WEP Transactions on Materials, Biotechnology and Life Sciences
[ Warwick | ISSN: 2960-1932, eISSN: 2960-2319 | Volume 10

e MMTCS 2026

Historical Silk Road Connectivity and the Geographic Distribution
of Behget’s Disease: A Cross-National Ecological Analysis

Hanying Wang "~
"Hangzhou Foreign Languages School, 309 Liuhe Road, Xihu District, Hangzhou, Zhejiang, China

* Corresponding Author Email: Avoria_wong@hotmail.com

Abstract. Behcget's disease (BD) is a systemic inflammatory disorder with a distinct geographic
distribution along the Silk Road. Although HLA-B51 is regarded as the strongest known genetic
susceptibility factor, differences in BD prevalence among populations cannot be explained solely by
genetics, and the influence of long-term historical connectivity remains unclear. To address this gap,
we constructed a cross-national ecological dataset of 20 countries and developed a Silk Road
Exposure Index (SREI) based on distance to the reconstructed Silk Road and territorial overlap with
a 500-km corridor buffer. Layered ordinary least squares (OLS) regression models evaluated the
association between SREI and BD prevalence, sequentially adjusting for HLA-B51 frequency,
latitude, Human Development Index, and infectious burden. Robustness analyses included Cook’s
distance, leave-one-out analyses, Negative Binomial regression, and Spearman correlation. In the
minimally adjusted model, SREI was positively associated with log-transformed BD prevalence ( =
0.3703, P = 0.021; R? = 0.264), but the association weakened after full adjustment (B = 0.1880, P =
0.458). Leave-one-out analyses showed a consistently positive effect direction, while Spearman
correlation remained significant (p = 0.568, P = 0.009). These findings provide a quantitative
framework for evaluating the Silk Road hypothesis in BD epidemiology and suggest that historical
connectivity may reflect long-term interactions among population movement, genetic susceptibility,
and environmental influences rather than acting as an independent determinant.
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1. Introduction

Behget’s disease is a multisystem inflammatory disorder characterized by recurrent oral and genital
aphthosis, uveitis, and diverse skin ulcers [1]. It shows a distinctive geographic distribution along the
Silk Road. Higher BD prevalence is reported along the historical Silk Road corridor from the
Mediterranean region to East Asia. That is why it is called the “Silk Road Disease” [2,3]. For years,
the mechanisms of this remarkable geographic clustering and the decline of prevalence outside this
region remain poorly understood [2].

Among known genetic factors, the human leukocyte antigen (HLA)-B51 allele is the strongest
established susceptibility factor for BD [4]. Its frequency shows consistent associations across diverse
populations, but global epidemiological patterns indicate that HLA-BS51 frequency alone cannot fully
explain disease distribution [1, 4]. Some populations with relatively high HLA-BS51 frequency show
limited BD prevalence, while some Mediterranean and Middle Eastern populations show disease
burdens exceeding predictions based simply on genetic susceptibility. These observations suggest
that additional factors like environmental, historical, and demographic factors may contribute to the
formation of BD geographic hotspots.

Currently, there are several environmental hypotheses, including infectious exposure, microbial
stimulation, solar radiation, and climatic factors represented by latitude [5, 6]. However, these
existing geographic models focus mainly on contemporary environmental variables and ignore long-
term human connectivity. For example, the Silk Road is a unique historical network that shaped
migration, trade, and population interactions across Eurasia for more than two millennia. Also, despite
the Silk Road exposure is frequently described as a characteristic feature of BD epidemiology, it is a
qualitative concept rather than a measurable epidemiological variable. Furthermore, historical
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connectivity’s independent contribution beyond genetic susceptibility, socioeconomic development,
and modern infectious burden remains unclear [1].

To address this gap, we developed the Silk Road Exposure Index. It is quantitative, and it integrates
geographic proximity to the Silk Road and the territorial overlap with historical trade routes. This
study constructed a cross-national dataset of 20 countries. The aims are to (1) evaluate the association
between BD prevalence and SREI after adjusting for HLA-B51 frequency, latitude, HDI, and
infectious burden; (2) assess the robustness and interpretative implications of historical connectivity
using sensitivity analyses.

2. Methods

2.1. Data Acquisition

We constructed a cross-national ecological dataset containing 20 countries to represent diverse
geographic relationships with the historical Silk Road corridor. In the choice of countries, we
considered both countries’ Silk Road proximity and their territorial exposure. The final country set
and their corresponding data sources are summarized in Table 1.

Table 1. Baseline characteristics and covariates of the 20 study nations included in the ecological

analysis

Country BD Prevalence HLA-B*51 Frequency Infectious Burden Latitude Reference
China 10 0.0692 1190.4 36.904 [12]
Israel 15.2 0.0422 1189.5 31.446 [13]
France 7.1 0.0771 1337.3 46.706 [3]
South Korea 26.2 0.098 1356.2 36.46 [14]
Germany 4.7 0.0619 1255.6 51.085 [15]
Sweden 4.9 0.0533 1141.8 62.195 [16]
Turkey 119.8 0.1473 2637.4 38.961 [6]
Spain 0.66 0.0801 1163.8 39.899 [17]
United Kingdom 19.07 0.054 1496 54.314 [18]
Iraq 17 0.1345 5066.2 33.221 [19]
Italy 15.9 0.104 1035.9 42.492 [20]
Switzerland 4.03 0.0753 1327.8 46.812 [21]
Iran 80 0.121 2181.9 32.422 [22]
Netherlands 1 0.057 1216.1 52.106 [23]
Saudi Arabia 20 0.1647 2204.4 24.244 [24]
Portugal 2.4 0.1059 1640.1 39.565 [25]
Jordan 660 0.099 2668.9 31.27 [26]
United States of America 52 0.0493 1494.1 37.246 [27]

Egypt 3.6 0.0605 41539 26.824 [8, 28]

Japan 13.5 0.1061 1633.1 43.462 [29]

Notes: BD prevalence is reported as cases per 100,000 population. HLA-BS5 1 frequency represents population-level
allele frequency; HLA-B51:01 frequency was used as a proxy when general HLA-B51 data were unavailable.
Infectious burden represents CMNN disease-related DALYs from the Global Burden of Disease Study 2019.
Latitude represents the latitude of country representative points.

To obtain Behcet's disease prevalence estimates for different countries, we systematically searched
and compiled published epidemiological studies. For countries with multiple estimates, we prioritize
population-based studies considering study design and population representativeness [1, 5]. When
national estimates were unavailable, the most appropriate population-based or regional estimates
were retained. All prevalence estimates were expressed as cases per 100,000 population for cross-
country comparison.

Population-level HLA B51 allele frequencies were mainly from Allele Frequency Net Database
(AFND) [7]. When population-level HLA-B51 estimates were unavailable, HLA-B51:01 frequency
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was used as a proxy. For Egypt, HLA-BS51 frequency was obtained from a published Egyptian HLA
typing study due to the lack of available AFND data [8].

The Human Development Index (HDI) was included as a socioeconomic variable [9]. It was used to
explain the differences in socioeconomic development and healthcare access that may influence
disease detection and reporting across countries. Apart from that, we used disability-adjusted life
years due to communicable, maternal, neonatal, and nutritional diseases from the Global Burden of
Disease Study 2019 to represent contemporary infectious disease burden [10, 11]. Latitude was
calculated in QGIS (version 4.0.0). We used the feature “Points on Surface” to obtain points
representing each country. Latitude gained was the latitude of these points. These variables were
processed as covariates instead of components of the Silk Road Exposure Index, allowing historical
connectivity measures to be evaluated independently from contemporary socioeconomic and disease-
burden differences.

2.2. Geospatial Construction: Distance and Route Density (QGIS)

We firstly used QGIS to calculate two geospatial predictors, Distance to Silk Road and Route Density
[30]. Then we integrated them into the composite Silk Road Exposure Index described in Section 2.3.
Distance quantified the geographic proximity of countries to the Silk Road, while Route Density
measured the proportion of national territory that overlapped with the defined corridor.

The silk road corridor was generated by connecting historical trade hubs along the principal overland
network, including Xi’an, Dunhuang, Kashgar, Samarkand, Tehran, Baghdad, Ankara, and Istanbul.
We also obtained the country boundary polygons from Natural Earth administrative boundary data
[31]. We then used the reconstructed route as the spatial reference for calculating distance and Silk
Road exposure metrics.

Distance calculations used an azimuthal equidistant (AEQD) projection centered on the Eurasian
landmass to minimize distortion in distance measurements across the transcontinental study area. We
measured the shortest planar distance between the centroids for each country and the reconstructed
Silk Road in kilometers.

To calculate Route Density, we constructed a 500-km buffer surrounding the reconstructed Silk Road
route [32]. Then we intersected the buffer region with each country’s boundary polygon. The
overlapping area was quantified using area-preserving measurements. The Route Density was defined
as:

Area(Country N Silk Road Corridor)
Area(Country)

Route Density = (1)

where Area( CountryNSilk Road Corridor) represents the intersection area of country and the Silk
Road corridor buffer, and Area(Country) represents the area of each country.

This definition produced a normalized metric ranging from 0 to 1, allowing comparison among
countries of different geographic sizes. Higher values represent higher overlapping between territory
and the reconstructed Silk Road, while lover values indicated a lower spatial overlap.

2.3. SREI Construction

The Silk Road Exposure Index was constructed as a composite measure that integrate two
complementary dimensions: geographic proximity to the Silk Road corridor and the territorial overlap
with the corridor network. Because no external gold-standard measure exists, equal weighting was
applied based on a theory-driven approach.

Distance to Silk Road and Route Density were regarded as complementary factors instead of
hierarchical components. Distance reflected that interaction probability decreased with increasing
geographic separation, while Route Density showed the extent to which a country’s territory
overlapped with the reconstructed trade corridor [33]. Therefore, we assigned equal weights to both
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dimensions to avoid assuming a disproportionate distribution of both factors to historical exposure
[34].

Considering nonlinear spatial decay, Distance to Silk Road was first log-transformed:
D’ = In(Distance + 1) (2)
The inverse distance component was then calculated:
-D' 3)

Both Route Density and inverse log-distance were standardized using z-score transformation:

X-X
Z(x)= “4)
where x represents the sample mean and o represents the standard deviation.
The final SREI was calculated as:
SREI = 0.5 x Z(RouteDensity) + 0.5 x Z[-In(Distance + 1)] (5)

Higher SREI values indicated greater estimated historical connectivity with the Silk Road corridor.

2.4. Statistical Analysis and Model Architecture

All statistical analysis were conducted in Python 3.9 within a Jupyter Notebook environment. Before
regression modeling, we log10 (x) transformed BD prevalence to correct right-skewness [35].

To separate the independent contribution of historical Silk Road connectivity from established genetic
and geographic predictors of BD prevalence, we performed a hierarchical sequence of Ordinary Least
Squares models. Model 1 included SREI alone; Model 2 was additionally adjusted for HLA-B51;
Model 3 added latitude; and Model 4 included all covariates (HLA-B51, latitude, HDI, and infectious
burden).

2.5. Outlier Diagnostics, Sensitivity Analysis, and Confounder Control

To examine whether the observed association between Silk Road exposure and Behget’s disease
prevalence was influenced by specific individual countries or modelling assumptions, we performed
a sereis of diagnostic analyses and sensitivity analyses. Because the dataset contained only 20
countries, and BD prevalence varied substantially between populations, we performed additional
analyses to evaluate the stability of the main regression results.

First, we used Cook’s Distance to evaluate the influential observations. This measures the
contribution of individual observations to the whole coefficient estimates [36]. For countries showing
high influence, we further performed leave-one-out analyses [37]. This checked whether the SREI-
BD association was driven by individual high-prevalence countries.

BD is a rare event, and its prevalence reported varies substantially across different countries.
Therefore, we performed additional sensitivity analyses to determine whether the direction of
associations remained consistent under an alternative statistical assumption. We used negative
binomial regression as a complementary sensitivity analysis [38]. It was not replacing the primary
regression analysis.

Finally, to assess the monotonic relationship between SREI ranking and BD prevalence ranking, we
calculated Spearman ranl correlation. This approach provided an additional evaluation that was both
less dependent on linearity assumptions and less influenced by extreme observations [39].
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The overall workflow is shown in Figure 1.

Analytical workflow for evaluating the association between
historical Silk Road connectivity and Behget's disease prevalence

A. Data acquisition

istorical geograpny)  nfsease and genetic d Covarates

+ Silk Road route . + Latitude

+ Historical hubs B_DH'S’YE?lquE - HDI

» 500-km corridor N * Infectious burden

1

B. Construction of Silk Road Exposure Index

Distance to Route Density
Silk Road (500-km overlap)

—

Standardization

1
Silk Road Exposure Index (SREI)

C. Primary statistical analysis

Hierarchical OLS regression
Outcome: log10(BD prevalence)

Model 1 Model 2 Model 3 Model 2
SREI + HLA-B*51 + Latitude + Infection
D. Robustness analyses
Cook's Leave-one-out Negative Spearman
Distance analysis Binomial correlation

Figure 1. Analytical workflow for evaluating the association between historical Silk Road
connectivity and Behget’s disease prevalence. Analytical workflow showing data integration, SREI
construction, regression modeling, and sensitivity analyses. (Picture credit: Original)

All statistical analyses were performed using Python (version 3.9) with the statsmodels and scipy
libraries [40, 41]. Statistical significance was defined as P < 0.05, and values between 0.05 and 0.10
were considered as suggestive associations.

3. Results

3.1. Cohort Selection and Geospatial Distribution

There were 20 representative countries selected in the primary analysis. The geographic distribution
of Behget’s disease prevalence showed a clustered pattern along the historical Silk Road region.
Higher prevalence estimates were observed in Jordan (660 per 100,000), Turkey (119.8 per 100,000),
and Iran (80 per 100,000), whereas lower prevalence was observed in countries distant from the Silk
Road corridor (Figure 2). This provides a preliminary spatial basis for the historical connectivity
hypothesis [34].
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Global distribution of Behget's disease prevalence
and Silk Road Exposure Index
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Figure 2. Global geospatial distribution of BD prevalence mapped against SREI gradients. Red
circles represent national prevalence magnitude, while the shaded region indicates the 500 km
historical trade corridor buffer (Picture credit: Original)

3.2. Geographic Characterization of Silk Road Exposure

Countries located near the central Eurasian corridor showed the highest levels of historical exposure.
For example, Turkey, Iran, China, and Jordan were close to the Silk Road, and they showed high
Route Density. In contrast, countries that were relatively far from the Silk Road, including Sweden
and the United States, had greater distances to the Silk Road and almost zero territorial overlap with
the corridor.

Detailed Distance to Silk Road, Route Density, and SREI values for all countries are provided in
Table 2.

Table 2. Geographic characterization of Silk Road exposure metrics across the 20 study countries.

Country Distance to Silk Road (km) Route Density SREI
China 185.863 0.277 0.930297266
Israel 708.307 0 -0.05397311
France 2230.231 0 -0.488659594

South Korea 1748.533 0 -0.396411897
Germany 1806.852 0 -0.408849363
Sweden 2536.564 0 -0.537457073
Turkey 30.768 0.856 2.602188219
Spain 2737.386 0 -0.566346193
United Kingdom 2716.009 0 -0.563373592
Iraq 120.651 0.955 2.263852701
Italy 1359.939 0 -0.301141385
Switzerland 1763.4 0 -0.399621462
Iran 432.096 0.47 0.94473035
Netherlands 2163.585 0 -0.477157374
Saudi Arabia 1008.518 0.02 -0.153308031
Portugal 3146.691 0 -0.619182982
Jordan 638.376 0.13 0.209877199
United States of America 9890.078 0 -1.053468802
Egypt 1409.755 0 -0.314777296
Japan 3130.423 0 -0.617217583

Notes: Distance to Silk Road represents the shortest geographic distance between each country centroid and the
reconstructed Silk Road corridor, measured in kilometers. Route Density represents the proportion of national territory
overlapping with the 500-km Silk Road corridor buffer. The Silk Road Exposure Index (SREI) integrates standardized
Route Density and inverse log-transformed Distance to Silk Road using equal weighting. Higher SREI values indicate
greater estimated historical connectivity with the Silk Road corridor.
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3.3. Primary Multivariable Regression and Predictor Stability

To evaluate whether historical Silk Road exposure had independent association with the geographic
distribution of BD prevalence, we performed a series of OLS regression models. Log-transformed
BD prevalence was the outcome variable (Table 3).

Table 3. Hierarchical multivariable regression analysis of factors associated with Behget’s Disease

prevalence.
Variables Model 1 Model 2 Model 3 Model 4
SREI 0‘3703 ((;)2‘}45 8/ 025 8% (106'}765) /02494 (0.1795) / 0.1840.1880 (0.2460) / 0.458
HLA-B51 5.4299 (4.9110) /
Froquency o S6a 3.9776 (5.3730) / 0.4705.6441 (5.8818) / 0.354
. 20.0120 (0.0167)/  -0.0056 (0.0223) /
. 0.481 0.804
. 20.0002 (0.0003) /
Infectious _burden -— - - 0347
-3.7440 (4.2052) /
HDI 0.388
R2 0.264 0313 0.335 0.382
Adjusted R? 0.223 0.232 0.210 0.161
F-statistic 6.453 3.878 2.686 1.727

Abbreviations: SREL Silk Road Exposure Index; SE, Standard Error; HLA, Human Leukocyte Antigen.

Note: All independent variables and the dependent variable (Prevalence) underwent log-transformation to minimize
skewness. Bold values indicate significance at P < 0.05, italic values indicate a suggestive trend at P < 0.10.

In the unadjusted model (Model 1), SREI showed a significant positive association with BD
prevalence (B =0.3703, SE = 0.1458, P =0.021). This model explained 26.4% of the variance in log-
transformed BD prevalence (R? = 0.264; adjusted R = 0.223).

After sequential adjustment for HLA-B51 frequency and latitude (Models 2-3), the association
between SREI and BD prevalence remained positive but became statistically non-significant (Model
2: =0.259, P=0.161; Model 3: B = 0.249, P = 0.184). Neither HLA-B51 frequency nor latitude
showed significant associations with BD prevalence.

In the fully adjusted model (Model 4), the association between SREI and BD prevalence was further
weakened and remained non-significant (B = 0.188, P = 0.458). None of the additional covariates
showed significant associations. Although this model explained the highest proportion of variance
(R?=0.382), the adjusted R* decreased to 0.161, suggesting reduced model stability due to the limited
sample size.

Overall, hierarchical models indicated that the association between SREI and BD prevalence was
strongest in the unadjusted model but attenuated after adjustment for genetic, geographic,
socioeconomic, and infectious disease-related factors.

3.4. Influence Diagnostics and Sensitivity Analysis of Silk Road Exposure Association

According to Cook’s distance analyses, Iraq and Jordan showed the highest influence values and
exceeded the conventional threshold for influential observations (4/n = 0.20). Thus, they were
identified as influential observations and were further evaluated in sensitivity analyses (Figure 3)
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Figure 3. Cook’s distance diagnostics identifying influential observations in the fully adjusted OLS
model. Cook’s distance was calculated from the final multivariable ordinary least squares (OLS)
regression model including SREI, HLA-B51 frequency, latitude, HDI, and Infectious burden as
predictors. The dashed line represents the conventional influence threshold (4/n, where n = 20).

Countries with relatively higher Cook’s distance values were further evaluated in sensitivity
analyses to determine whether the observed SREI-Behget’s disease prevalence association
depended on individual high-leverage observations (Picture credit: Original)

We subsequently conducted a layered sensitivity analysis to assess the stability of the SREI-BD
association (Table 4). In the baseline model (Tier 1, n=20), the association between SREI and BD
prevalence was positive and significant (f= 0.370, P = 0.021; adjusted R?>= 0.223). After removing
Iraq (Tier 2A, n = 19), the association was not weakened, instead, it was strengthened (= 0.468, P =
0.002; adjusted R? = 0.238). Furthermore, after removing both Iraq and Jordan (Tier 2B, n = 18), we
still got a positive association (B= 0.450, P = 0.003; adjusted R>= 0.391). This finding indicated that
the observed association was not soely driven by these high-leverage observations.

Table 4. Results of Tiered Sensitivity Analysis and Influential Observation Exclusion Tests

Model Tier Sample Description Sample Size (n) SREI Coefficient () SREI P-value Adjusted R’ Key Findings

Tier 1 Full Cohort (OLS) 20 B=0.370 0.020512 0.223000  Baseline association
Tier 2A Excluding Iraq (OLS) 19 B=0.468 0.019664 0.238302  Iraq influence tested
. Excluding Iraq and _ Iraq and Jordan
Tier 2B Jordan (OLS) 18 B=0.450 0.003279 0.391043 influence tested
Tier3  Full Cohort (Spearman) 20 p=0.623 0.003372 NaN Non-parametric

validation

Notes: Tiered sensitivity analyses were performed to evaluate whether the association between Silk Road Exposure Index and Behget's
disease prevalence was influenced by individual high-leverage observations. Tier 1 represents the OLS model with full cohort. Tier 24
represents exclusion analyses removing Iraq, and Tier 2B represents the OLS model removing both Iraq and Jordan. p represents the
estimated SREI coefficient from OLS regression models, and p represents Spearman’s rank correlation coefficient. Adjusted R? was
reported only for OLS models and was not applicable to Spearman correlation analysis.

3.5. Robustness and Sensitivity Check

To evaluate whether the association between Silk Road exposure and Behget’s disease was consistent
under different analytical assumptions, we conducted several sensitivity analyses, including leave-
one-out analysis, Negative Binomial regression, and Spearman correlation analysis.

First, we conducted a leave-one-out sensitivity analysis based on the unadjusted OLS regression
model. Then, we removed each country one by one and calculated the SREI coefficient. This process
aimed to determine whether the observed association relied on any individual geographic observation.
Across all the 20 leave-one-out iterations, the direction of the SREI association always kept positive,
showing that the geographic gradient observed was not directly influenced by a single country. The
estimated SREI coefficient ranged from = 0.351 after removing of Turkey to = 0.496 after removing
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Irag. When Iraq was removed, we obtained the strongest positive association (= 0.496, P = 0.010;
adjusted R?= 0.291). While when Turkey was removed, the association was weakened significantly
(B=0.351, P = 0.088; adjusted R?>= 0.112) . These results suggested that although countries located
along the central Silk Road corridor contributed substantially to the observed spatial pattern, the
positive relationship between SREI and BD prevalence remained directionally consistent after
removal of individual countries.

Next, we performed series of Negative Binomial models (Table 5). In the unadjusted Negative
Binomial model (NB Model 1), SREI and BD case counts showed a positive association (f=1.4893,
SE =0.7496, P = 0.0469). When HLA-B51frequency (NB Model 2), latitude (NB Model 3), and HDI
and infectious disease burden (NB Model 4) were sequentially adjusted, the estimated effect of SREI
decrease gradually. In the fully adjusted model including all the factors above, SREI coefficient
became negative and non-significant (f=—0.8516, SE = 0.5579, P = 0.1269). Taking together, these
findings suggested that the positive association observed in the unadjusted model was sensitive to
high covariate adjustment.

Table 5. Comparison of ordinary least squares and Negative Binomial regression models for
evaluating the association between Silk Road exposure and Behget’s disease burden

Model Framework Outcome Predictors B(SE)/P
OLS Model 1 OLS log10(BD prevalence) SREI 0.3703 (0.1458) / 0.0205
NB Model 1 Negative Binomial ~ BD case counts SREI 1.4893 (0.7496) / 0.0469
NB Model 2 Negative Binomial ~ BD case counts SREI + HLA-B51 0.8631 (0.8952) / 0.335
NB Model 3 Negative Binomial ~ BD case counts SREI + HLA-B51 + Latitude 0.4916 (0.684) / 0.4723

NB Model 4 Negative Binomial ~ BD case counts SREI + HLA-B51 + Latitude + Infection + HDI -0.8516 (0.5579) / 0.1269

Notes: Negative Binomial models used country-level BD case counts as the outcome with log-transformed population size included as
an offset term. Models were sequentially adjusted for genetic background (HLA-B51 frequency), geographic latitude, and
contemporary environmental and socioeconomic indicators. f§ represents the estimated SREI coefficient.

Finally, to evaluate whether the relationship between historical Silk Road exposure and BD
prevalence persisted without assuming linearity, we performed Spearman rank correlation analysis
across the whole cohort (Table 6). The result showed that SREI showed a significant positive
monotonic correlation with BD prevalence (p= 0.568, P = 0.009). This association provided
addiotional evidence for a geographic exposure gradient independent of assumptions of linear
regression structure.

Table 6. Spearman rank correlation analysis between Silk Road Exposure Index and Behget’s
disease prevalence

Analysis Variables Sample size (n) Spearman rho P-value
Spearman rank correlation ~ SREI vs BD prevalence 20 0.568 0.009

Notes: Spearman rank correlation was performed to assess monotonic relationships between SREI and BD
prevalence without assuming linearity or normality. The analysis included all 20 countries. p represents Spearman’s
rank correlation coefficient.

4. Discussion

4.1. Historical connectivity as a geographic framework for Behc¢et’s disease distribution

This study identified a positive geographic gradient between Silk Road exposure and BD prevalence
across 20 countries by integrating spatial indicators of historical connectivity, population-level HLA-
B51 frequency, socioeconomic factors, and infectious disease burden.

According to the results, the spatial distribution pattern observed was consistent with previous
epidemiological observations. BD distributed disproportionately along the Silk Road, particularly
across the Mediterranean basin, the Middle East, and East Asia [42]. Unlike previous qualitative
descriptions, we quantified Silk Road exposure using distance decay and territorial overlap. This
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suggested that historically connected regions may share population-level genetic, demographic, or
environmental characteristics associated with BD distribution.

Notably, after adding covariates like HLA-B51, latitude, HDI, and infectious burden, the effect of
SREI was weakened. This claimed that Silk Road exposure itself was unlikely to be an independent
causal factor. Instead, historical connectivity may represent a composite indicator reflecting long-
term interactions among population movement, genetic variation, and environmental exposure. This
interpretation was consistent with the evolutionary and epidemiological perspective: instead of being
driven by a single determinant, BD distribution reflected interactions between genetic susceptibility
and environmental exposures [43].

4.2. Interaction between genetic susceptibility and historical population movement

HLA-B51 is still the strongest recognized genetic susceptibility factor of BD [4]. In this study, HLA-
B51 frequency showed positive association with BD prevalence. However, when other covariates
were controlled, the association was no longer statistically significant.This might reflect the limited
statistical power caused by limited number of countries and the ecological nature of the dataset.

The relationship between HLA-B51 distribution and Silk Road exposure provided us with an
interesting evolutionary perspective. The historical trade corridors created conditions for repeated
population interactions across Eurasia [37]. They therefore might influence the distribution of
immune-related genetic variants through gene admixture and selection pressures [38]. Previous
evolutionary hypotheses have proposed that immune-related alleles may persist because of balancing
effects between pathogen defense and autoimmune susceptibility [45].

Also, current study cannot determine whether the distribution of HLA-B51 was derived directly from
population movement along the Silk Road. Maybe both patterns reflect broader demographic
processes. Future studies should incorporate population genetic approaches, such as ancestry-aware
analyses and allele frequency modeling, to further examine this hypothesis.

4.3. Robustness of the geographic association and implications for disease ecology

To evaluate whether the observed association was driven by specific countries or statistical
assumptions, we performed several sensitivity analyses. The positive direction of the SREI
association persisted after sequential country removal.This finding suggested that the geographic
pattern was not depending on a single observation. Apart from that, Spearman correlation analysis
also supported that there was a monotonic relationship between Silk Road exposure ranking and BD
prevalence ranking.

However, Negative Binomial models showed that after incorporating genetic and socioeconomic
covariates, the association became weaker. This may reflect the complexity of interpreting historical
connectivity within cross-national ecological analyses. Particularly, current healthcare access, disease
recognition, population structure, and differences in epidemiological surveillance may influence
reported prevalence estimates across countries [10, 46].

Therefore, Silk Road exposure should not be interpreted as a direct causal determinant of BD
distribution. Instead, a more reasonable interpretation is that historical connectivity may be an
integrative geographic indicator. It reflects long-term interactions among migration, microbial
exposure, genetic variation, and environmental conditions [44].

4.4. Limitations and future directions

This study has several limitations. First, the ecological design determines that the results cannot be
inferred to individual level [47]. Country-level associations cannot be directly extrapolated to
individual risk.
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Second, BD prevalence estimates were obtained from published epidemiological studies, so
difference in diagnostic criteria, healthcare systems, and case ascertainment may lead to heterogeneity
between countries [10].

Third, population-level HLA-B51 estimates may not fully capture national genetic diversity, and
proxy estimates were used when direct measurements were unavailable. Finally, the small sample
size limited statistical power and multivariable adjustment.

Future studies should integrate individual-level genetic data, ancestry-aware analyses, and spatial
epidemiological models to clarify interactions between historical connectivity, genetic susceptibility,
and environmental exposure [37]. Spatial Bayesian models and ancestry-adjusted analyses may help
understand how genetic and environmental factors interact across geographic gradients [48].

5. Summary

In conclusion, this study quantitatively evaluated the association between historical Silk Road
connectivity and the global distribution of BD. By developing SREI, we found that countries with
high historical connectivity generally had a higher BD prevalence. Although the association became
weaker after incorporating genetic, geographic, socioeconomic, and infectious disease-related factors,
the geographic pattern remained consistenc in multiple sensitivity analyses. This observation
indicated a broader historical-environmental gradient behind BD distribution.

These findings suggest that the modern epidemiology of Behget’s disease may reflect the combined
influence of ancient population connectivity, immune-related genetic variation, and changing
environmental exposures [4, 5]. This study does not propose the Silk Road as a direct cause of disease.
Instead, we proposed it as a useful framework for understanding how evolutionary processes and
human movement may shape the geographic landscape of complex immune-mediated disorders.
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