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Abstract

Open geospatial datasets increasingly contain multiple regional indicators that evolve jointly across space and time, but applied
workflows often fit separate regressions for each indicator and communicate results through static choropleth maps. We present
an open-source, reproducible workflow for comparing multivariate spatio-temporal regression models that allow for cross-equation
dependence against separate single-equation spatial regressions using interactive map-based diagnostics. The statistical core is a
multivariate generalized nesting spatio-temporal (MGNST) framework that represents spatial-lag dependence, spatial-error depen-
dence, temporal autoregression, and cross-equation dependence; independent spatial error models (SEMs) and ordinary regressions
are obtained as nested restrictions. Eleven specifications are estimated by maximum likelihood and evaluated using AIC and BIC. A
Shiny–leaflet web application loads precomputed model outputs and allows users to inspect observed, fitted, residual, and residual-
difference choropleths for municipalities in the Kansai region of Japan. In a synthetic benchmark generated from the full MGNST
model, AIC selects the true multivariate specification for all lattice sizes and ranks it above all separate regressions. In the Kan-
sai case study, the independent SEM is marginally preferred by AIC and BIC, while the multivariate SEM estimates statistically
significant cross-equation spatial-error dependence. The application makes this near-tie interpretable beyond numerical values by
showing where residuals from the two models differ across municipalities. The released data, spatial weights, source code, model
outputs, and application provide a reusable FOSS4G workflow for moving from choropleth visualization to spatial model diagnosis.

1. Introduction

Open geospatial data have changed regional analysis. Gov-
ernment statistics, administrative boundaries, population reg-
isters, economic surveys, environmental indicators, and infras-
tructure data can now be joined, mapped, and analyzed with
free and open-source software. Yet the analytical habit has not
kept pace. Regional data rarely consist of a single isolated out-
come: income, population change, ageing, density, public ser-
vices, and economic activity often vary together, show spatial
dependence among neighboring municipalities, and persist over
time. The common practice, however, is still to fit a separate
single-equation regression to each variable and to communicate
the result through a static choropleth map. Such a workflow is
useful for exploration, but it cannot show which spatial patterns
are jointly explained across variables, which are persistent over
time, and which remain as spatially structured residuals.

Spatial regression models provide a statistical language for this
problem. The spatial autoregressive (SAR) model represents di-
rect spillovers in the response, whereas the spatial error model
(SEM) represents spatially correlated unobserved factors. The
generalized nesting spatial (GNS) model combines both struc-
tures and has become a flexible model family in spatial econo-
metrics (Anselin, 1988, LeSage and Pace, 2009, Elhorst, 2014).
Panel and spatio-temporal extensions additionally incorporate
temporal dependence (Lee and Yu, 2010). Applied equation
by equation, however, these models still analyze each response
on its own. For modern open regional data this is restrictive:
several outcomes may share latent spatial causes, and one re-
sponse may help explain another through cross-equation depen-
dence (Cressie and Wikle, 2011, Banerjee et al., 2014, Bradley

et al., 2018, Mastrantonio et al., 2019).

A multivariate spatio-temporal model can couple the responses,
but this raises a practical question that a coefficient table an-
swers poorly: for a given dataset, does multivariate coupling
actually change the spatial fit, and where? Practitioners ac-
customed to map-based reasoning require a means of seeing
this answer rather than inferring it from parameter estimates
alone. This paper therefore places an interactive, open-source
map application at the center of the workflow. The appli-
cation loads pre-computed outputs from a multivariate gener-
alized nesting spatio-temporal (MGNST) model and from its
single-equation special cases, and allows the analyst to com-
pare them visually—observed, fitted, residual, and residual-
difference choropleths—for any pair of specifications.

The contribution is fourfold. First, we provide a unified
multivariate spatio-temporal regression framework (MGNST)
that represents spatial lag, spatial error, temporal autoregres-
sive, and cross-equation dependence, and that contains separate
SAR, SEM, GNS, and ordinary regressions as nested restric-
tions. Second, we estimate eleven nested specifications by max-
imum likelihood and compare them primarily with the Akaike
information criterion (AIC), while reporting the Bayesian infor-
mation criterion (BIC) as a more parsimonious sensitivity cri-
terion. Third—and centrally—we release an interactive open-
source web map application that turns model comparison into
a navigable visual diagnosis. Fourth, we package the whole
pipeline—data, spatial weights, estimation scripts, model out-
puts, and the deployed application—as a reproducible reposi-
tory (Ohta et al., 2026).
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The paper does not present a proprietary GIS procedure or
a closed empirical workflow. All stages use open data and
free/open-source statistical and geospatial software. Section 2
describes the workflow. Section 3 summarizes the MGNST
model, the nested family, and the information-criterion com-
parison. Section 4 reports the synthetic benchmark, in which
AIC recovers the true multivariate model when cross-equation
structure is present. Section 5 describes the interactive web ap-
plication. Section 6 applies the workflow to municipal data for
the Kansai region of Japan and uses the application for visual
comparison. Section 7 discusses reproducibility and reuse.

2. Open-Source Geospatial Workflow

The workflow starts from open regional data and ends with an
interactive map application for visual model comparison (Fig-
ure 1). In the empirical case study, the analysis unit is the
municipality. Processed panel data, a row-standardized spatial
weight matrix, model-estimation scripts, and model outputs are
stored together so that the statistical results are not separated
from the geospatial preprocessing steps. The repository keeps
the model library, execution scripts, and the application as sep-
arate, clearly labeled components.

The estimation layer is R-centered. The model-estimation
scripts use open-source packages including spdep,
spatialreg, numDeriv, and systemfit; the geospatial prepa-
ration uses sf, dplyr, tidyr, stringr, and rmapshaper.
This keeps the analysis close to established spatial statistics
and geospatial tooling (Pebesma and Bivand, 2023, Bivand
and Piras, 2015). The municipal boundary polygons are
obtained from public Japanese administrative boundary data,
and the row-standardized adjacency matrix is supplied as a
processed CSV so that the models can be re-estimated without
reconstructing the geometry.

The workflow has six reproducible stages. First, open socioe-
conomic indicators and boundary data are obtained from pub-
lic sources (Ministry of Land, Infrastructure, Transport and
Tourism, 2021). Second, municipalities are harmonized and
joined to the panel data. Third, a row-standardized spatial
weight matrix is prepared from adjacency relationships. Fourth,
each candidate specification—both the multivariate models and
the separate single-equation regressions—is estimated by max-
imum likelihood with the same responses, covariates, time lag,
and weight matrix. Fifth, AIC provides the primary ranking of
the nested specifications, BIC is reported as a sensitivity crite-
rion, and observed values, fitted values, and residuals are ex-
ported as pre-computed tables. Sixth, these outputs are pub-
lished as an interactive map application, so that the observed,
fitted, residual, and residual-difference choropleths of any spec-
ification can be inspected and compared without a local R in-
stallation. The same directory structure also contains synthetic
data and true parameter values, making the repository a bench-
mark for testing independent implementations.

The application serves as the visual hub of the workflow rather
than as a supplementary component. It is built with open-source
web-mapping tools, deployed to a public cloud endpoint, and
released with the full workflow in a public repository (Ohta et
al., 2026); it exposes the observed, fitted, residual, and residual-
difference choropleths for each candidate model. A reader can
place a multivariate specification alongside a separate single-
equation regression and view the residual maps and their dif-
ference side by side. This transforms a static figure sequence

Figure 1. Open-source geospatial workflow from data
preparation and model estimation to pre-computed interactive

diagnostic maps.

Figure 2. Main Explore view of the Shiny–leaflet application,
showing variable, model-output, year, legend, and opacity

controls.

into a navigable diagnostic surface, while keeping the under-
lying data, weights, and estimation scripts identical to the re-
producible package. A snapshot of the deployed application is
shown in Figure 2.

In this workflow the statistical model does not terminate at a
coefficient table. Maps are employed at three points: before
modeling, to reveal regional patterns in the observed variables;
during diagnosis, to compare fitted surfaces and residual struc-
ture across specifications; and after model comparison, to com-
municate which dependence structures the data support. The
interactive application carries this final stage from static publi-
cation to interactive exploration, completing the transition from
choropleth mapping to spatial diagnosis.
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3. Statistical Model and Model Comparison

3.1 MGNST Formulation

Let y1,t, . . . ,yK,t be K response vectors observed over the
same n regions at time t, and define the stacked vector yt =
(y⊤

1,t, . . . ,y
⊤
K,t)

⊤ of length Kn. Let W denote an n × n row-
standardized spatial weight matrix. The MGNST model is

yt = (R⊗W )yt +Xtβ + (A⊗ In)yt−1 + ut, (1)

with spatially correlated errors

ut = (Λ⊗W )ut + εt, εt ∼ N(0Kn,Σ⊗ In). (2)

Here β is the regression-coefficient vector, ut is the spatially
correlated disturbance vector, εt is the innovation vector, In
is the n× n identity matrix, IKn is the identity matrix of order
Kn, and 0Kn is a zero vector of length Kn. The matrices R, Λ,
and A are K×K matrices representing spatial-lag dependence,
spatial-error dependence, and one-period temporal autoregres-
sive dependence, respectively. The symbol ⊗ denotes the Kro-
necker product, so that, for example, R⊗W expands the K×K
cross-equation matrix against the n×n spatial weight matrix to
act on the full stacked vector of length Kn. The covariance ma-
trix Σ is K ×K and captures contemporaneous cross-equation
dependence. The design matrix Xt is block diagonal, allow-
ing common and response-specific covariates to enter different
equations with different coefficients. The likelihood is eval-
uated over the parameter space in which IKn − R ⊗ W and
IKn − Λ⊗W are nonsingular.

Equations (1)–(2) contain familiar models as special cases. If
Λ = OK , where OK denotes the K×K zero matrix, the model
becomes a multivariate SAR-type specification; if R = OK

it becomes a multivariate SEM-type specification. Crucially,
when the spatial and covariance matrices are restricted to be
diagonal (or absent), the cross-equation links are severed and
each response follows its own spatial process: the model then
reduces to the separate single-equation spatial regressions that
an analyst would obtain by fitting one equation at a time. This
nesting is the basis of the comparison developed below.

3.2 Nested Model Family and Information-Criterion
Comparison

The implementation labels each candidate by a four-character
identifier describing restrictions on (R,Λ, A,Σ), where 1, d,
and 0 indicate full, diagonal, and absent matrices. The eleven
specifications split into two groups (Figure 3). The multivari-
ate methodology comprises the specifications with at least one
full off-diagonal matrix, so that information is shared across
equations: the fully connected MGNST model 1111, the mul-
tivariate spatial-error model 0111, the multivariate spatial-lag
model 1011, and the cross-equation temporal/covariance vari-
ants 1101, 0101, 1001, and the vector-autoregressive 0011.
The single-equation regressions comprise the specifications in
which every coupling matrix is diagonal or absent, reproducing
what separate, one-equation-at-a-time spatial regressions would
yield: the independent GNS dddd, independent SAR d0dd, in-
dependent SEM 0ddd, and the ordinary independent regression
000d.

This notation turns model comparison into a transparent ques-
tion: do the data support cross-equation coupling on top of the
separate single-equation structure? It also bridges statistical

Figure 3. Nested model family. In each four-character ID, 1, d,
and 0 denote full, diagonal, and absent matrices for R, Λ, A, and

Σ, respectively.

modeling and map-based interpretation. If a multivariate speci-
fication is preferred, its residual maps should show weaker spa-
tial structure than the corresponding single-equation regression;
if the single-equation regression already captures the structure,
the residual maps—and their difference—should be nearly in-
distinguishable.

Every specification is fitted by maximum likelihood. The fitted
specifications are then compared by the Akaike and Bayesian
information criteria,

AIC = −2ℓ(θ̂) + 2p, BIC = −2ℓ(θ̂) + log(Kn) p, (3)

where ℓ(θ̂) is the maximized log-likelihood and p is the number
of free parameters of the specification. AIC is used as the pri-
mary comparison criterion because the benchmark is designed
to test recovery of the full data-generating structure, whereas
BIC is reported as a parsimony-oriented sensitivity criterion.
With two observation years, the likelihood is evaluated condi-
tionally on the first year; accordingly, the temporal term is in-
terpreted as a one-period persistence component rather than as
evidence from a long time series. The BIC penalty uses Kn, the
number of stacked regional responses in the modeled transition.
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4. Synthetic Benchmark

The synthetic benchmark verifies that, when the data contain
genuine cross-equation structure, AIC recovers the true multi-
variate model and assigns lower values (better values) than the
separate equation regressions, which omit that structure. Syn-
thetic data are generated on square lattices with n = 100, 400,
and 900 regions and 2 time points. The true data-generating
process is the full 1111 MGNST model with K = 2 responses,
shared covariates, response-specific covariates, spatial lag de-
pendence, spatial error dependence, temporal autoregressive ef-
fects, and cross-equation covariance. The repository includes
the generated response/covariate data, spatial weight matrices,
and true parameter values for each lattice size, so that the bench-
mark can be reproduced or re-used to test independent imple-
mentations.

For each n, all eleven specifications are estimated and com-
pared by AIC and BIC (Table 1). In the AIC panel, the full mul-
tivariate model 1111 is selected at every lattice size, with AIC
108.85 (n = 100), 448.06 (n = 400), and 810.66 (n = 900).
The gap to the best separate single-equation regression is large
and grows with n: at n = 900 the best single-equation model,
the independent GNS dddd, has AIC 1070.05 (a difference
of about 260), the independent SEM 0ddd has 1427.71, and
the ordinary independent regression 000d has 5229.24. Thus,
when several responses genuinely share spatial, temporal, and
cross-equation structure, fitting them one equation at a time
leaves substantial dependence unmodeled, and AIC penalizes
this severely. The closest AIC competitor is the multivari-
ate spatial-lag model 1011 (AIC 827.50 at n = 900); at ev-
ery lattice size the two best-ranked AIC specifications, 1111
and 1011, are multivariate and outrank every separate single-
equation regression. BIC, with its stronger penalty, instead
selects the more parsimonious multivariate spatial-lag model
1011 at all three sizes. Both criteria therefore select a multi-
variate specification rather than a separate single-equation re-
gression in the synthetic benchmark.

5. Open-Source Interactive Web Application

The interactive map application (Figure 4) is the central de-
liverable of the workflow. Its purpose is to make the com-
parison between the multivariate cross-equation methodology
and separate single-equation regressions a visual, exploratory
act rather than a reading of coefficient tables. It is built with
the open-source leaflet and shiny stack. The source code,
pre-computed inputs, model outputs, and application files are
archived in the versioned workflow release (Ohta et al., 2026),
and the same application is also deployed as a live Shiny in-
stance for browser-based inspection.1

The application is organized around three diagnostic questions:
what spatial pattern is observed, what part of that pattern is fit-
ted by each model, and where residuals change when moving
from a separate single-equation model to a multivariate speci-
fication. Because all map layers are generated from the same
pre-computed maximum-likelihood outputs reported in the ta-
bles, visual exploration remains directly tied to the reproducible
statistical workflow.

Architecture. The application follows a strict “read-only”
principle. All eleven specifications are fitted in advance by

1 Live application: bit.ly/4e8Tmnt (14 June 2026).

(a) AIC
Model n = 100 n = 400 n = 900
Multivariate methodology
1111 108.85 448.06 810.66
1011 109.29 459.77 827.50
0111 156.20 581.70 1177.34
0011 198.53 868.96 1632.89
1101 471.32 1850.83 4223.10
1001 475.07 1860.84 4244.97
0101 477.34 1857.27 4259.44

Individual spatial regressions
dddd 133.45 540.67 1070.05
d0dd 130.55 559.42 1090.23
0ddd 175.81 677.12 1427.71
000d 579.45 2286.12 5229.24

(b) BIC
Model n = 100 n = 400 n = 900
Multivariate methodology
1111 184.71 555.80 937.06
1011 171.95 548.78 931.92
0111 218.87 670.71 1281.75
0011 248.00 939.23 1715.32
1101 533.99 1939.84 4327.52
1001 524.55 1931.11 4327.40
0101 526.82 1927.54 4341.88

Individual spatial regressions
dddd 186.22 615.63 1157.98
d0dd 176.73 625.00 1167.17
0ddd 221.99 742.70 1504.65
000d 612.43 2332.96 5284.19

Table 1. AIC and BIC for synthetic data (n = 100, 400, 900;
true model 1111). Minima in each panel are shown in bold.

the batch estimation scripts, and their observed values, fitted
values, and residuals are written to pre-computed files that
the application loads at start-up. This keeps the application
lightweight and cleanly separates the reproducible estimation
pipeline (raw data → maximum-likelihood estimation → de-
rived outputs) from the visual layer. The simplified municipal
polygons and the derived map tables are shipped with the repos-
itory so that the application also runs locally after a single clone.

Layers and interaction. The map shows the 198 Kansai mu-
nicipalities as the active layer, with neighboring prefectures left
to the base tiles for geographic context. A category selector ex-
poses five layer types: the observed responses, the covariates,
the fitted values of any of the eleven models, the residuals of
any of the eleven models, and the residual difference between
any two chosen models. Responses and covariates are available
for both observation years (2016 and 2021), while fitted values,
residuals, and residual differences are mapped for the most re-
cent year. Observed responses use sequential color scales (one
per response), while residuals and residual differences use a
symmetric, zero-centered diverging scale so that positive and
negative departures are immediately distinguishable. Hovering
reveals a municipality’s name and the selected value; clicking
opens a panel with the full set of values for that municipality.
A legend toggle, a layer-opacity slider, and a busy-state overlay
complete the interface.

Visual comparison of multivariate and individual equation
models. The residual-difference layer is central to the com-
parison. By selecting a multivariate specification as model A
and a separate single-equation regression as model B, the an-
alyst obtains the map of eA,i − eB,i, the per-municipality dif-
ference in residuals for municipality i. Where the multivariate
coupling changes the fitted surface, this map shows coherent
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spatial structure; where the single-equation regression already
suffices, it is close to flat. The same control therefore answers,
visually and locally, the question that a single information cri-
terion cannot: not only whether the multivariate methodology
changes the fit, but where on the map it does so. Section 6 uses
exactly this control to compare the multivariate spatial-error
model 0111 with the independent spatial-error model 0ddd.

Figure 4. Municipality-level inspection in the interactive
application: clicking a municipality opens observed, fitted, and

residual values for the selected specifications.

6. Empirical Application: Kansai Municipal Data

6.1 Data Sources and Variables

The empirical workflow is applied to municipal-level socioe-
conomic data for the Kansai region of Japan (Figure 5). The
dataset contains n = 198 municipalities observed at two time
points, 2016 and 2021. The response variables are standard-
ized log taxable income per capita (y1) and standardized log
population growth (y2). Here population growth is represented
in the processed data as a log population ratio over the corre-
sponding observation interval, rather than as the logarithm of a
signed percentage change. The common explanatory variables
are log ageing rate and log population density. The response-
specific covariates are log establishments per capita for the
income equation and log medical facilities per capita for the
population-growth equation. All variables are standardized af-
ter the logarithmic transformations used in the repository.

The data are built from public sources including Japanese gov-
ernment statistics and administrative boundary data. Taxable in-
come is obtained from municipal taxation surveys, population
and ageing variables from the Basic Resident Register statis-
tics, establishment counts from the Economic Census, medical-
facility counts from medical institution surveys, and municipal
areas/boundaries from public geospatial data sources (Statis-
tics Bureau of Japan, 2021, Ministry of Land, Infrastructure,
Transport and Tourism, 2021). The spatial weight matrix is
constructed from municipal adjacency relationships and row-
standardized before estimation. The repository contains pro-
cessed inputs and documents the original source URLs so that
the data can be re-obtained if needed.

The observed maps in Figure 6 motivate joint modeling.
Taxable income concentrates around the Kyoto–Osaka–Kobe

Figure 5. Study area: the Kansai region of Japan.

Figure 6. Observed standardized responses by municipality: log
taxable income (y1, top) and log population growth (y2,

bottom); 2016 (left), 2021 (right).

metropolitan axis, while population growth shows a different
pattern of suburban growth and peripheral decline. The two out-
comes are related but not spatially identical—the type of case in
which separate single-equation regressions might miss shared
latent regional structure, and in which a multivariate methodol-
ogy should be examined rather than assumed.

6.2 Model Comparison

The eleven specifications are estimated by maximum likelihood
ℓ(θ̂) in equation (3) using the same responses, covariates, one-
period time lag, and row-standardized municipal adjacency ma-
trix, and are ranked primarily by AIC, with BIC reported as
a sensitivity criterion (Table 2). The four best-fitting specifi-
cations by AIC all combine spatial-error and temporal depen-
dence: the independent SEM 0ddd (AIC 69.71), the multivari-
ate SEM 0111 (AIC 70.38), the independent GNS dddd (AIC
71.98), and the full MGNST 1111 (AIC 74.12); the latter two
additionally include a spatial-lag term. The pure spatial-lag
specifications (d0dd, 1011) rank lower, so spatially structured
unobserved factors and one-period persistence—rather than di-
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(a) AIC
Model p AIC
Multivariate methodology
0111 19 70.38
1111 23 74.12
1011 19 80.50
0011 15 80.62
0101 15 554.93
1101 19 555.28
1001 15 567.88

Individual spatial regressions
0ddd 14 69.71
dddd 16 71.98
d0dd 14 79.80
000d 10 645.71

(b) BIC
Model p BIC
Multivariate methodology
0111 19 146.03
1111 23 165.69
1011 19 156.15
0011 15 140.35
0101 15 614.65
1101 19 630.92
1001 15 627.60

Individual spatial regressions
0ddd 14 125.45
dddd 16 135.68
d0dd 14 135.54
000d 10 685.53

Table 2. AIC and BIC for the Kansai data; p = number of free
parameters. Minima in bold.

rect spatial spillover—dominate the income and population dy-
namics.

For these two responses the joint multivariate and separate
single-equation structures fit comparably: the best single-
equation regression 0ddd and the best multivariate specification
0111 differ by less than one AIC unit, and AIC does not favor
the five additional parameters of 0111. Both AIC and BIC se-
lect 0ddd for these data, with BIC giving a stronger parsimony
penalty. This near-tie is itself informative, and it is precisely
the situation in which a single criterion value is insufficient: it
indicates that the two models fit comparably, but not whether
they describe the same spatial residual surface. The multi-
variate model 0111 still estimates cross-equation spatial-error
dependence—an off-diagonal element of Λ that is statistically
significant—and a cross-equation covariance, both of which the
independent model 0ddd is structurally unable to represent;
that this added structure is statistically detectable yet not pre-
ferred by AIC reflects the cost of the extra parameters. The
visual comparison in Section 6.3 lets the analyst inspect where
the two specifications differ across municipalities.

The leading specifications also give coherent and stable sub-
stantive effects. The ageing rate is strongly negatively asso-
ciated with both income and population growth. Establish-
ments per capita have a positive association with taxable in-
come, whereas medical facilities per capita do not show a sta-
ble effect on population growth after controlling for the other
variables and the dependence structure. Population density
is weakly associated with population growth. Income shows
strong one-period persistence, while population growth shows
much less. These effects are estimated within the same spatio-
temporal workflow used to generate the diagnostic maps.

6.3 From Choropleth Maps to Residual Diagnosis

The application makes the comparison concrete. The observed
maps reveal regional patterns but cannot separate explained
structure from remaining structure. Fitted-value maps show
the component explained by covariates, the one-period lag, and
the estimated dependence; residual maps show what remains.
Figure 7 places the residual maps of the multivariate spatial-
error model 0111 next to those of the independent spatial-error
model 0ddd. Both are visually much weaker than the observed
response maps, suggesting that the spatial-error-plus-temporal
structure shared by the two models captures much of the domi-
nant pattern.

Figure 7. The app lets users compare residual maps from the
independent SEM model 0ddd (left) and the multivariate SEM
model 0111 (right) by dragging the vertical divider left or right.

The application also provides a residual-difference layer (Fig-
ure 8), the eA − eB map with A = 0111 and B = 0ddd. Al-
though the two models are an AIC near-tie, their residuals are
not identical, and the map shows where the two specifications
differ—information that an AIC value or a single residual map
does not convey. Positive values indicate municipalities where
the multivariate SEM has a larger residual than the independent
SEM for the selected response, whereas negative values indi-
cate the reverse. The analyst can thus see not only whether the
multivariate model changes the residual surface, but where on
the map that change occurs.

This map-based diagnosis constitutes the core of the transition
from choropleth mapping to spatial diagnosis. The methodol-
ogy is not introduced merely to improve a numerical criterion; it
provides a means of decomposing regional maps into observed
variation, modeled variation, and residual spatial structure, and
the application enables practitioners to compare that decompo-
sition across competing specifications. The decomposition is
directly reusable in other workflows where practitioners already
use choropleth maps but lack a formal, visual diagnostic step
tied to model comparison.

7. Discussion: Reproducibility and Reuse

Three properties of the workflow follow from the design above.
It makes a multivariate spatial econometric model reproducible
end to end: the repository contains the model library, execution
scripts, processed input data, spatial weights, output tables, and
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Figure 8. Residual difference for 2021 taxable income,
e0111,i − e0ddd,i. Positive values indicate municipalities where

the multivariate SEM has a larger residual than the independent
SEM.

the application, so a reader can re-estimate every result. It turns
model comparison into a visual diagnostic act, because the an-
alyst compares the multivariate methodology against separate
single-equation regressions on the map rather than only in a ta-
ble. And it links statistical output back to maps, so the results
are inspectable by geospatial practitioners rather than confined
to a coefficient table.

The repository (Ohta et al., 2026) is organized to support these
properties in practice. It provides a clear software license, a
data-license statement distinguishing processed public statistics
from original source data, exact commands for regenerating ev-
ery table, and the application together with its pre-computed in-
puts. It also documents the original source URLs and contains
the full set of execution scripts, so that every reported result can
be reproduced and audited; standard errors, coefficient tables,
and complete numerical outputs are available there.

The approach is not limited to the Kansai case study. Any
dataset with multiple regional responses, a spatial weight ma-
trix, and temporal observations can be analyzed with the same
family and inspected with the same application. Possible ap-
plications include health indicators, housing markets, trans-
port accessibility, environmental monitoring, disaster recovery,
and local demographic change. In each case the diagnostic
sequence is the same: observed maps, fitted maps, residual
maps, residual-difference maps, and AIC/BIC rankings—and
the same visual comparison reveals whether, and where, joint
multivariate parameter estimation changes the spatial diagno-
sis.

8. Conclusions

This paper presented a reproducible open-source workflow
whose central deliverable is an interactive map application for
visually comparing a multivariate spatio-temporal regression
methodology with separate single-equation regression models.
The statistical core is the MGNST framework, which jointly
represents spatial lag, spatial error, one-period temporal persis-
tence, and cross-equation dependence and which contains inde-
pendent SAR, SEM, GNS, and ordinary regressions as nested

restrictions. Eleven specifications are estimated by maximum
likelihood and compared primarily with AIC, with BIC reported
as a parsimony-oriented sensitivity criterion.

The synthetic benchmark confirms that, when the data contain
genuine coupled structure, AIC recovers the true multivariate
model and ranks it above every separate single-equation regres-
sion, with the gap growing as the sample grows; BIC instead fa-
vors a more parsimonious multivariate specification. The Kan-
sai municipal case study then demonstrates the value of the vi-
sual comparison in a more ambiguous empirical setting. There
AIC and BIC select the independent spatial-error model, but
the multivariate spatial-error model is a close AIC competi-
tor and estimates statistically detectable cross-equation spatial-
error dependence. The residual-difference map localizes where
the two fitted residual surfaces diverge. Maps of observed val-
ues, fitted values, residuals, and residual differences therefore
turn information-criterion results into a visual geospatial diag-
nostic workflow that is transparent, interactive, and reusable.

Future work includes improving computational efficiency for
larger n and K, extending the implementation to non-Gaussian
responses, adding formal residual spatial-autocorrelation tests,
p-values, and local diagnostics to the application, and packag-
ing the estimator as a more accessible open-source library.
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