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 Abstract  

Limited public transport accessibility remains a serious issue in aging 

and low-density areas such as Japan. Local governments have 

introduced Community Bus (CB) and Demand-Responsive Bus (DRB) 

services, but methods for explaining the regional patterns associated 

with these two service types remain limited. This paper examines the 

interpretability of a multimodal late-fusion model that integrates tabular 

regional indicators and Geographic Information System (GIS)-based 

spatial images for municipality-level CB and DRB classification. The 

research used municipalities in Kyushu, Japan. A multimodal late-fusion 

architecture was adopted as a commonly used integration strategy for 

image and tabular data. Model interpretation was conducted using 

SHAP for the tabular branch and Grad-CAM for the image branch. 

Performance was summarized using Macro F1-score as the main metric. 

The late-fusion model achieved a mean Macro F1-score of 0.5978 and 

a mean accuracy of 0.6797 under the non-TTA setting. TTA was 

evaluated as an inference-time robustness strategy and showed slightly 

smaller fold-wise variability, although the non-TTA setting produced 

higher mean predictive scores. Therefore, the subsequent interpretation 

analysis was based on the non-TTA results. SHAP showed that single 

elder household density, lowest elevation, elder rate, highest elevation, 

and total population were among the most influential features. Class-

specific SHAP results also showed differences between correctly 

classified CB and DRB municipalities. Grad-CAM indicated that the 

model attended to meaningful internal spatial regions, although its 

interpretation was more qualitative than SHAP. These results show that 

multimodal late fusion can provide interpretable evidence for 

municipality-level CB and DRB classification and support more 

transparent regional transport analysis. 

Introduction 

Limited public transportation accessibility remains a serious problem in rural and suburban 

areas. The problem becomes more severe in regions with declining population, low density, 

and rapid aging, where fixed-route services are increasingly difficult to maintain efficiently 

over time. Japan is a clear example of this situation because many local governments face 
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long-term demographic decline while still being required to maintain basic mobility within 

financially constrained operating conditions. 

To respond to these problems, local governments in Japan have introduced alternative service 

types such as Community Bus (CB) and Demand-Responsive Bus (DRB). These services are 

intended to support local mobility where conventional fixed-route operations are no longer 

efficient or financially sustainable. Their implementation, however, does not follow a single 

universal pattern. Research on Japanese local transport planning has shown that the selection 

and operation of CB and DRB differ across municipalities in terms of objectives, planning 

logic, and evaluation criteria (Takeuchi & Yoshida, 2022; Takeuchi, Yoshida, & Inoi, 2023; 

Takeuchi, Yoshida, & Ozaki, 2023). This makes CB and DRB classification an important 

analytical issue at the municipality level. 

Although CB and DRB are both used to maintain local mobility, they differ in operational 

structure. CB generally follows relatively fixed routes, fixed stops, and scheduled operation, 

while DRB offers more flexible service adjusted to user requests, service zones, or low and 

fluctuating demand (D. Hasegawa & Suzuki, 2011; Takeuchi et al., 2019). As a result, DRB 

is often considered more suitable in areas where demand is dispersed and conventional route-

based services are inefficient, whereas CB is more feasible where demand is sufficiently 

concentrated to sustain route-based service provision (Vansteenwegen et al., 2022; Ise & 

Hino, 2023; Liyanage et al., 2024). 

Recent research on CB and DRB has approached this issue from several directions. Some 

research has focused on user needs, service acceptance, and mobility behavior, showing that 

service effectiveness depends on both individual conditions and regional context, and that no 

single service type can satisfy all mobility needs equally well (M. Hasegawa et al., 2021; 

Nakanishi & Matsumoto, 2024; Kato, 2025). Further research has also considered integration 

between CB and DRB, showing that DRB can function effectively as a complementary 

service in transfer-based local transport systems (Nakanishi & Matsumoto, 2025). These 

findings clarify the practical roles of CB and DRB, but they do not yet provide a sufficiently 

objective framework for identifying municipality-level patterns associated with each service 

type. 

Previous analytical work has also examined municipality-level transport conditions using 

structured regional indicators. This line of research has clarified important quantitative 

relationships between regional characteristics and transport service conditions (D. Hasegawa 

& Suzuki, 2011; Higashimoto et al., 2013; Hasegawa D. & Suzuki, 2019; Coutinho et al., 

2020; Rich et al., 2023; Wang et al., 2023; Kim et al., 2025). These approaches remain useful, 

but they rely mainly on tabular variables and do not fully capture spatial patterns visible in 

municipal maps. 

Recent progress in multimodal learning provides a way to address this gap. Research has 

shown that combining image and tabular data can improve representation quality when the 

two modalities capture complementary aspects of the same object, although the performance 

depends on appropriate interaction design and input representation (Atrey et al., 2010; 

Baltrušaitis et al., 2018; Velmurugan, 2023; Du et al., 2024; Blomqvist, 2025). 

Interpretability is essential in this context because predictive performance alone is not 

sufficient for transport analysis. SHAP explains the contribution of tabular variables to the 

model prediction (Lundberg & Lee, 2017). For image inputs, Grad-CAM highlights the spatial 

regions receiving the strongest model attention (Selvaraju et al., 2020). These methods have 

become increasingly relevant in transport and geospatial modeling, including explainable 

mode-choice analysis and GIS-based deep learning interpretation (Xing & Sieber, 2023; 

Dahmen et al., 2024; Tang et al., 2024; Deressu et al., 2025). 
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Based on this background, this paper examines a multimodal late-fusion model for 

municipality-level CB and DRB classification in Kyushu, Japan. Late fusion was selected 

because it is a commonly used multimodal integration strategy and provides a clear structure 

for branch-specific interpretation (Atrey et al., 2010; Baltrušaitis et al., 2018). The model 

integrates tabular indicators and GIS-based spatial images, then interprets the tabular branch 

with SHAP and the image branch with Grad-CAM. The objective is to identify the 

municipality-level variables and spatial image regions most strongly associated with CB and 

DRB classification. The working hypothesis is that late fusion captures complementary 

numerical and spatial information that can be interpreted to reveal meaningful municipality-

level patterns. 

Methods  

This paper focuses on municipalities in Kyushu, Japan, where local public transport provision 

has been shaped by population decline, aging, and differences in settlement structure. Kyushu 

was selected because it contains a broad range of municipality conditions, from relatively 

dense urban areas to sparsely populated rural areas, making it suitable for examining 

municipality-level patterns associated with CB and DRB classifications. Kyushu consisted of 

233 municipalities. However, only 106 municipalities were included in the labeled dataset 

used. A municipality was included only when its service condition could be assigned clearly 

to a single category, namely CB or DRB. Municipalities were excluded if they operated both 

service types or if they did not operate either service type. Based on this criterion, the final 

labeled dataset consisted of 41 CB municipalities and 65 DRB municipalities. The CB and 

DRB labels were collected from the official websites of the respective local governments in 

January 2026. In the classification model, CB was coded as 0, and DRB was coded as 1. Each 

municipality was represented by two input modalities: a set of tabular regional indicators and 

a GIS-based spatial image. The tabular data were compiled at the municipality level from 

official Japanese data sources and then organized into a unified dataset for multimodal 

analysis. All tabular features were collected in May 2026. The tabular variables used in this 

paper are summarized in Table 1. 

Table 1. Tabular features used in research 

Category Feature Raw Unit Unit used Conversion /Formula Year Source 

Demographic 

/ Household 

Total Elder People People Provided by source 2020 E-Stat 

Total 

Population 
People People Provided by source 2020 E-Stat 

Single Elder 

Household 

House-

hold 
Household Provided by source 2020 E-Stat 

Total 

Household 

House-

hold 
Household Provided by source 2020 E-Stat 

Elder Rate Ratio Ratio Provided by source 2020 E-Stat 

Single Elder 

Household 

Rate 

Ratio Ratio Provided by source 
2020 

 
E-Stat 

Mobility / 

Vehicle / 

Service 

Car 

Ownership 
Units Units Provided by source 2023 E-Stat 

Bus Share - Ratio 

Use bus

Commuters and
 students 
traveling 

𝑥100% 
2020 E-Stat 

Car Share - Ratio 

Use car

Commuters and
 students 
traveling 

𝑥100% 

2020 E-Stat 

Total Vehicle - Units 
Car + Small two-

wheeled vehicles + 
2023 E-Stat 
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Motorized bicycle + 

Two-wheeled vehicles 

+ Three-wheeled 

vehicles 

Total Bus 

Stop 
Bus stop Bus stop Provided by source 2022 MLIT 

Route Length m Km m/1000 2022 MLIT 

Density / 

Built 

Intensity 

Density 
People 

/Km2 

People 

/Km2 
Provided by source 2020 E-Stat 

Household 

Density 
- 

Household 

/Km2 

Household 

Habitable area
 2020 E-Stat 

Single Elder 

Household 

Density 

- 
Household 

/Km2 

Single Elder 
Household 

Habitable area
 

2020 E-Stat 

Elder Density - 
People 

/Km2 

Elder 

Habitable area
 2020 E-Stat 

Road Density m/Km2 m/Km2 Provided by source 2010 MLIT 

Topography 

Average 

Elevation 
m m Provided by source 2011 MLIT 

Highest 

Elevation 
m m Provided by source 2011 MLIT 

Lowest 

Elevation 
m m Provided by source 2011 MLIT 

Land / Area 

Structure 

Total Area Ha Km2 Ha/100 2023 E-Stat 

Habitable 

Area 
Ha Km2 Ha/100 2020 E-Stat 

Residence 

Area 
Ha Km2 Ha/100 2022 E-Stat 

Source: D. Hasegawa & Suzuki, 2011; Higashimoto et al., 2013; Hasegawa D. & 

Suzuki, 2019; Coutinho et al., 2020; Rich et al., 2023; H. Wang et al., 2023; E.-J. Kim et al., 

2025 

The spatial image data were generated from ArcGIS using municipality-level exports based 

on the navigation map setting. This map type was selected because its clear contrast improves 

readability and supports stable visual feature extraction in CNN-based models (Sibrel et al., 

2020; Wu et al., 2024). To ensure consistency, all images were exported using identical 

settings, including clip to feature index, 1:15,000 scale, 24-bit alpha, PNG format, uniform 

resolution, and 1850 mm × 1850 mm paper size. All images were first exported at 3200 × 

3200 px and then resized to 640 × 640 px before being input into the model. All images were 

exported in January 2026. This approach follows previous research showing that higher-

resolution export followed by resizing can be preferable to preparing images directly at the 

exact input size (T. He et al., 2019; Touvron et al., 2022). The example of the navigation map 

used as spatial image input is shown in Figure 1. 

 

Figure 1. Example of Navigation Map 

Model evaluation was conducted using stratified five-fold cross-validation. The 106 labeled 

municipalities were divided at the municipality level, with one fold used for validation and 

the remaining four folds used for training in each iteration. The fold assignment was stratified 

by class so that CB and DRB municipalities were distributed as evenly as possible across the 
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five folds. In addition, all images belonging to the same municipality were assigned to the 

same fold, ensuring that each municipality was evaluated once as unseen data and preventing 

leakage between training and validation subsets. The overall procedure for fold splitting and 

training-validation rotation is illustrated in Figure 2. 

 

Figure 2. K-fold cross-validation procedure 

Because the number of labeled municipalities was limited, image augmentation was applied 

to the training images to improve model robustness and reduce the risk of overfitting. The 

augmentation techniques included rotation at 90°, 180°, and 270°, together with horizontal 

and vertical flipping. Rotation was included because conventional CNNs are not inherently 

rotation-invariant, and augmentation has been widely used to improve robustness to 

orientation variation in image classification and aerial-image analysis (Perez & Wang, 2017; 

Ding et al., 2018; Quiroga et al., 2020; Han et al., 2021). Horizontal and vertical flipping were 

also applied as practical image-level augmentations to increase visual diversity and stabilize 

training (Perez & Wang, 2017). However, because geographic orientation may carry meaning 

in map-based data, these flipping operations were treated as robustness-oriented 

transformations at the image-pattern level rather than as geography-preserving 

transformations in a strict cartographic sense. Augmentation was applied only to the training 

images within each cross-validation fold. The validation images were kept unchanged during 

model training. The tabular data remained unchanged, and each augmented image retained 

the same municipality-level tabular vector and class label as the original municipality. 

Before model training, the tabular data underwent consistency checking and cleaning to 

ensure comparability across municipalities. Missing values were handled using median 

imputation, with the median calculated separately from the training subset in each fold and 

then applied to the corresponding validation subset to avoid data leakage. Unrealistic extreme 

values were checked against official sources. 

After cleaning, the tabular variables were standardized using the z-score transformation 

shown in Equation (1). 

𝑧 =
𝑥 − μ

𝜎
 

In this equation, 𝑧 denotes the standardized feature value, 𝑥 denotes the original value of the 

feature, μ denotes the mean of the feature calculated from the training subset, and 𝜎 denotes 

the standard deviation of the feature calculated from the training subset. The resulting mean 

and standard deviation from each training fold were then applied to the corresponding 

validation fold. For the image branch, all spatial images were normalized using the standard 
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ImageNet mean and standard deviation values of (0.485, 0.456, 0.406) and (0.229, 0.224, 

0.225), respectively. 

This research was designed as a municipality-level binary classification and interpretation 

analysis using a multimodal late-fusion model. This paper adopts a multimodal late-fusion 

model that integrates tabular indicators and GIS-based spatial images within a municipality-

level classification framework. The image branch used a pretrained ResNet18 backbone 

initialized with ImageNet weights (K. He et al., 2015). Its original fully connected layer was 

removed and replaced with an identity mapping so that the backbone produced a 512-

dimensional image feature vector. In this research, the ResNet18 backbone was fine-tuned 

rather than frozen because all backbone parameters remained trainable during model 

optimization. 

The tabular branch was implemented as a multilayer perceptron (MLP) with two hidden layers 

of 64 and 32 units, respectively. A ReLU activation function and a dropout rate of 0.2 

followed each hidden layer. Since the tabular input consisted of 23 municipality-level 

features, the MLP transformed the input into a 32-dimensional tabular representation. 

After feature extraction, the 512-dimensional image representation and the 32-dimensional 

tabular representation were concatenated, resulting in a 544-dimensional fused feature vector. 

This fused representation was then passed to a classifier head consisting of a fully connected 

layer from 544 to 128 units, followed by ReLU activation, dropout of 0.2, and a final fully 

connected output layer from 128 to 2 units for binary CB or DRB classification. The overall 

architecture is illustrated in Figure 3. 

 

Figure 3. Multimodal late fusion architecture 

A multimodal late-fusion architecture was adopted because it provides a clear and practical 

framework for integrating heterogeneous data types. Multimodal learning research has shown 

that fusion is a central challenge when different modalities capture complementary but 

structurally different information. This issue is especially relevant for image-tabular learning, 

where structured variables and image features differ fundamentally in representation and 

therefore require suitable interaction design (Baltrušaitis et al., 2018; Du et al., 2024). In this 

context, late fusion remains a widely used strategy because each modality can be processed 

in a separate branch before being combined, thereby preserving modality-specific feature 

learning while keeping the integration structure relatively simple (Joze et al., 2020). 

The model was trained as a binary classifier for CB and DRB municipalities. Training used 

cross-entropy loss, as defined in Equation (2) (Goodfellow et al., 2016). 

𝐿 = −
1

𝑁
∑ ∑ 𝑦𝑖𝑐 log(𝑝𝑖𝑐)

𝐶

𝑐=1

𝑁

𝑖=1

 

Tabular Input

23 Numeric 

Features

Spatial Image 

Input

ArcGIS output 

maps

2 Layer MLP

(23  4 32) 

(ReLU + Dropout)

Pretrained-

ResNet18

(512-dim vector)
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Head
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Output
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Where N is the number of samples, C is the number of classes, 𝑦𝑖𝑐 s the true label for sample 

i for class c, and 𝑝𝑖𝑐 represents the predicted probability for that class. 

Early stopping was applied to reduce overfitting and to retain the best-performing checkpoint 

within each fold. The main training settings are summarized in Table 2. 

Table 2. Training configuration of the multimodal late-fusion model 

Parameter Value 

Optimizer AdamW 

Learning rate 5×10-5 

Weight decay 1×10-4 

Batch size 8 

Maximum epochs 100 

Loss function Cross-entropy loss 

Early stopping Enabled 

Early stopping patience 10 

Minimum improvement (Δ) 1×10-4 

Source: Data Training, 2026 

Model performance was evaluated using accuracy, precision, recall, and Macro F1-score, with 

Macro F1-score used as the main metric because it gives equal importance to both classe 

(Sokolova & Lapalme, 2009; Powers, 2011). 

Accuracy, precision, recall, and F1-score were calculated using Equations (3)–(6), and Macro 

F1-score was obtained by averaging the class-wise F1-scores in Equation (7). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
 𝑅𝑒𝑐𝑎𝑙𝑙 ×  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

𝑀𝑎𝑐𝑟𝑜 𝐹1 =
1

𝐶
∑ 𝐹1𝑖

𝑐

𝑖=1

 

In these equations, TP, TN, FP, and FN denote true positives, true negatives, false positives, 

and false negatives, respectively, while C denotes the number of classes and F1i denotes the 

F1-score of class i. These metrics provide complementary views of classification 

performance, and Macro F1-score was used as the main metric because it gives equal weight 

to each class and is suitable for balanced class-wise evaluation (Van Rijsbergen, 1979; 

Sokolova & Lapalme, 2009; Powers, 2011). 

In addition to augmentation during training, Test-Time Augmentation (TTA) was applied 

during model evaluation. TTA was used to improve prediction robustness by generating 

multiple transformed versions of the same validation image and averaging the resulting 

predicted probabilities. The transformations used in TTA were the same as those used during 

image augmentation in training, namely rotation and horizontal and vertical flipping. TTA 

was applied only to the image modality, while the tabular input remained unchanged. 
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SHAP was used to quantify the contribution of each municipality-level variable to the model 

output in tabular branch (Lundberg & Lee, 2017). In this research, Kernel SHAP was applied 

using a fold-specific background dataset consisting of up to 10 tabular validation samples 

from the corresponding fold. SHAP values were then computed for each validation 

municipality individually. SHAP was examined at three levels: a global importance analysis 

across all validation samples, class-specific summaries for correctly classified CB and DRB 

municipalities, and directional summaries based on the signed SHAP values. The SHAP 

formulation is shown in Equation (8). 

ϕ𝑖 = ∑
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]

𝑆⊆𝐹∖{𝑖}

 

In this equation, F represents the entire set of input features, S represents the subset of features 

that exclude feature i, and f(⋅) represents the model output function. This formulation 

expresses the average marginal contribution of feature i across all possible feature subsets. 

The per-sample SHAP values were first obtained separately in each fold and then 

concatenated across all validation folds. Global and class-specific summaries were 

subsequently derived by averaging the absolute SHAP values, while the directional 

summaries were obtained from the aggregated signed SHAP values. 

For the image branch, Grad-CAM was used to visualize the internal spatial regions receiving 

the strongest model attention (Selvaraju et al., 2020). Grad-CAM was applied using the 

second convolutional layer of the last residual block in ResNet18 layer4 as the target layer. 

Heatmaps were generated for validation samples in each fold using the corresponding best-

performing checkpoint. In this paper, five representative CB heatmaps and five representative 

DRB heatmaps were selected across folds from correctly classified validation cases with 

prediction probabilities above 0.7. The Grad-CAM weighting formulation is shown in 

Equation (9). 

α𝑘
𝑐 =

1

𝑍
∑ ∑

∂𝑦𝑐

∂𝐴𝑖𝑗
𝑘

𝑗𝑖

 

Here, yc denotes the output score for class c, and Z denotes the total number of spatial 

locations in the feature map.  

The resulting class activation map is defined in Equation (10). 

𝐿Grad-CAM
𝑐 = ReLU(∑ α𝑘

𝑐 𝐴𝑘

𝑘

) 

Unlike the SHAP results, the Grad-CAM heatmaps were not aggregated numerically across 

folds. Instead, they were used as qualitative interpretive outputs, and representative examples 

were selected to illustrate the spatial attention patterns of the late-fusion model. The SHAP 

and Grad-CAM analyses were therefore used as interpretive tools rather than causal evidence. 

Their role in this paper was to identify which tabular indicators and spatial image regions 

were most strongly associated with the late-fusion model’s CB and DRB predictions. 

Results and Discussion 

Model performance was first examined at the fold level to show the validation distribution 

and score variation across the five-fold cross-validation procedure. Because the reviewer 

requested clearer reporting of fold composition and stability, both the class distribution and 

the fold-wise results are presented explicitly. The validation distribution and fold-wise 

performance with and without TTA are presented in Table 3. 
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Table 3. Performance of the multimodal late-fusion model 

Fold 
CB in 

validation 

DRB in 

validation 

Accuracy 

(No TTA) 

Macro F1 

(No TTA) 

Accuracy 

(TTA) 

Macro F1 

(TTA) 

1 9 13 0.6364 0.4824 0.6364 0.4824 

2 8 13 0.5714 0.3636 0.5714 0.3636 

3 8 13 0.6667 0.637 0.6667 0.637 

4 8 13 0.6667 0.6541 0.6667 0.6541 

5 8 13 0.8571 0.8518 0.8095 0.7981 

Source: Data Analysis, 2026 

As shown in Table 3, the validation distribution remained relatively balanced across folds, 

with 8–9 CB municipalities and 13 DRB municipalities in each validation subset. This is 

consistent with the stratified five-fold cross-validation design. The same table also shows that 

the fold-wise results with and without TTA were identical in Folds 1–4, while a difference 

appeared only in Fold 5. In the non-TTA setting, the highest Macro F1-score was observed in 

Fold 5 (0.8518) and the lowest in Fold 2 (0.3636). In the TTA setting, the highest Macro F1-

score was also observed in Fold 5, but it decreased slightly to 0.7981. These results indicate 

that fold-to-fold variation remained substantial, which is reasonable given the limited 

municipality sample and the heterogeneity of regional conditions represented in the dataset. 

To evaluate the effect of TTA, the mean and standard deviation of the main metrics were 

compared between the non-TTA and TTA settings. Since this paper uses Macro F1-score as 

the primary metric, the comparison was intended to determine whether TTA improved class-

balanced performance rather than accuracy alone. The mean performance comparison of the 

multimodal late-fusion model with and without TTA is presented in Table 4. 

Table 4. Mean performance comparison of the multimodal late-fusion model with and 

without TTA 

Metric No TTA Mean ± SD TTA Mean ± SD 

Accuracy 0.6797 ± 0.1066 0.6701 ± 0.0871 

Precision for CB 0.5810 ± 0.3717 0.5754 ± 0.3682 

Recall for CB 0.4222 ± 0.3631 0.3972 ± 0.3266 

F1 for CB 0.4290 ± 0.3273 0.4143 ± 0.3061 

Precision for DRB 0.7200 ± 0.1267 0.7059 ± 0.1006 

Recall for DRB 0.8462 ± 0.1216 0.8462 ± 0.1216 

F1 for DRB 0.7665 ± 0.0657 0.7598 ± 0.0512 

Macro F1 0.5978 ± 0.1853 0.5870 ± 0.1676 

Source: Data Analysis, 2026 

As shown in Table 4, the multimodal late-fusion model achieved a mean Macro F1-score of 

0.5978 ± 0.1853 without TTA and 0.5870 ± 0.1676 with TTA. Since TTA was evaluated as 

an inference-time robustness strategy, these results indicate a trade-off between mean 

predictive score and fold-wise stability. The non-TTA setting produced slightly higher mean 

Macro F1-score and accuracy, whereas the TTA setting produced slightly smaller standard 

deviations for both metrics. A similar pattern appears in the mean accuracy, which was 0.6797 

± 0.1066 without TTA and 0.6701 ± 0.0871 with TTA. At the class level, the effect of TTA 

was also limited. The mean CB F1-score changed from 0.4290 ± 0.3273 without TTA to 

0.4143 ± 0.3061 with TTA, while the mean DRB F1-score changed from 0.7665 ± 0.0657 to 

0.7598 ± 0.0512. These results suggest that TTA provided slightly more stable fold-wise 

results, but the non-TTA setting retained higher average predictive scores under the evaluation 

setting used in this paper. 
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To make the prediction outcome more explicit, the confusion matrix was also summarized for 

both evaluation settings. This comparison helps show how TTA changed the number of 

correct and incorrect classifications in each class rather than only the aggregate metrics. The 

confusion matrix summary of the multimodal late-fusion model with and without TTA is 

presented in Table 5. 

Table 5. Confusion matrix summary of the multimodal late-fusion model with and without 

TTA 

Setting TN (CB-CB) FP (CB-DRB) FN (DRB-CB) TP (DRB-DRB) 

No TTA 17 24 10 55 

TTA 16 25 10 55 

Source: Data Analysis, 2026 

As shown in Table 5, the non-TTA setting produced 17 true negatives, 24 false positives, 10 

false negatives, and 55 true positives, whereas the TTA setting produced 16 true negatives, 

25 false positives, 10 false negatives, and 55 true positives. This means that TTA changed 

only a small portion of the prediction outcomes. The number of correctly classified DRB 

municipalities remained unchanged, while one correctly classified CB municipality under the 

non-TTA setting was classified as DRB under the TTA setting. This limited difference 

suggests that the model predictions were relatively stable under test-time transformations, 

although the averaged TTA outputs did not increase the number of correct predictions. Taken 

together, the results in Tables 3–5 show that TTA produced slightly lower mean predictive 

scores but slightly smaller fold-wise variability. Therefore, the subsequent interpretation 

results reported in this paper are based on the non-TTA setting, since it produced the higher 

mean Macro F1-score and accuracy. 

Although the fold-wise results varied, the late-fusion model provided a sufficient basis for 

branch-specific interpretation using SHAP and Grad-CAM. The absolute SHAP values 

reported in this paper are numerically small because they reflect contribution magnitudes on 

the model output scale after standardized tabular preprocessing. For this reason, the SHAP 

analysis focuses on the relative ranking and directional tendency of the variables rather than 

on their absolute magnitude alone. SHAP values were first computed for each validation 

sample within each fold and were then concatenated across the five validation folds. Based 

on these combined results, global and class-specific summaries were subsequently derived. 

The SHAP results are presented in Tables 6, 7, and 8. Table 6 summarizes the global SHAP 

importance across all validation samples, while Tables 7 and 8 present the class-specific 

SHAP importance for correctly classified CB and DRB municipalities, respectively. 

Table 6. Top 10 global SHAP feature importance 

Rank Feature Mean absolute SHAP value 

1 Single Elder Household Density 0.000426 

2 Lowest Elevation 0.000331 

3 Elder Rate 0.000262 

4 Highest Elevation 0.000261 

5 Total Population 0.000241 

6 Elder Density 0.000212 

7 Residence Area 0.000203 

8 Average Elevation 0.000167 

9 Single Elder Household 0.000161 

10 Route Length 0.00016 

Source: Data Analysis, 2026 
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Table 7. Top 10 SHAP feature importance for correctly classified CB municipalities 

Rank Feature Mean absolute SHAP value 

1 Single Elder Household Density 0.000736 

2 Total Population 0.000332 

3 Residence Area 0.000323 

4 Elder Density 0.00032 

5 Elder Rate 0.000308 

6 Highest Elevation 0.000295 

7 Car Share 0.000263 

8 Density 0.000245 

9 Total Elder 0.000164 

10 Single Elder Household 0.000161 

Source: Data Analysis, 2026 

Table 8. Top 10 SHAP feature importance for correctly classified DRB municipalities 

Rank Feature Mean absolute SHAP value 

1 Single Elder Household Density 0.000382 

2 Lowest Elevation 0.000376 

3 Elder Density 0.000221 

4 Elder Rate 0.000209 

5 Highest Elevation 0.000201 

6 Residence Area 0.000182 

7 Total Household 0.000153 

8 Habitable Area 0.000151 

9 Car Ownership 0.000141 

10 Average Elevation 0.000135 

Source: Data Analysis, 2026 

At the global level, the most influential feature was single elder household density, lowest 

elevation, elder rate, highest elevation, and total population, as shown in Table 6. Other 

important variables included elder density, residence area, average elevation, single elder 

household, and route length. These results show that the late-fusion model relied on a 

combination of household structure, demographic aging, population scale, transport-related 

conditions, and topographic characteristics. The global ranking therefore suggests that the 

model did not depend on one narrow type of variable. It drew information from several 

municipality-level dimensions at the same time. 

The class-specific SHAP results show a more differentiated pattern. For correctly classified 

CB municipalities, the most important variables were single elder household density, total 

population, residence area, elder density, and elder rate, as reported in Table 7. This ranking 

places stronger emphasis on settlement concentration, population size, and residential 

structure. In contrast, correctly classified DRB municipalities were characterized more 

strongly by single elder household density, lowest elevation, elder density, elder rate, and 

highest elevation, as shown in Table 8. In this class, topographic variables appeared more 

prominently near the top of the ranking. 

An important pattern is that elderly-related variables remained influential across all three 

SHAP summaries, including the global results as well as the correctly classified CB and DRB 
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subsets. Variables such as single elder household density, elder density, elder rate, and single 

elder household repeatedly appeared among the most important features. This suggests that 

the model gave substantial weight to elderly-related municipality characteristics when 

distinguishing between CB and DRB. Such a pattern is consistent with the broader Japanese 

context, where local transport planning is closely linked to population decline and population 

aging, especially in municipalities with a high proportion of older residents.  

The SHAP direction results provide an additional layer of interpretation. The SHAP direction 

results are presented in Tables 9, 10, and 11. Table 9 summarizes the global SHAP direction 

across all validation samples, while Tables 10 and 11 present the class-specific SHAP 

direction for correctly classified CB and DRB municipalities, respectively. 

Table 9. Top 10 global SHAP direction summary 

Rank Feature Mean signed SHAP value Direction 

1 
Single Elder Household 

Density 
-0.000108 Toward CB 

2 Residence Area -0.000081 Toward CB 

3 Single Elder Household -0.000056 Toward CB 

4 Elder Density 0.000052 Toward DRB 

5 Elder Rate -0.000046 Toward CB 

6 Car Ownership -0.000045 Toward CB 

7 Total Household -0.000041 Toward CB 

8 Lowest Elevation -0.000041 Toward CB 

9 Household Density 0.000035 Toward DRB 

10 Habitable Area -0.000035 Toward CB 

Source: Data Analysis, 2026 

Table 10. Class-specific SHAP direction summary for correctly classified CB 

Rank Feature Mean signed SHAP value Direction 

1 
Single Elder Household 

Density 
0.000442 Toward DRB 

2 Elder Density -0.000359 Toward CB 

3 Highest Elevation 0.000171 Toward DRB 

4 Elder Rate -0.000132 Toward CB 

5 Habitable Area -0.000128 Toward CB 

6 Route Length -0.000105 Toward CB 

7 Total Area -0.000101 Toward CB 

8 Total Population -0.000074 Toward CB 

9 Total Elder 0.000073 Toward DRB 

10 Car Ownership -0.000063 Toward CB 

Source: Data Analysis, 2026 

Table 11. Class-specific SHAP direction summary for correctly classified DRB 

Rank Feature Mean signed SHAP value Direction 

1 
Single Elder Household 

Density 
-0.000299 Toward CB 

2 Elder Density 0.000195 Toward DRB 

3 Car Share 0.000102 Toward DRB 

4 Lowest Elevation -0.000083 Toward CB 

5 Single Elder Household Rate -0.000053 Toward CB 
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6 Total Vehicle 0.000049 Toward DRB 

7 Total Elder -0.000048 Toward CB 

8 Route Length -0.000038 Toward CB 

9 Single Elder Household -0.000037 Toward CB 

10 Residence Area 0.000037 Toward DRB 

Source: Data Analysis, 2026 

The global direction summary, shown in Table 9, indicates that single elder household 

density, residence area, single elder household, elder rate, car ownership, total household, 

lowest elevation, and habitable area tended to contribute toward CB, whereas only two of 

them, which are elder density and household density, tended to contribute toward DRB. This 

directional pattern suggests that the model more often associated CB with household-related 

residential structure, land-area conditions, and several municipality-scale demographic 

features, while the direction toward DRB was more limited and was mainly linked to density-

related indicators. 

The class-specific direction summaries in Table 10 and Table 11 also reveal that the role of a 

variable was not always identical across CB and DRB subsets. For correctly classified CB 

municipalities, elder density, elder rate, habitable area, route length, total area, total 

population, and car ownership showed contributions toward CB, while single elder household 

density, highest elevation, and total elder showed direction toward DRB. For correctly 

classified DRB municipalities, elder density, car share, total vehicle, and residence area 

showed direction toward DRB, whereas single elder household density, lowest elevation, 

single elder household rate, total elder, route length, and single elder household showed 

direction toward CB. This pattern indicates that feature direction was context-dependent 

across the two subsets. A variable could remain influential in both classes, while its signed 

contribution shifted depending on whether the municipality was correctly classified as CB or 

DRB. 

The SHAP results show that the late-fusion model relied on a combination of Demographic 

or Household, Density or Built Intensity, Mobility, Topography, and Land or Area Structure. 

Among these, single elder household density was the most consistent feature because it ranked 

first in the global results and also remained the top feature in both the correctly classified CB 

and correctly classified DRB subsets. In addition, several elderly-related variables, including 

elder density, elder rate, and single elder household, repeatedly appeared among the 

influential features. This pattern suggests that elderly-related municipality characteristics 

formed an important part of the numerical signals used by the model. At the same time, the 

direction summaries show that high importance did not always imply a fixed directional role. 

Some variables remained influential across multiple summaries, but their signed contributions 

differed between the global, correctly classified CB, and correctly classified DRB results. 

This indicates that the model did not interpret the two classes through the same numerical 

profile, even when some of the same variables remained prominent in the ranking. To support 

qualitative interpretation of the image branch, representative Grad-CAM heatmaps were 

selected from correctly classified validation cases. The selected examples included five CB 

municipalities and five DRB municipalities, all with prediction probabilities above 0.7, so 

that the interpretation focused on relatively confident model outputs. The metadata of the 

selected Grad-CAM examples are presented in Table 12. 

Table 12. Metadata of representative Grad-CAM examples 

Figure panel Municipality True class 
Predicted 

class 

Prediction 

probability 

Figure 4(a) Onojo City CB CB 0.783931851 
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Figure 4(b) 
Mizumaki 

Town 
CB CB 0.921696246 

Figure 4(c) Oto Town CB CB 0.946386039 

Figure 4(d) Keisen Town CB CB 0.922601938 

Figure 4(e) Dazaifu City CB CB 0.920987189 

Figure 5(a) Karatsu City DRB DRB 0.999134719 

Figure 5(b) 
Chikuzen 

Town 
DRB DRB 0.972562253 

Figure 5(c) Kikai Town DRB DRB 0.954691529 

Figure 5(d) 
Shinkamigoto 

Town 
DRB DRB 0.866027951 

Figure 5(e) Taragi Town DRB DRB 0.830055714 

Source: Data Analysis, 2026 

The Grad-CAM results are presented in Figures 4 and 5, which show representative heatmaps 

for correctly classified CB and DRB municipalities, respectively. 

 

Figure 4. Representative heatmap of the CB class 

 

Figure 5. Representative heatmap of the DRB class 

The heatmaps show that the image branch consistently attended to internal spatial regions of 

the municipality rather than to irrelevant background areas. In both CB and DRB examples, 

the highlighted regions generally overlapped with visually meaningful spatial structures, 

including built-up areas, settlement clusters, and road-related patterns visible in the GIS-based 

images. This indicates that the image branch was not responding randomly. It captured spatial 

configurations that were relevant to the classification process. 

At the same time, the Grad-CAM results were more difficult to interpret directly than the 

SHAP results. SHAP provides explicit feature-level contributions for the tabular branch, 

whereas Grad-CAM only shows where the model attention is concentrated in the image 

branch. For that reason, the Grad-CAM results in this paper are treated as qualitative 

supporting evidence rather than as direct feature-level explanation. This limitation is 

important because the apparent spread of activation can also be influenced by differences in 

municipality size, shape, and internal geometry. For this reason, the Grad-CAM analysis was 

interpreted cautiously. 

Conclusion  
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This paper examined the interpretability of a multimodal late-fusion model for municipality-

level classification of CB and DRB in Kyushu, Japan. The model integrated tabular regional 

indicators and GIS-based spatial images, and its behavior was interpreted through SHAP for 

the tabular branch and Grad-CAM for the image branch. Using Macro F1-score as the main 

metric, the model achieved moderate classification performance and provided a workable 

basis for interpretation. 

The SHAP results showed that the model relied on a combination of Demographic or 

Household, Density or Built Intensity, Mobility, Topography, and Land or Area Structure. 

Single Elder Household Density appeared as the most consistent feature across the global 

ranking as well as the correctly classified CB and DRB subsets. Several other elderly-related 

variables, including elder density, elder rate, and single elder household, also appeared 

repeatedly among the influential features, indicating that elderly-related municipality 

characteristics were important in the model’s numerical interpretation. At the same time, the 

direction summaries showed that influential variables did not always have the same signed 

role across the global, CB, and DRB results. This suggests that the model relied on 

overlapping but not identical numerical profiles for the two classes. The Grad-CAM results 

supported this interpretation by showing that the image branch attended to meaningful internal 

spatial regions in the GIS-based municipality images. At the same time, the Grad-CAM results 

were less direct than the SHAP results and were therefore interpreted as qualitative supporting 

evidence rather than explicit feature-level explanation. 

Taken together, these findings show that a multimodal late-fusion model can provide 

interpretable evidence for municipality-level CB and DRB classification. The tabular branch 

offered clearer explanation through feature importance and direction, while the image branch 

contributed complementary visual evidence through spatial attention patterns. This 

combination makes the model useful for regional transport analysis where both structured 

municipality indicators and map-based spatial information matter. 

Future research should expand the municipality sample, test the same interpretation 

framework in other regions, and examine whether other multimodal architectures or other 

modality produce more stable or more easily interpretable results. It would be useful to 

compare the model explanations with expert judgment from local transport planners so that 

the analytical results can be assessed against real planning practice. Future research should 

also compare the interpreted late-fusion model with tabular-only and image-only baselines to 

evaluate the relative contribution of each modality. 
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  L = −  1  N   ∑  i = 1  N    ∑  c = 1  C    y  i c  log ⁡  (   p  i c )


    y  i c


    p  i c


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  P r e c i s i o n =   T P  T P + F P


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  R e c a l l =   T P  T P + F N


  F 1 − s c o r e = 2   ×     R e c a l l   ×   P r e c i s i o n  R e c a l l + P r e c i s i o n


  F 1 − s c o r e = 2   ×     R e c a l l   ×   P r e c i s i o n  R e c a l l + P r e c i s i o n


  M a c r o   F 1 =  1  C   ∑  i = 1  c    F 1  i


  M a c r o   F 1 =  1  C   ∑  i = 1  c    F 1  i


   ϕ  i =   ∑  S ⊆ F ∖ { i }     | S | !  (  | F | −  | S | − 1 ) !   | F | !  [ f  ( S ∪ { i } ) − f  ( S ) ]


   α  k  c =  1  Z   ∑  i    ∑  j    ∂   y  c  ∂   A  i j  k


    L  Grad-CAM  c = ReLU  (   ∑  k   α  k  c   A  k )

