorer southern districts, indicating that spatial spillover mechanisms differ between566

development regimes.567

The PT-SAR results suggest that prosperous regions benefit from stronger localized spillovers,568

likely due to industrial concentration, infrastructure connectivity, and agglomeration effects.569

In contrast, spillovers in poorer regions spread over a wider spatial range, reflecting stronger570

interdependence among less developed districts.571

The E-PT-SAR model further indicates that prosperous enclaves may behave differently572

from core prosperous regions. No statistically significant spillover effect was detected in enclave573

districts, suggesting that spatially isolated prosperity does not necessarily generate broader574

regional development benefits. This finding is consistent with the enclave hypothesis proposed by575

Farole, where economically advantaged regions can remain weakly integrated with surrounding576

areas.577

Several limitations should be noted. The enclave regime consists of only two districts, limiting578

statistical robustness and preventing the use of fully comparable estimation procedures across all579

regimes. In addition, the relatively short study period may affect the stability of the estimated580

threshold and enclave classification over time.581

From a policy perspective, the results imply that development strategies should be adapted to582

regional characteristics. Core prosperous regions may benefit from integrated regional planning583

and interregional cooperation, while enclave regions require stronger connectivity with surrounding584

districts. For poorer regions, infrastructure improvement and poverty reduction remain essential585

priorities.586

4. Conclusions587

This study applied the Enclave Panel Threshold Spatial Autoregressive (E-PT-SAR) model to588

analyze spatial spillover dynamics of human development in West Java. The results show that589

the spillover effects differ between spatial regimes. Significant spillovers were identified in the590

core prosperous and poor regions, while no statistically significant spillover effect was detected591

in the prosperous enclave regions. These findings suggest that spatially isolated prosperous592

districts may exhibit different interaction patterns from prosperous regions forming contiguous593

development clusters.594

Among the formally comparable models, PT-SAR provided the best statistical fit, while595

E-PT-SAR provided additional insight by distinguishing enclave regions from other prosperous596

districts. However, the enclave findings should be interpreted with caution due to the limited597

number of enclave observations and the short study period. Future research may extend the598

analysis to broader spatial coverage or longer panel periods and incorporate additional regional599

characteristics to better understand enclave behavior in regional development processes.600
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