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Abstract

The physical environment of a neighborhood, such as its road networks and land-use distri-
bution, appears to be closely related to its ambient population density, but this relationship
is difficult to measure quantitatively. A previous study based on Japanese neighborhoods
addressed this challenge by developing an XGBoost baseline model to estimate Average
Hourly Ambient Population Density (AHAPD) at a neighborhood scale using 16 physical
environment-related features, achieving 75.9% accuracy. This study evaluates that baseline
model by comparing it with human evaluators and multimodal Al models in a spatial rea-
soning task based on AHAPD estimation. A questionnaire-based benchmark with 29 sets
of questions was developed to compare the three evaluator types across accuracy, reason-
ing, and confidence. The online questionnaire was distributed from 8 June—22 September
2025. In total, 100 responses were analyzed, comprising 94 human evaluators, 5 free-tier
versions of multimodal Al models, and 1 output from the baseline model. The baseline
model scored 16 points, compared with a mean of 15.1 points for the human evaluators
and 14.2 points for the tested Al models. Its performance was also comparable to human
evaluators with domain expertise and contextual familiarity, who averaged 16.0 points.
The comparison further revealed differences in feature importance, confidence patterns,
and characteristic errors among the evaluator types. Selected discrepancy cases highlighted
possible strengths and weaknesses of each approach. The main contribution of this study is
a questionnaire-based diagnostic benchmark for comparing evaluator types with different
characteristics in spatial reasoning tasks.

Keywords: neighborhood planning; machine learning; comparative study; ambient
population density; GIS; Al

1. Introduction

The physical environment of a neighborhood, such as its road network, land-use
distribution, and building footprint, appears to be closely related to how populations
are distributed and move within urban areas. This relationship can be reflected through
ambient population density [1], which, unlike residential population density, also accounts
for population movement and the presence of people throughout the day. Many studies
have described this relationship in different ways and linked various physical environment
characteristics to population distribution and urban activities. For example, LandScan [1]
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uses features such as landcover, commercial centers, and transportation infrastructure
as key predictors of ambient population distribution. Cevero & Kockelman [2] linked
density, diversity, and design to travel demand, identifying features such as retail intensity
and walking accessibility as important factors. Jacobs [3,4] highlighted that density, short
blocks, history, and commercial activity contributed to vibrant urban life, which can also be
related to higher levels of ambient population activity. Krugman [5,6] emphasized cluster
economies, where the concentration of particular land uses can reduce transportation
costs and attract similar or complementary activities to occur in the same area. Together,
these studies highlight how different physical characteristics of an urban environment,
although described using different concepts and terminologies, can contribute to the
ambient population density of a neighborhood.

However, quantitatively measuring this relationship is challenging, as the physical
environment consists of many interrelated features, and an accurate representation of ambi-
ent population density is difficult to obtain. In a previous study by Rojradtanasiri et al. [7],
an alternative method for estimating ambient population density at the neighborhood
scale was explored. The study captured physical environment features within an 800 m
radius of train stations across Japan using Geographic Information System (GIS) [8] and
the OpenStreetMap (OSM) database [9]. Basic statistical data for the municipalities in
which these neighborhoods are located were also collected as supplementary information.
These inputs were then paired with average hourly Mobile Spatial Statistics (MSS) [10] data
available in Japan [11], which were used as a proxy of ambient population density. Together,
these data were used to create individual neighborhood profiles. In total, 900 neighborhood
profiles from across Japan were compiled to form the dataset used for training Machine
Learning (ML) models [12]. The objective was to classify neighborhoods into categories
based on their Average Hourly Ambient Population Density (AHAPD). Although the study
was conducted using only Japanese neighborhood data, the methodology relied on free
and widely available tools, allowing a similar approach to be replicated in other countries.

The result was a trained XGBoost model [13], referred to in this study as the baseline
model. The model used 16 input features. Of these, 13 were physical environment features
collected directly from OSM, a globally available open-source dataset. The remaining 3 were
basic statistical features collected from e-Stat [14], Japan’s official government statistics
portal. The model successfully classified neighborhoods into three AHAPD classes with an
accuracy of 75% (F1 score [15]: 75.9%). Feature importance was analyzed using SHapley
Additive exPlanations (SHAP) [16] and Partial Dependence Plots (PDPs) [17]. Although
the dataset was relatively small compared with those used to train state-of-the-art Al
models [18,19], the task-specific model demonstrated promising capability. The results also
provided measurable evidence of the relationship between the physical environment and
AHAPD, supporting the feasibility of the proposed approach as a proof of concept.

Findings from the study include the top three most influential input features for neigh-
borhoods with high AHAPD were LandUseDiversity, BasedDensity, and RoadCount [7].
The study also identified threshold values at which the relationship between specific fea-
tures and ambient population density changed from positive to negative, pointing to new
areas for investigation. The overall, by-class and predictive-instance feature importance
scores provide insights into how models make each decision, or the reasoning. Addi-
tionally, the model’s confidence scores for each predictive instance reveal insights about
the model’s confidence level and correctness of the prediction, which are also valuable.
These metrics (accuracy, reasoning, and confidence) form the foundation for evaluating
model performance.

While an F1 score of 75.9% appears relatively high, it is difficult to assess whether
this level of performance is satisfactory without comparison with other evaluator types.
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Two-way comparisons between ML models and humans are commonly used to evaluate
the real-world capability of ML models in specific tasks. In recent years, the capabilities of
multimodal AI models [20], hereafter referred to as Al models, have improved significantly,
and these models can perform some tasks at a level comparable to humans. Therefore, a
three-way comparison among the task-specific baseline ML model, humans, and Al models
can provide a more comprehensive evaluation.

Each evaluator type approaches the task of spatial reasoning differently. The baseline
model relies on tabular numerical information. Humans rely on visual interpretation,
intuition, and personal experience. Al models combine visual and textual information
with knowledge acquired from large-scale training data. These differences may introduce
different forms of bias. Humans and Al models may be influenced more strongly by visual
features, while the baseline model may be influenced by patterns or biases present in the
numerical training data. Comparing these different modes of evaluation can therefore help
identify not only similarities in performance, but also differences in reasoning, confidence,
strengths, and weaknesses. This allows for a more diagnostic understanding of how each
evaluator type approaches spatial reasoning.

Multiple studies across various domains have compared the performance of trained
ML models with humans or other models on the same tasks. The tasks that typically get
compared generally fall into two categories: (1) tasks that can be evaluated using existing
standardized tests as a benchmark and (2) specialized tasks without a standardized test.
Examples of the standardized benchmarks include AIME [21], which contains competition
mathematics problems, and Humanity’s Last Exam (HLE) [22], which contains more than
2500 challenging questions from over a hundred subjects. Other examples include Physics
Olympiad problems [23], the IEEExtreme coding challenge [24], and the Bar Exam [25].
Together, these benchmarks provide common, comparable metrics for comparing model
capability with recorded human performance. Because Al models are versatile, they can
often be adapted to existing benchmarks. Therefore, using standardized benchmarks is
generally preferable.

For specialized tasks without a standardized test, customized evaluation methods are
often required. For example, Salinas et al. [26] reviewed 53 studies comparing Al systems
with clinicians in skin cancer classification. The included studies used different benchmark
datasets and experimental settings. Shehu et al. [27] compared human judgment with ML
classifiers for recognizing emotion from facial expressions under different face covering
conditions. Kandul et al. [28] compared the predictability of human and Al behavior in
computerized navigation tasks. Yan et al. [29] compared GPT-4 with human translators
across languages, domains, and expertise levels. These studies show that researchers may
need to construct task-specific datasets, procedures, or evaluation frameworks when no
established benchmark fits the task.

In our case, the baseline ML model was trained for a specific task of estimating
AHAPD, which has no standardized test (category 2); therefore, a novel customized bench-
mark is needed. The key to designing a new benchmark is fairness [30], ensuring that none
of the evaluator types has an unfair advantage. For instance, the same set of information,
such as the 16 features that the baseline model uses as its main basis for prediction, is also
given to human evaluators and Al models. However, in this study it is very challenging
to replicate the test at exactly 1:1, because each evaluator type has different strengths and
weaknesses. For example, the baseline model has been trained on the AHAPD data and can
interpret numbers well, but cannot process images. Humans have visual and experience ad-
vantages but may have limited capability in finding patterns within raw numerical values.
Multimodal Al models, on the other hand, have the advantage of being trained on large
scale dataset, can interpret text, numbers, and images very well, but face rate limits [31],
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have limited context windows [32] and memory [33], and sometimes hallucinate [34]. These
strengths and weaknesses must be considered when designing the benchmark.

Another important factor to consider is balancing the complexity and accessibility of
the benchmark. A complex benchmark that requires time, effort, and specialized expertise
may limit participation to a small group of specialists. For example, skin cancer detection
generally requires evaluation by clinicians with relevant expertise. In contrast, a simpler,
shorter benchmark is more suitable for the general public and can involve a larger number
of participants. A more general task like emotion recognition can be evaluated by a larger
pool of participants (e.g., 82 participants in Shehu et al. [27]). Estimating AHAPD lies closer
to a general task than a complex one.

Although there is no official training for this specific task, there are human specialists
conducting studies on similar spatial reasoning tasks. For example, Sarmadi et al. [35]
compared the performance of convolutional neural networks (CNNs) [36] with 102 human
experts in estimating poverty from aerial images. While the CNN outperformed the experts,
the score and features identified by the experts were used for training the model. Ahn
et al. [37] used a human-machine collaborative approach to estimate regional economic
development from satellite imagery, in which human annotators were asked to label clusters
of images for training supervised deep learning models. Panczak et al. [38] conducted a
literature review of temporal population estimation methods and identified 96 relevant
studies. These studies suggest that this is an active area of research and that human
judgment is often relied upon for spatial reasoning. Similarly, professionals in architecture,
urban design, and real estate development may have an intuitive edge in this type of
visual-spatial recognition, as they are more familiar with maps, aerial images, and urban
elements. Therefore, to identify where the baseline model stands relative to other groups, it
is meaningful to compare people with and without such domain expertise, highlighting
the need for the benchmark to be accessible to a diverse group.

Another advantage of applying Al models like ChatGPT [39] to existing tests is that
they can be used to help evaluate test difficulty. For example, Suresh and Rawat [40],
used ChatGPT to assess the difficulty of SAT exams [41] and re-evaluate past human
performance. Similarly, the uncalibrated predicted class probabilities of the pre-trained
baseline model can be used as a proxy for model confidence. These confidence scores
can then be used as an operational indicator of question difficulty within the benchmark,
helping to compare the strengths and weaknesses of each evaluator type.

In conclusion, this study addresses a research gap in which the previously trained
baseline model had not been compared with other evaluator types performing the same
spatial reasoning task. To address this gap, a novel questionnaire-based benchmark was
developed to compare the baseline model with human evaluators, and multimodal Al
models. The novelty of this research lies in using the benchmark as a diagnostic tool rather
than focusing only on predictive accuracy. By incorporating reasoning and confidence, the
framework enables deeper investigation of discrepancy cases in which different evaluator
types approached the same task differently. This allows their distinct behavioral patterns,
strengths, and weaknesses to be identified and analyzed.

The study had two main objectives: (1) to evaluate the performance of the previously
trained baseline model by comparing it with human evaluators and multimodal AI models
using a questionnaire-based benchmark and (2) to identify similarities and differences in
their performance, reasoning, confidence, strengths, and weaknesses in estimating AHAPD.
Through this comparison, the study aims to provide a more diagnostic understanding of
the baseline model and identify areas for its future improvement.
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2. Methodology

To address this challenge, we developed a questionnaire-based benchmark using
Google Forms [42]. The questionnaire was designed to evaluate three aspects: accuracy,
reasoning, and confidence. The benchmark was intended primarily as a diagnostic tool to
better understand the behavior of the baseline model rather than as a strictly controlled
comparison of accuracy. Therefore, the questionnaire cases were selected based on known
patterns in the baseline model’s predictions on the testing dataset, including differences in
correctness and confidence.

Simple questionnaire tools were used so that the same evaluation framework could
be applied across evaluator types with different capabilities. The baseline model relied
only on the numerical feature values, while human evaluators and multimodal Al models
received both aerial images and numerical feature information to better suit their respective
modes of reasoning.

A three-way comparison among the baseline model, human evaluators, and multi-
modal Al models is challenging because each evaluator type has different strengths and
weaknesses. Comparing classification accuracy is relatively straightforward because all
evaluator types produce the same class output through multiple-choice questions. How-
ever, comparing reasoning and confidence is more difficult because these outputs are
expressed in different forms. For the baseline model, feature importance was used as a
proxy for reasoning, while uncalibrated predicted class probabilities were used as a proxy
for confidence. For humans evaluators and Al models’, reasoning was evaluated using
feature-selection questions, while confidence was measured using self-rating questions.
Because these outputs differ in form and scale, they were converted into comparable,
although not identical, metrics before analysis. The implications of these different input
conditions and measurement approaches are discussed further in the Section 4.4.

Early versions of the questionnaire were tested with peers and colleagues from the
same university cohort to collect feedback. Multiple iterations were developed and tested to
balance the amount of insight collected with the simplicity and accessibility of the question-
naire before external distribution. The final questionnaire consisted of four main sections:
Basic Information, Training, Main Questionnaire, and Post Questionnaire. The Training
and Main Questionnaire sections together contained 29 sets of questions selected based on
known baseline model behavior. The response period continued until 100 responses were
received. All responses were then analyzed and discussed before drawing conclusions.
An overview of this process is shown in Figure 1, with further details provided in the
following sections.

In this paper, generative Al (ChatGPT-5) was used as a brainstorming assistant to
improve the clarity of ideas after the authors had outlined the research scope and drafted
the manuscript. After the initial results were received, Al was also used as a coding
assistant for data analysis. Five generative Als (GPT-40, GPT-5, Gemini 2.5 Flash, Claude
Sonnet 4, and Grok-3) were included as an evaluator type for performance comparison
between humans, Al and ML, which is the main focus of the study. Finally, ChatGPT-5 was
used as a language improvement assistant at the end of the study, under the authors’ close
supervision at every step.

2.1. Questionnaire-Based Diagnostic Benchmark Design

To evaluate accuracy, confidence, and reasoning, we used common questionnaire
tools. Classification accuracy was assessed with multiple-choice questions. Reasoning was
evaluated by asking evaluators to select 5 of 16 given features they believed most influenced
their decision. Confidence was measured by having evaluators rate their certainty on a
scale of 1 to 10.
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Figure 1. Methodology Overview.

The first version of the questionnaire included 20 sets of questions, each with three
in-depth questions. Early feedback indicated that the questionnaire was too long, overly
technical, and difficult to complete, even among those with domain expertise. Evaluators
reported that reasoning-type questions were particularly time-consuming and difficult,
especially in the pre-questionnaire section where no examples were provided before answer-
ing. Some early testers without domain expertise reported struggling with domain-specific
terms such as “neighborhood”, “features” and “traffic”. Several also noted that without a
training section it was difficult to complete the questionnaire because there was no feedback
or chance to recalibrate their responses. Additionally, evaluators were curious to know
their scores after completing, which were not shown in the first version.

In response, we simplified the language, reduced the number of reasoning questions,
made some questions optional, and introduced a training section where evaluators could
check the accuracy of their first three answers and recalibrate their decisions. A final
score display was also added to satisfy evaluator curiosity about their performance. The
final version of the questionnaire consisted of four sections: Basic Information, Training,
Main Questionnaire, and Post-Questionnaire. Because the number of reasoning questions
was reduced, we were able to include more multiple-choice and rating questions without
increasing the overall time required to complete the questionnaire. The final version of the
questionnaire is described in detail below.

2.1.1. Basic Information

This section consists of six demographic questions: name (optional), age, nationality,
country of residence, occupation, and experience in Japan (in years). A seventh optional
question asked evaluators to select 5 of the 16 features that they believed most strongly
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influenced the ambient population density of a neighborhood. This question was intended
to capture evaluators’ overall preconceptions and was planned to be compared with their
selections in the post-questionnaire section.

Names were initially excluded but were later added as an optional field to identify
which invitees had already submitted a response. These questions were intended to capture
evaluators’ experience, familiarity with Japan, and level of domain expertise because these
factors may influence performance and reasoning.

2.1.2. Training

The training section included 3 sets of questions (51-53), each with three questions

(Q1-Q3).

e  Q1: a multiple-choice classification question aiming to evaluate accuracy, asking each
evaluator to select A, B or C (A = Class 0, B = Class 1, C = Class 2), based on an
aerial image and a bar chart showing the value of 16 features associated with the
neighborhood.

e  (Q2: amulti-select question to evaluate reasoning, asking each evaluator to choose 5 of
16 features that most influenced their decision.

e  (Q3: arating question asking each evaluator to rate their confidence on a scale of 1
to 10. The results are used to identify which questions the evaluators found easier
or harder.

For the training questions, we chose one example from each class in which the model
made a correct prediction with high confidence, representing easier questions (Table 1).
After completing the three sets, the correct answers were shown, allowing evaluators to
recalibrate their decisions. Figure 2 shows an example of the three question types used in
the distributed questionnaire.

Table 1. List of 29 neighborhoods used in the questionnaire (3 Training + 26 Main Questionnaires)
along with the model’s confidence scores.

Co PO CoPr1 Cco P2 Cipr1 C1P0 C1P2 Cc2pr2 C2Pr1 C2P0
(Correct) (Over Est.) (Over Est.) (Correct) (Under Est.) (Over Est.) (Correct) (Under Est.) (Under Est.)
Iwatenuma- Kameyama, Kokubu, Hino, Sakuramachi, Gojo, Fukaya, Sasabaru,
kunai, Iwate Mie - Kagoshima Shiga Nagasaki Kyoto Saitama, Fukuoka
(0.999) ET (0.983) H (0.997) ET (0.998) H (0.996) H (0.999) ET (0.988) H (0.488) H
Daishaka, Yodoe, Shimodate, Tsubata, Miebashi, Fushimi, SakuraHom-
Aomori Tottori - Ibaraki Ishikawa Okinawa Aichi machi, Gifu -
(0.998) E (0.936) H (0.997) E (0.997) H (0.989) H (0.999) E (0.983) H
Nahari, Kesennuma, Shirakawa, Yasu, Kofu, Kamimaezu, Yokkaichi,
Kochi Miyagi - Fukushima Kochi Yamanashi Aichi Mie -
(0.997) E (0.821) H (0.994) E (0.997) H (0.957) H (0.998) E (0.953) H
30 more 4 more - 48 more 5 more 2 more 39 more 9 more -
Urasa, Chuden, Kiyotake, Sembokucho, Tottori, Kashiwa, Akita,
Niigata Tokushima/ - Miyazaki Iwate Tottori Chiba Akita, -
(0.601) M (0.602) (0.532) M (0.831) (0.697) (0.544) M (0.584)
Unazuki- Obama, Kyozuka, Nirasaki, Minami Miyazaki, Maebashi,
Onsen, . X . Kofu, . .
Toyama Fukui - Okinawa Yamanashi Yamanashi Miyazaki Gumma, -
(0.566) M (0.555) (0.519) (0.768) (0.604) (0.536) (0.561)
Yuasa, Tamura, Inarimachi, H1z§n Saidaiji, DaigakuByoin Aw.a—
X Kashima, -mae, Tomida,
Wakayama Fukushima/ - Toyama Okayama . . -
0.397) M (0.516) ©.51) M Saga (0.507) Nagasaki Tokushima
: ’ : (0.553) ’ (0.525) M (0.522)

E = Easy, M = Medium, H = Hard, ET = Easy questions used for training (underlined), Main
Questionnaire = Bold, C = Correct Class, P = Predicted Class.
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Q1: Based on the aerial photo and the 16 given features, what do you think is the average number of people in this neighborhood
per hour (AHPD)? Please choose one of the three options below.

100%

© O 4 © O 48 © o @ N T O~ O @ O
8 S g & T - 2K 8 8 2
e ® Sk < © N o S
© g e
. 8 <
N
75%
50%
25%
0% a
F IFIFIF Sy oy & 2 SEpES
& J?ei\‘f@"q @“&\ & g & *‘§§J§Q m*‘"\eo & & . e*“@z
UQ@“ & & &S QQQQ“ PO R I N
&
\/A. Low - Less than 2800 persons per hour (Class 0)
B. Mid - Between 2800 and 12,267 persons per hour (Class1)
C. High - more than 12,267 persons per hour (Class 2)
Q2: Please select 5 features that you think have the highest influence on your decision
\/ CommercialA : Total floor area of commercial land use RoadCount : Total number of road segment within the road networks
EducationA : Total floor area of educational land use GreenArea : Total floor area of leisure type of land use
HealthA : Total floor area of health related land use LandUseDiversity : Total types of land use within the study area
InstitutionA : Total floor area of institutional land use TotalLandUse : Total count of all land use types within the study area
\/ RecreationalA : Total floor area of recreational land use \/ TaxIncome : Tax revenue of the Municipality
\/ ResidentialA : Total floor area of residential type of land use FloorArea : Total footprint x Number of Floors of all buildings within the study area.
TransportationA : Total floor area of transportation land use \/ BasedDensity : Municipality Population/Total Land Area (ha)
WorkA : Total floor area of work related land use TaxPayerPer : Number of Taxpayer/Municipality Population

Q3: Please rate your confidence in your answer to Question 1 on a scale from 1 (not confident at all) to 10 (very confident).

1 2 3 4 5 6 7 8 9 10
Low Confident \/ Very Confident

Figure 2. Example of Q1 (Accuracy), Q2 (Reasoning), and Q3 (Confidence).

2.1.3. Main Questionnaire

This section contained 26 sets of questions (54-529), following the same structure as
the training section but without immediate feedback. The first 23 sets (54-526) included
only Q1 (Accuracy) and Q3 (Confidence) to reduce time requirements and complexity. The
final 3 sets (527-529) included Q2 (Reasoning). Because the earlier reasoning questions
were optional, these final reasoning questions were prioritized for analysis.

The neighborhoods used in each set were selected from predictions made by the
baseline model on the testing dataset. The full list of predictions was extracted from the
confusion matrix [43] (Figure Al) and reorganized based on prediction confidence and
correctness. The uncalibrated predicted class probabilities of the baseline model were
used as a proxy for model confidence and as an indicator of question difficulty. Questions
that the baseline model answered correctly with high confidence were classified as Easy.
Questions where the model had low confidence were classified as Medium. Questions the
model answered incorrectly were classified as Hard. The final 26 questions in this section
consisted of 6 Easy, 7 Medium, and 13 Hard questions.
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Latitude

A random selection of questions, or the use of the entire testing dataset, would provide
a less biased estimate of overall accuracy. However, due to time constraints, only a limited
number of questions could be included without making the questionnaire too long and
potentially reducing human participation. A random sample might also include too few
low-confidence or high-confidence incorrect cases, which were important for the diagnostic
purpose of this study. The selected cases therefore allowed the benchmark to examine not
only accuracy, but also differences in confidence and reasoning across different patterns of
baseline-model behavior. This design supports a more diagnostic comparison in which the
difficulty and response patterns of each evaluator type can be examined separately.

Among the 26 main questionnaire cases, the baseline model answered 13 correctly and
13 incorrectly, resulting in a constructed accuracy of 50% within the main questionnaire.
Including the 3 training questions, evaluators needed to score more than 16 points to
outperform the baseline model. Table 1 lists the neighborhoods selected for the question-
naire. The locations of these 29 neighborhoods across different regions of Japan are shown
in Figure 3. The blue dots represent cities across Japan, while the yellow dots represent
neighborhoods included in the training dataset. The red dots represent neighborhoods
selected for the questionnaire, and the accompanying numbers indicate their corresponding
questionnaire items.

45 A
40
354
301
( .
®
L4
8 .

¥ 4

e All cities in Japan
251 o« ® Neighborhoods used for training the baseline model (n = 900)

¢ ® Neighborhoods used in the questionnaire (n=29)
120 125 130 135 140 145

Longitude

Figure 3. Locations of the neighborhoods selected for the questionnaire across Japan.
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2.1.4. Post-Questionnaire

This section consisted of 6 reflective questions, asking evaluators to rate their overall
confidence and explain their reasoning when choosing A, B or C in free-form text format.
This was intended to capture reasoning that may not be fully captured by the multi-
selection Q2 questions. For one last time, evaluators were asked to select the 5 most
influential features for their overall reasoning. The final question asked evaluators for any
final comments on the questionnaire (optional).

2.2. Score Conversion

Because the outputs from the three evaluator types are expressed in different forms
and scales, they need to be converted into comparable metrics before analysis. Accuracy
is relatively straightforward because it can be calculated directly from the questionnaire
score. Reasoning and confidence, however, require additional processing because they are
represented differently by the baseline model and the other evaluator types.

For the baseline model, reasoning was represented by feature importance values, while
human and Al reasoning was represented by the five features selected in the questionnaire.
Confidence is represented by uncalibrated predicted class probabilities for the baseline
model and by rating-scale responses for humans and Al models. In addition, the reasoning
and confidence score of the baseline model represent outputs from a single model, whereas
the human and Al scores represent collective responses from each evaluator group. There-
fore, the human and Al responses were aggregated and their weights were distributed
collectively to create comparable group-level metrics.

Table 2 summarizes which questionnaire items were used to evaluate each metric and
where they appear in the questionnaire structure. After all responses were collected, the raw
answers were processed to calculate the final Accuracy, Reasoning and Confidence metrics.
The detailed conversion method for each metric is explained in the following sections.

Table 2. The overall structure and which questionnaire item evaluates which metric.

Metric Basic Info Section  Training Section Main Section Post Section
} 51Q1-S3Q1 54Q1-52901 )
Accuracy (n=3) (r1 = 26)
. Pre-Q6 51Q2-53Q2 527Q2-529Q2 Post-Q4
Reasoning (Opt., n=1) (Opt., n=3) (n=3) (n=1)
. ) 51Q3-53Q3 54Q3-529Q3 Post-Q1
Confidence (n=3) (r = 26) (n=1)

S = set; Q = question; Opt. = optional question; n = total number of items.

2.2.1. Accuracy—Multiple Choice (Q1)

For the accuracy score, the raw data were evaluated using several statistics, such as
mean, minimum, maximum, median, and mode, across all evaluators and demographic
subgroups. This analysis helped identify behavioral patterns and allowed performance
comparison between evaluator types.

2.2.2. Reasoning—Select 5 Features (Q2)

By analyzing the baseline model using SHAP, feature importance scores can be ex-
tracted for each context (t), either overall or class-specific (Classes 0, 1 or 2). These scores
represent the relative contribution of each feature to the model’s prediction. The feature
importance values are converted into percentages, with the combined contribution of all
features equal to 100%. This shows how much weight each feature contributes to the
prediction and is used to represent the baseline model’s reasoning score for each feature.

https://doi.org/10.3390 /urbanscil0090523


https://doi.org/10.3390/urbansci10090523

Urban Sci. 2026, 10, 523

11 of 31

To capture human- and Al-perceived feature importance collectively, the evaluators
were asked to select 5 of the 16 features that most influenced their decision in up to eight
instances: four at the beginning of the questionnaire (optional) and four at the end. Each set
of four selections corresponded to one overall feature importance context (FI,;) and three
class-specific contexts (F1o for Class 0, FI. for Class 1, and FI, for Class 2). Because the
inijtial selections were optional and may be incomplete, only the four end-of-questionnaire
selections were used in the analysis.

For each context t in {oa, 0, c1, c2}, each evaluator distributed a total weight of 1
equally among the five selected features, giving each selected feature a weight of 0.2 (1/5).
Let N be the number of evaluators, and let x, , indicate whether the evaluator e selected
features p in context t where x,, = 1 if selected and 0 otherwise. The Derived Feature
Importance (DFI) for features p in context t is calculated as

N

1
DFI;(p) = BN Y Xepp 1
e=1

where

N is the total number of evaluators.

e represents an individual evaluator.

t represents the evaluation context (overall, Class 0, Class 1, or Class 2).
p represents one of the 16 input features.

Xe,t,p €quals 1 if evaluator e selected feature p in context ¢, and 0 otherwise.

This DFI score represents the average feature importance assigned to each feature
across all evaluators within a given context. This metric enables direct comparison between
human-, Al-, and baseline model-perceived feature importance, allowing similarities and
differences in reasoning to be identified across all evaluator types and contexts.

2.2.3. Confidence—Rating (Q3)

The uncalibrated predicted class probabilities of the baseline model were used as its
confidence scores. These scores ranged from 0 to 1, with higher values representing greater
confidence in the predicted class. The confidence scores were used to classify question
difficulty and to analyze the behavior of the baseline model. For human evaluators and Al
models, confidence level was collected using self-rating questions. Because raw confidence
scores may vary according to response style, (e.g., conservative versus bold evaluators)
each evaluator’s scores were normalized using that evaluator’s observed range.

For each evaluator ¢, the minimum (m,) and maximum (M,) confidence scores across
all questions were identified. For a given question (Q), the normalized confidence score is

calculated as
Coe—me

M, —m,

where Cq, is the raw confidence score provided by evaluator e for question Q. This

()

normalization scales each evaluator’s confidence scores to a range between 0 and 1, with
their minimum confidence mapped to 0 and maximum confidence mapped to 1.
The Average Confidence for question Q (ACQ) is then calculated as

1 N

CQ,E - mg
M, —m,

where

e  Nis the total number of evaluators.
e Cq.is the raw confidence score provided by evaluator e for question Q.
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e m, and M, are the minimum and maximum confidence scores reported by evaluator e
respectively.

This ACQ metric represents the average normalized confidence of all evaluators
for a given question. Higher ACQ values indicate that evaluators collectively found a
question easier, whereas lower values indicate that it was perceived as more difficult.
Human-derived ACQ values were compared with the baseline model’s confidence scores
to identify similarities and discrepancies, including instances where predictions were
confidently correct or confidently incorrect. For the Al models, ACQ was calculated using
the same procedure as for the human evaluators.

2.3. Questionnaire Distribution

The questionnaire was distributed in two phases. The internal phase involved early
testers and was used to collect feedback and refine the questionnaire. The external,
invitation-only phase targeted a diverse group of peers, colleagues, and family members.
For evaluators who are unfamiliar with online forms, one-on-one support was provided
via online meetings. The author presented the questions, translated where necessary, and
submitted answers on their behalf with minimal interference to preserve objectivity.

The questionnaire was submitted to free-tier versions of five commercially available
multimodal Al models: GPT-4o [44], GPT-5 [45], Gemini 2.5 Flash [46], Claude Sonnet
4 [47], and Grok-3 [48], on 21 August 2025. These free-tier versions were subjected to lower
rate limits, restricted context windows, and possible performance degradation during the
long session. The result should therefore be interpreted as performance under these specific
testing conditions and not as the upper-bound capability of each model.

Screen-captured images of each questionnaire page were saved in .jpeg format and
submitted to each AI model one image at a time, following the same sequence and within
a single chat session. When a model reached its rate limit, evaluation was paused until
the cooldown period ended and then continued in the same conversation. Each Al model
completed the questionnaire only once, consistent with the single-attempt condition given
to each human evaluator. However, because Al-generated responses can be stochastic, the
result from a single session may vary across repeated runs and should not be interpreted as
the best possible performance of each model. To maintain consistency, each conversation
began with the same prompt:

“Today, I would like you to participate in my research by answering a set of questionnaires.
I will provide you with screenshots of the questions, and you should respond with how
you personally would answer them. 1 will then input your answers into the questionnaire
on your behalf. Please do not look up the answers on the internet. Simply answer based
on your own knowledge, experience, or opinion.”

Their responses were then manually entered by the author into the same Google Form
that was distributed to other evaluators. The Al model results were recorded and analyzed
alongside human results.

3. Results

In total, it took 107 days, from 8 June to 22 September 2025, to receive all 100 responses.
Responses from one minor tester and early testers were excluded from the analysis. The
final response sets used for analysis are from 94 human evaluators, 5 Al models, and
1 recorded output from the baseline model. The ages of the human evaluators ranged from
18 to 78 years, with a mean age of 35 years. The top nationalities by percentage were Thai
(41.5%), Japanese (26.6%), Chinese (9.6%), and others (22.3%), which included American,
Austrian, Australian, Bhutanese, French, Irish, Italian, Indian, Macedonian, Singaporean,
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and more. Among the human evaluators, 59.5% had experience living in Japan (34.0% lived
in Japan; 25.5% were native Japanese) and 40.5% had no experience living in Japan (9.6%
had never been to Japan; 30.9% had visited only as tourists).

There were 41 unique professions among human evaluators. University students
formed the largest occupational group (29.8%), followed by architects (9.6%). The remaining
60.6% were a combination of other professions such as banker, investor, animator, engineer,
designer, marketer, and more. Occupations such as architects, engineers, real estate agents,
and landscape designers were classified as having domain expertise because their work
may involve maps, urban planning, or related technical concepts. In contrast, roles such
as sales, business managers, and bankers were classified as without domain expertise.
Overall, 47.9% of human evaluators were from professions with domain expertise and
52.1% were from professions without domain expertise. AI models and the baseline model
are reported as separate categories and are excluded from the human domain expertise
counts. Table 3 summarizes the demographic of the evaluators and their average, minimum,
and maximum scores.

Table 3. The overall number (1) of evaluators in each demographic group, their average score (s),
and their score range ().

Total Human Evaluators (n = 94, s = 15.1)/r = 9-22

Experience in Japan Without Domain Expertise With Domain Expertise
(n=49,s =145, r =9-20) (n=45,5s=15.8,r=11-22)
Native Japanese (n = 24,s = 15.5, r = 11-21) n=9,s=152,r=12-18 n=15,s=158,r=11-21
Experienced Living in Japan (n = 32, s = 15.7, r = 11-22) n=13,s=15.3,r=11-20 n=19,s=16.0,r=11-22
Visited Japan as Tourist (n = 29, s = 14.1, r = 9-20) n=25,s=13.8,r=9-18 n=4,s=162,r=11-20
Never been to Japan Before (n =9, s =15.0, r = 11-20) n=2,s=155,r=11-20 n=7,s=149,r=12-17

Baseline model (s = 16)/ Average Al models (s = 14.2, r = 10-18)

GPT-4o (s = 18), GPT-5 (s = 17), Grok 3 (s = 10), Gemini 2.5 Flash (s = 12), Claude Sonnet 4 (s = 14)

3.1. Accuracy Score

The average score across all evaluators was 15.1 (training questions included), with
a range of 9 to 22 points (Table 3). 33% of human evaluators outperformed the baseline
model (s = 16), and 67% scored less than or equal to the baseline (Figure 4). Domain
expertise appears to be an indicator associated with the performance (Figure 5). Within the
same subgroup, those with domain expertise outperformed those without by an average
of 1.3 points. Among those who had previously visited Japan as tourists, evaluators with
domain expertise outperformed those without domain expertise by 2.4 points, representing
the largest difference among the subgroups. Experience in Japan showed mixed results
among those with domain expertise. The best-performing subgroups were those who had
visited Japan as a tourist with domain expertise; however, this may be due to the small
sample size in this subgroup (1 = 4). Among those without domain expertise, the highest
average score was from evaluators who had never been to Japan, although this group was
also very small (n = 2). The Al models scored between 10 and 18 points, with an average of
14.2 points, similar to the average of evaluators without domain expertise.

The highest score among all human evaluators was 22 points, achieved by an in-
dividual with both domain expertise and contextual familiarity. In contrast, the lowest
score was 9 points, achieved by an individual with limited contextual familiarity and no
domain expertise. Although the highest-performing evaluator in each subgroup exceeded
the baseline model, the baseline model outperformed the lowest-performing evaluator in
every subgroup. Overall, the baseline model performed 5.96% higher than the average
human evaluator, 10.3% higher than the average of human evaluators without domain
expertise, and 1.27% higher than the average of human evaluators with domain expertise.
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The best-performing Al model scored 18, two points more than the baseline model. The
baseline scored 1.8 points more than the AI-model average of 14.2 points.

Age and Questionnaire Score by Respondent Group

Domain Expertise / Group
- = Baseline Model (16)
@ With Domain Expertise (n=45)
25 @ Without Domain Expertise (n=49)
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Figure 4. The score of all the evaluators.
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Figure 5. The score of all evaluators along with the minimum and maximum score for each subgroup.
3.2. Reasoning Score

We used feature importance scores derived from SHAP as the baseline representation
of reasoning for each evaluator type. By analyzing these scores, we can measure the strength
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of impact of each feature. Figure 6 shows the feature importance scores for each evaluator
type in the overall context, while corresponding scores for Classes 0, 1, and 2 are shown
in Figure A2. The features are arranged in descending order based on human-perceived
impact. The green dotted lines highlight the score difference for features that the baseline
model considers more influential than human evaluators do. The red dotted lines highlight
features that human evaluators considered more influential than the baseline model did.
By comparing differences in these scores across evaluator types, we can identify similarities
and differences in their way of reasoning. Table 4 highlights the five features with the
largest differences between humans and the baseline model and also shows the differences
between humans and Al models for those features.

DFI — Overall (After)

26.07% Human [ Al Models [ Baseline Model
25 A : . . . .
fe----- | Features that the baseline model considers more influential than humans do.
| s | Features that humans consider more influential than the baseline model does.
20.00% |
20+ : 19.07%
: 16.00%
g 151 - B
[ 12.77% . :
o 12.00% 12.0 : 12.00% 12.00%
210 0 : : _10.64%
10 A -1 ~9.57] 159
H H e . 72% g5l
: 800 8.00%
702 .60%
5.96%
51 : P 3.88% 2% 200% |400%+47[8 4.26% 4.00% :
| - 0% 31%% 2 98%
T @7 . ool BR13%
6% 1.0128%
m 0.27%
T T =

& v
& o . oov-
¢° & > &
? ¢° & X &
- 2 & xS
45’ &< <

Figure 6. The feature importance score for humans (blue), Al models (purple), and the baseline
model (grey).

From Table 4, the features that most frequently appear in the top five across evaluator
types and contexts are RoadCount, LandUseDiversity, Residential A, CommercialA, and
TransportationA. TaxIncome is the most divisive feature, appearing in the baseline model’s
top five but not in the others. Humans and the baseline model agree on the importance of
LandUseDiversity and TotalLandUse, whereas Al models do not. Humans and Al models
agree that ResidentialA, TransportationA, and CommercialA are most influential, but the
baseline model does not. The most frequent top five appearances are ResidentialA for
humans, TransportationA for Al models, and RoadCount for the baseline model. The
detailed explanation of each input feature, how they were calculated, and their SHAP
values are shown in Table A1.

Another behavioral pattern that can be identified is the allocation of importance. Hu-
man selections are spread more evenly across features, forming a gradual distribution.
Selections by the Al models were more concentrated on a small number of features, al-
though this pattern may partly reflect the small number of Al models tested. In contrast, the
baseline model places more weight on only a few features across all contexts. In addition,
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the weight ranking varies less across contexts for humans and Al models, but changes
significantly for the baseline model.

Table 4. The top 5 features with the highest difference for each context between humans and the
baseline ML model.

Context #1 #2 #3 #4 #5
RoadCount LandUseDiversity Residential A TaxIncome TransportationA
Overall Diff 16.49 Diff 9.91 Diff —9.85 Diff 7.66 Diff —6.56
ve H (9.57) ML (26.07) H (9.14) ML (19.05) H (12.76) ML (2.91) H (2.97) ML (10.64) H (10.0) ML (3.44)
Als (2.42) Als (8.00) Als (12.00) Als (0) Als (20.00)
RoadCount TaxIncome Residential A TransportationA LandUseDiversity
Class 0 Diff 41.90 Diff 11.66 Diff —10.20 Diff —6.29 Diff —6.12
H (8.93) ML (50.83) H (2.34) ML (14.01) H (12.76) ML (2.55) H (9.57) ML (3.27) H (10.00) ML (3.87)
Als (12.00) Als (0) Als (16.00) Als (20.00) Als (4.00)
TaxIncome Residential A RoadCount BasedDensity TaxPayerPer
Class 1 Diff 12.56 Diff —9.82 Diff 9.75 Diff 6.08 Diff —5.79
ass H (1.06) ML (13.62) H (14.25) ML (4.43)  H (10.21) ML (19.93)  H (4.68) ML (10.76) H (8.08) ML (2.29)
Als (0) Als (16.00) Als (16.00) Als (8.00) Als (4.0)
LandUseDiversity BasedDensity Residential A TaxPayerPer RoadCount
Class 2 Diff 35.60 Diff 13.12 Diff —11.35 Diff —5.71 Diff —5.41
5 H (11.06) ML (46.66)  H (5.10) ML (18.22) H (13.19) ML (1.84) H (7.65) ML (1.94) H (7.23) ML (1.82)
Als (12.00) Als (12.00) Als (12.00) Als (4.00) Als (20.00)

Table 4 lists the five features with the largest weight differences between humans
and the baseline model for each context. Overall, both RoadCount and LandUseDiver-
sity appear in the top five for humans and the baseline model. However, their assigned
importance differs significantly: +16.49 percentage points for RoadCount and +9.91 for
LandUseDiversity, indicating that the baseline model considers these features more signifi-
cant than humans do. In contrast, Residential A and TransportationA show differences of
—9.85 and —6.56 percentage points, indicating that humans view these features as more
influential than the baseline model does. These gaps reflect different ways of reasoning
between humans and the baseline. For the same set of features, the differences between
Al models and humans are smaller than those between humans and the baseline model,
indicating closer alignment in reasoning between humans and Al models.

3.3. Confidence Score

Figure 7 shows the evaluator’s confidence scores for every question in the question-
naire, along with the correctness of their responses. Answers enclosed in green boxes
indicate correct responses. The blue horizontal dotted line separates the training questions
from the main questionnaire. The question labels are color-coded according to difficulty:
green represents Easy, yellow represents Medium, and red represents Hard questions.
Figure 7 provides several insights. First, an average of 72% of human evaluators answered
the training questions correctly without prior training. The question most frequently an-
swered correctly by humans was 529Q1 (Kurobe-Unazukionsen, Toyama), with an 89%
correct-response rate. The question with the fewest correct answers was S16Q1 (Hino,
Shiga), with only five humans answering correctly, and both the baseline and AI models
were also wrong,.
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Figure 7. Correctness and confidence scores for each evaluator type by question, with example aerial
images of neighborhoods selected for case studies.
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Looking more closely at the confidence level and correctness, several behavior patterns
emerge. There are cases where the model is both correct and highly confident, as in S1Q1
(Iwatenumakunai, Iwate), where it was 99% confident that the answer is Class 0, and it is
correct. There are also cases where the model made right (529Q1: Kurobe-Unazukionsen,
Toyama) and wrong (523Q1: Fukaya, Saitama) predictions with low confidence. However,
discrepancies appear in 511Q1 (Sakurahommachi, Gifu), where the model was 98% confi-
dent in Class 1 but wrong, and in S12Q1 (Sasabaru, Fukuoka), where it predicted Class 0
while the correct answer was Class 2, the opposite end of the spectrum.

For human evaluators, no incorrect decision was made with high collective confidence.
Their confidence scores generally are correlated with the correctness. For 521Q1 (Yasu,
Kochi), 80% of human evaluators answered incorrectly and collective confidence was 19%.
For 29Q1 (Kurobe-Unazukionsen), 89% answered correctly and collective confidence was
also 89%. A similar pattern appears for Al models. Questions with average confidence
above 60% were usually answered correctly. For example, in S7Q1 (Nahari, Kochi), all five
Al models are 100% confident and all were correct; in S19Q1 (Kashiwa, Chiba) all five Al
models were wrong with confidence near 0%.

These observations, together with the confidence scores for each evaluator group,
provide insight into predictive behavior and indicate which questions each group found
easier or harder. Figure 7 also shows the aerial images and associated feature values for
several of the questions mentioned. These behavioral findings are discussed further in the
discussion section.

4. Discussion

From the results, domain expertise appears to be one of the factors most associated
with better performance. Those with domain expertise outperformed those without by an
average of 1.3 points across all subgroups. Being a native Japanese evaluator shows an
advantage among those without domain expertise but makes little difference among those
with domain expertise. While unequal subgroup sizes may partly explain this pattern,
a plausible reason is that non-experts find it harder to extract cues from the provided
information, whereas native Japanese evaluators may recognize neighborhoods from their
names, giving them a slight advantage. Conversely, among evaluators with domain
expertise, prior contextual knowledge may introduce bias that leads to errors. On the other
hand, those unfamiliar with Japanese neighborhoods may rely more objectively on the
given aerial images and the values of each feature, sometimes resulting in higher scores.

For Al model performance, we initially expected strong results given their extensive
pre-training with a large amount of dataset. In practice, only two out of five tested models
outperformed the baseline model. Possible reasons include the uniqueness of the dataset
used to train the baseline model, which Al models have not seen, rate limits during the
questionnaire session, prompt fatigue from repeated similar inputs, and limited context
windows. One observation, although not formally recorded, was that early questions often
received more careful and accurate responses from the AI models. With repeated prompts,
however, some models began to treat later inputs as identical and invested less effort in
image analysis. Limited memory also prevented Al models from retaining their earlier
answers, so they could not learn across items, unlike humans. While humans improved
with experience, Al model performance sometimes declined over time.

Regarding reasoning, we see more similarity between humans and Al models than
between humans and the baseline model. The differences appear in the weight assigned to
each feature (Table 4). The baseline model assigned more weight to RoadCount and Lan-
dUseDiversity. Human evaluators emphasized Residential A and CommercialA, whereas
Al models emphasized TransportationA. These differences may partly reflect the different
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input formats. The baseline model depends solely on numerical values, whereas humans
and Al models relied on images. Therefore, features that are easily recognized from aerial
images, such as Residential A, CommercialA and GreenA, may seem more influential. It
is not yet obvious whose reasoning is more appropriate, but contrasting feature priorities
provide complementary perspectives for further investigation.

From a confidence perspective, humans and Al models showed similar behavior,
whereas the baseline model differed. The confidence scores of humans and Al models
generally corresponded with the correctness of their answers, while the baseline model
showed several discrepancies. For example, in S11Q1, the baseline model was 98% con-
fident but incorrect. The questions perceived as difficult also differed among evaluator
types. In 529Q)1, the baseline model had relatively low confidence, while most humans
answered correctly with high confidence. In contrast, in S21Q1, the baseline model was
highly confident and correct, whereas humans and Al models reported very low confidence.
The similarity between humans and Al models may partly reflect the fact that Al models
are trained on large amounts of human-generated data and may therefore exhibit some
human-like response patterns. In contrast, the baseline model was trained specifically on
the numerical dataset used in the previous study:.

The confidence scores of the baseline model were derived from uncalibrated pre-
dicted class probabilities. Boosted decision-tree classifiers can produce poorly calibrated
probability estimates, so the XGBoost probabilities used here may overstate certainty [49].
Probability calibration methods, such as sigmoid calibration or isotonic regression [50],
could be applied to improve the reliability of these confidence estimates. Sigmoid calibra-
tion fits a logistic function to map the model’s raw probability outputs to better calibrated
probabilities, while isotonic regression uses a more flexible non-linear mapping based on
the observed relationship between predicted probabilities and actual outcomes. How-
ever, calibration was not applied in this study because the objective was to examine the
original behavior of the previously trained baseline model. Applying calibration may
reduce some of the observed confidence discrepancies, particularly in cases where the
model is highly confident but incorrect. However, probability calibration would primarily
improve the reliability of the confidence estimates and would not necessarily improve
classification accuracy.

Another notable characteristic is the difference in prediction patterns among humans,
Al models, and the baseline model. Human and Al predictions generally showed more
gradual changes, tending to move from Class 0 to Class 1 and then to Class 2. Therefore,
even when the majority predicted incorrectly, their responses were usually limited to the
directly adjacent class. In contrast, the baseline model does not always follow this pattern.
Although rare, it occasionally made sudden changes from Class 0 to Class 2, or vice versa.
One example is S12Q1 (Sasabaru, Fukuoka), where the baseline model predicted Class 0
even though the correct answer was Class 2. This behavior suggests that the baseline model
sometimes made counterintuitive decisions that differed from human intuition.

4.1. Case Studies

By examining the unique cases identified in Figure 7, we can observe differences in
evaluator behavior that may provide possible explanations for these patterns. However,
these interpretations are exploratory and should be considered as hypotheses rather than
definitive explanations.

The question most frequently answered correctly was S29Q1 (Kurobe-Unazukionsen,
Toyama), a Class 0 neighborhood that the baseline model also predicted correctly, although
with low confidence (0.56). The aerial image shows low building density and farmlands,
which are clear indicators of Class 0. These features are easy to recognize, and the fact
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that it was the last question likely helped, since evaluators could draw on experience from
earlier questions. However, on closer inspection, this neighborhood is an onsen town that
is usually busier on weekends and during seasonal tourism. This temporal pattern may
not be fully recognizable by humans from a single image, but the baseline model may have
detected hints of it from the feature values, which could explain its lower confidence.

The question most frequently answered incorrectly was S16Q1 (Hino, Shiga). The
correct answer was Class 1, 93% of humans, all AI models, and the baseline model chose
Class 0. Humans and Al models may have sensed the difficulty, which is why they reported
low confidence, whereas the baseline model had 99% confidence. The aerial image shows
mostly farmland and greenery with some building density, and the feature values appear
relatively low except for LandUseDiversity, which suggests alow AHAPD neighborhood. A
deeper review indicates that although the station is in a rural area with an agriculture-driven
economy, there are nearby manufacturing facilities, pharmaceutical-related businesses,
and supporting services such as business hotels. The main economic activities are not
centered at the station but extend eastward. None of this context was provided to any of
the evaluators, so widespread error is understandable. This case highlights a limitation:
neighborhoods whose activity centers are not near the station or lie just outside the study
area can be difficult to classify from imagery and their features value. Hence, the model
was confidently wrong, whereas humans and Al models reported lower confidence.

In S9Q1 (Kameyama, Mie), most humans answered Class 0 correctly, while the Al
models chose Class 1 and the baseline model chose Class 1 with high confidence (98%).
The aerial image shows a mix of a developed town with larger buildings and farmland.
The feature values also suggest a more developed neighborhood, with higher values for
LandUseDiversity, RoadCount, and Recreational A. At first glance it looks like Class 1, yet
most humans chose Class 0. This may reflect human comparative reasoning: compared
with the Class 1 example shown during training, this neighborhood appears emptier and
less continuous, which leaned human decisions toward Class 0.

In S21Q1 (Yasu, Kochi), most humans (78%) and most AI models were wrong, while
the baseline model was correct with 97% confidence. The aerial imagery shows sea, green-
ery, and farmland around a small port city, which resembles a low AHAPD neighborhood.
However, the values of several features are relatively high, especially CommercialA, Resi-
dentialA, and TotalLandUse, which pointed the trained model toward higher AHAPD; the
baseline model predicted Class 1 with 97%confidence. Although not obvious from the aerial
image, the area serves as a hub for fishing boats, with increasing population at specific
times, especially in the early morning around 7:00 to 8:00. This temporal pattern aligns
with the numerical indicators, which may lead to the model making a correct prediction.

In 512Q1 (Sasabaru, Fukuoka), the baseline model made an incorrect prediction at the
opposite end of the spectrum, predicting Class 0 when the correct answer was Class 2, with
48% confidence. In contrast, most human evaluators and Al models answered correctly.
One possible explanation is that recent growth in local activities may not be reflected in
the data used to train the baseline model, either because the census data are outdated or
because relevant information is missing from the OSM database. These changes, however,
are more recognizable from the aerial imagery. Upon closer inspection, this neighborhood
also serves as a transfer point between two train lines. Although the two stations are
separated by a few hundred meters and are not directly connected, many commuters travel
between them on foot. This pedestrian movement may contribute to higher AHAPD than
would be expected based solely on the physical environment features.

From these examples, we see cases where visual cues are superior and cases where
numerical features are more reliable. Each evaluator type has its own strengths and
weaknesses. Performance in estimating AHAPD declines when the main activity centers lie
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outside the study boundary or when economic activity is not centered around the station.
Given these limitations, combining imagery with numerical features would likely improve
the robustness of the baseline model.

4.2. Potential Application of the Outcome

The previously trained baseline model has the potential to be used for estimating
ambient population density in locations where direct population measurements are limited
or unavailable, because it relies on generally available tools and data sources. However, its
applicability outside Japan has not yet been tested. Urban characteristics vary considerably
across countries. Japan is generally characterized by a relatively compact urban form, high
population density, strong public transport networks, and lower dependence on private
cars. In contrast, many other countries may have more dispersed, less compact, and more
auto-oriented urban patterns. Therefore, a model trained only on Japanese neighborhoods
may not perform accurately when directly applied to different urban contexts. At the same
time, some relationships among the input features may still remain useful. For example, in
less compact neighborhoods, a larger commercial area may be accompanied by lower land-
use diversity, which could influence the model output in a different but still meaningful
way. The extent to which the current model can be generalized internationally requires
further investigation.

Another potential application of the baseline model is its ability to quantify how
different input features contribute to model decisions. Reasoning is generally more difficult
to measure than accuracy, but model interpretation methods such as feature importance
analysis can provide a quantitative representation of how individual urban features influ-
ence predictions. This makes the baseline model useful not only as a predictive tool, but
also as an analytical tool for examining relationships between urban characteristics and
outcomes such as ambient population density. A similar approach could potentially be
applied to other urban outcomes, such as tax income or demographic indicators, provided
that appropriate target data and input features are available.

In addition to the baseline model itself, this study proposes a questionnaire-based
method for evaluating the real-world performance of ML models. The method also enables
a three-way comparison among ML models, human evaluators, and multimodal Al models.
Importantly, the comparison extends beyond accuracy to include reasoning and confidence,
which are less commonly evaluated across different evaluator types. This provided a more
diagnostic benchmark for identifying discrepancies, similarities, and behavioral patterns
that may not be visible through accuracy alone. Because the framework uses a simple online
questionnaire and widely available tools, it can be relatively easily adapted for further ML
studies. By modifying the target classes, input information, and scoring methods, a similar
approach could be applied to other spatial reasoning tasks for which no standardized
benchmark currently exists.

4.3. Comparison with Previous Literature

Previous studies have applied machine learning and spatial data to estimate popula-
tion and other urban conditions. For example, Zhao et al. [51] developed an XGBoost-based
method for mapping population distribution using multisource spatial data. Akiyama
et al. [52] developed machine-learning approaches, including XGBoost, to estimate the
spatial distribution of vacant houses in Japan using municipal and building related data.
These studies focus primarily on improving estimation accuracy and practical applicability
rather than comparing the raw spatial reasoning capability of trained models with human
or Al systems.
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Studies that directly compare humans and machine-learning systems also tend to
emphasize predictive accuracy. Measures such as reasoning, confidence, and characteristic
prediction behavior are less commonly evaluated together. The present study extends
this type of comparison by using the previously trained baseline model not only as an
evaluator, but also as a diagnostic reference. Its predictions, confidence scores, and feature
importance were used to identify particular cases where humans, multimodal Al models,
and baseline models behave differently. This allows the comparison to move beyond the
question of which evaluator achieved the highest score and toward understanding why
their predictions may differ.

The reasoning results also show connections with previous urban literature. LandUse-
Diversity was one of the most influential features for the baseline model, consistent with the
importance of mixed land use and diversity described in previous urban literature. Cervero
and Kockelman identified density, diversity, and design as important dimensions relating
the built environment to travel behavior [2]. Jacobs similarly emphasized mixed uses, short
blocks, density, and concentration of activity as conditions contributing to urban vital-
ity [3,4]. RoadCount, BasedDensity, and CommercialA, which were also influential in the
baseline model, similarly reflect characteristics associated with accessibility, urban intensity,
and activity concentration. These types of features also appear in previous population-
estimation studies, including LandScan [1], which utilized transportation infrastructure,
land cover, and indicators of economic activity when modeling population distribution.
Humans and Al models also assigned importance to several of these features. However,
some differences were notable. Residential A was considered relatively important by hu-
man evaluators but received considerably less importance from the baseline model, while
TransportationA was particularly important to the Al models. These differences suggest
that the evaluator types may emphasize different aspects of the same urban environment.

4.4. Limitations

This study has several limitations. The baseline model has no vision capability and was
trained solely on 16 numerical features. It also does not account for the spatial distribution
of each feature, which may be important for understanding neighborhood characteristics [5].
Aerial images, which contain additional spatial and visual cues, were not used during
training. Developing a vision-capable model would require a different model architecture
and training dataset and is therefore left for future work.

Another limitation concerns the differences in information provided to each evaluator
type. Although the study aimed to compare the three evaluator types as fairly as possible,
the information provided to humans and Al models was not identical to that used by the
baseline model. The baseline model was trained on numerical values and is therefore
more suited to processing tabular information. Humans rely on visual interpretation,
life experience, and for some evaluators, domain expertise, but may have more difficulty
interpreting raw numerical values without prior training. Multimodal AI models can
process both images and numerical information and benefit from large-scale pre-training,
but they are also affected by factors such as prompting, rate limits, context limitations, and
their limited ability to adapt during a single evaluation session.

For these reasons, humans and Al models were provided with aerial images in addition
to the numerical features, while the baseline model relied only on numerical inputs. This
difference may influence the comparative results. Neighborhoods with strong visual cues
may favor humans and Al models, while neighborhoods where relevant information is less
visually apparent but is captured in the numerical features may favor the baseline model.
Because the questionnaire cases were selected based on baseline-model confidence and
correctness rather than on the strength of visual cues, the results should be interpreted as a
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diagnostic comparison under different but evaluator-appropriate input conditions rather
than as a strictly controlled comparison of performance. Future studies could improve
fairness by selecting approximately equal numbers of cases that favor visual information,
tabular information, or both.

The sample size and subgroup distribution also present limitations. Although 94 hu-
man evaluators were included, the number of evaluators within some demographic sub-
groups was small and could not be controlled during recruitment (Table 3). As a result,
individual high or low scores may have a stronger influence on the mean of smaller sub-
groups. The subgroup comparisons should therefore be interpreted cautiously. A larger
and more balanced sample would provide more stable estimates of subgroup performance.
Future studies could also compare the reasoning patterns of the highest-, average-, and
lowest-performing evaluators within each subgroup. However, such detailed subgroup
analysis was beyond the scope of the present study and could reduce the focus of the
current comparison.

The tools used to evaluate reasoning also differed across evaluator types. For the
baseline model, SHAP-based feature importance was used as a quantitative proxy for
reasoning. No directly equivalent method exists for evaluating human or Al reasoning
in the same form. Therefore, the questionnaire was designed to extract perceived feature
importance from humans and Al models and convert these responses into a comparable
metric. Although this approach allows reasoning patterns to be compared across evaluator
types, the resulting measures are not identical and should be interpreted as approximations
of feature-based reasoning rather than direct measurements of the underlying decision-
making process. One possible direction for improving the reasoning score is to treat each
evaluator’s responses as analogous to a tree within an XGBoost system and recalculate
feature contributions using a method more closely aligned with SHAP-based feature
importance. This could provide a more consistent basis for comparison across evaluator
types. However, this approach is still conceptual and has not yet been tested.

The questionnaire design also required a balance between thoroughness and accessi-
bility. The test set for the baseline model included 180 neighborhoods, but using the entire
set would have made the questionnaire too long and likely reduced human participation
and subgroup diversity. Conversely, using too few questions would have limited the ability
to distinguish performance patterns across evaluator types. We therefore selected 29 cases
from the full set to balance the time required to complete the questionnaire with the need
to capture a wider range of model behavior. An alternative approach could involve fewer
evaluators completing a more detailed questionnaire or a larger group completing a shorter
questionnaire. The present study adopted a middle approach to capture a broader range
of perspectives.

AHAPD also does not fully capture temporal variations across the day, weekends,
or seasons because it was represented by the average of selected time periods. These
variations are important because residential neighborhoods may have higher populations
at night, office districts during working hours, transportation hubs during commuting
periods, and tourism areas during weekends or particular seasons. Using different temporal
objectives could therefore reveal different relationships between urban features and ambient
population density. The performance of each evaluator type may also change depending
on the temporal objective being evaluated. Some temporal or functional characteristics may
be easier to infer from aerial imagery, while others may be better represented by numerical
features. As a result, the relative performance of humans, Al models, and the baseline
model may vary when different forms of spatial reasoning are required.

The dataset itself was developed at the proof-of-concept stage. Data from OSM
and MSS were collected manually and combined to create the training dataset. Because
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this process was not conducted at scale, the training dataset remained limited and only
one main AHAPD objective was explored. Future studies could expand the dataset and
evaluate additional temporal objectives to examine how relationships among urban features,
evaluator reasoning, and prediction performance change under different conditions.

The Al model evaluation is also limited by the stochastic nature of generative Al
outputs. Each Al model was tested only once, meaning that the recorded result may not
represent its average or best possible performance. However, the single-run design was
consistent with the human evaluation procedure, in which each evaluator completed the
questionnaire only once. Similarly, the comparison used the predictions from the single
previously trained baseline model rather than repeated model-training runs. Future studies
could conduct repeated Al sessions and multiple model-training runs to quantify variation
within each evaluator type.

Finally, the study relies mainly on isolated aerial images centered on each neighbor-
hood, providing limited spatial context beyond the defined study area. This may affect
human and Al judgments in cases where important activities, urban functions, or con-
nections are located outside the visible area. Future studies could provide additional
regional context or multi-scale imagery while maintaining consistent information across
questionnaire cases.

4.5. Future Studies

In addition to the improvement directions discussed in the Section 4.4, several areas
should be explored in future studies to improve the baseline model and move it toward
practical application. A priority is the development of a more adaptable data-collection
pipeline. Because data quality and availability are critical for machine learning, an auto-
mated pipeline that can regularly retrieve and integrate updated OSM data would improve
both the scale and reliability of the training dataset. Adding vision capability and incorpo-
rating the spatial distribution of land use could also make the baseline model more robust.
With these improvements, future comparison could use more similar input conditions
across evaluator types and provide a fairer evaluation.

Further analysis of additional cases from the dataset could also help identify situations
in which the baseline model, humans, or Al models have particular advantages. Expanding
the study area would be useful for neighborhoods where urban activity is not centered on
the station or where important attractions and activity centers are located just outside the
current study boundary. To further improve the benchmark, a complementary study with
fewer evaluators but more detailed questions and deeper analysis could also be valuable.
Exploring potential applications of the framework in professional planning and urban
analysis contexts is another important direction.

In this study, uncalibrated predicted class probabilities were used to represent the
baseline model’s confidence. Future studies could apply probability calibration methods,
such as sigmoid calibration or isotonic regression, to improve the reliability of these confi-
dence scores. Calibration may reduce some of the discrepancies observed in cases where
the baseline model produced highly confident but incorrect predictions. It would therefore
be useful to compare the confidence patterns of a calibrated baseline model with those
of human evaluators and Al models. However, calibration should not simply involve
uniformly reducing confidence values, because the relationship between predicted prob-
ability and correctness may vary across cases. Probability calibration may improve the
reliability and interpretation of confidence estimates, but it would not necessarily improve
classification accuracy.

This study focuses entirely on Japanese neighborhoods, so the extent to which the
findings can be generalized internationally remains uncertain. Japanese neighborhoods
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have distinctive characteristics related to public transportation, urban compactness, land-
use patterns, and cultural context that may differ from those in other countries. However,
the same general framework could be applied elsewhere by training a country-specific
machine learning model using locally available data and evaluating it with the same
questionnaire-based methodology. One important challenge would be identifying a suitable
proxy for AHAPD, since the MSS data used in this study are available in Japan but may not
have a direct equivalent in other countries. Cross-country applications of the framework
could help determine which findings are specific to the Japanese context and which are
more broadly applicable.

5. Conclusions

This study evaluated the performance of a previously trained XGBoost baseline model
by comparing it with human evaluators and multimodal Al models using a questionnaire-
based benchmark. It also examined similarities and differences in their performance,
reasoning, confidence, strengths, and weaknesses through the spatial reasoning task of
estimating Average Hourly Ambient Population Density (AHAPD). The benchmark was
designed to evaluate the three evaluator types across accuracy, reasoning, and confidence. It
was first tested internally and refined before being distributed to external human evaluators
with different demographic and professional backgrounds and varying levels of familiarity
with Japan. The same benchmark was also distributed to 5 free-tier commercially available
multimodal AI models. In total, 100 responses were analyzed: 94 human evaluators, 5 Al
models, and 1 output from the baseline model.

Within this diagnostic benchmark, the baseline model scored 16 points. This was 6%
higher than the average score of the 94 human evaluators, which was 15.1 points, and 12.7%
higher than the average score of the 5 tested Al models, which was 14.2 points. The baseline
model also performed close to human evaluators with domain expertise, who averaged
15.8 points. However, these results should be interpreted within the conditions of the
benchmark. The questionnaire cases were intentionally selected based on baseline-model
correctness and confidence, and human subgroup sizes varied because recruitment was
not controlled. The Al result should also be interpreted cautiously, as only five free-tier
multimodal Al models were tested, each in a single stochastic run under limitations such as
rate limits, restricted context windows, and possible prompt fatigue. Therefore, the reported
scores should not be treated as population-level estimates, overall test-set performance, or
the upper-bound capability of current multimodel Al models. Nevertheless, the results
suggest that a task-specific ML model trained on a relatively small dataset can remain
competitive in a narrowly defined spatial reasoning task.

The reasoning analysis revealed clear differences among evaluator types. Humans
tended to emphasize features such as Residential A, CommercialA, and GreenArea, while
Al models prioritized TransportationA and the baseline model assigned more weight to
RoadCount and LandUseDiversity. Human evaluators and Al models showed greater
similarity to each other, possibly because both use visual and numerical information, while
the baseline model relied only on tabular features. This allows the baseline model to
provide a complementary perspective based on patterns that may not be immediately
apparent through visual interpretation.

Confidence analysis also revealed different behavioral patterns. Human and Al
confidence generally corresponded with response correctness, while the baseline model
sometimes produced highly confident but incorrect predictions. Because its confidence was
represented by uncalibrated predicted class probabilities, some of these discrepancies may
reflect probability miscalibration. Comparing confidence across evaluator types also helped
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identify cases of agreement, disagreement, and differing levels of certainty, providing
insight beyond accuracy alone.

The main contribution of this study is therefore not simply the comparison of final
accuracy scores. It is the development of a questionnaire-based diagnostic benchmark
that enables a task-specific ML model, human intuition, and multimodal Al models to be
compared across accuracy, reasoning, and confidence in the same spatial reasoning task.
This framework could also be adapted to future task-specific comparisons among different
evaluator types. By examining feature priorities, confidence patterns, and discrepancy
cases, the benchmark provides a more detailed understanding of how different evaluator
types make decisions.

Overall, the baseline model demonstrated performance comparable to the average
human evaluator with domain expertise under the conditions of this benchmark. At the
same time, the differences observed in reasoning and confidence suggest that no single
evaluator type consistently has an advantage across all cases. Humans and multimodal Al
models benefit from visual interpretation, while the baseline model can identify numerical
relationships that may be less intuitive. Combining these complementary forms of spatial
reasoning may therefore provide a useful direction for improving future ambient popu-
lation density estimation models. Future work should expand the dataset, improve the
data-collection pipeline, incorporate spatial and visual information, evaluate probability
calibration, conduct repeated Al evaluations, and test the framework in other geographic
and temporal contexts.
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The following abbreviations are used in this manuscript:

AHAPD  Average Hourly Ambient Population Density

ACQ Average Confidence for Question Q
DFI Derived Feature Importance

ML Machine Learning

MSS Mobile Spatial Statistics
Appendix A
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Figure A1. Confusion Matrix showing all predictions made by the baseline model on the testing
dataset. The neighborhoods used in the questionnaire were selected from this confusion matrix.
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context of Classes 0, 1, and 2.
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Table A1. Definitions, SHAP values, correlation directions, and data sources for the 16 input features

used by the baseline model.

. Mean Absolute .
Feature Name. Description SHAP (Class ‘') Correlation Source
CommercialA Total floor area of cgmmercml land use 0.276235 + GIS & OSM
(bank, bar, cafe, commercial, restaurant, retail, etc.)
EducationA Total floor area of educatllonal land use 1.ncluc.11ng 0.047702 _ GIS & OSM
(college, language_school, kindergarten, university, etc.)

HealthA T(?ta}l floor area of health relff\ted land’ use including 0.021966 B GIS & OSM
(clinic, dentist, doctors, hospital, nursing_home, etc.)

InstitutionA thal .ﬂoor area of institutional lar}d use including 0.016998 _ GIS & OSM
(civic, fire_station, government, police, townhall, etc.)

Recreational A Total floor area of recreational lapd use 0.032891 _ GIS & OSM

(arts_centre, barn, bbq, church, community_centre, etc.)
. . Total floor area of residential type of land use
Residential A (apartments, detached, dormitory, house, residential, etc.) 0.102843 * GIS & OSM
TransportationA Total floor area of transportation land use 0.091451 + GIS & OSM
(bus_station, ferry_terminal, train_station, etc.)

WorkA To.tal floor area of wgrk rel.ated land use 0.016481 + GIS & OSM
(coworking_space, industrial, office, warehouse, etc.)

FloorArea Total footprint x Number of Floors of all buildings within 0190040 . GIS & OSM

the study area.
RoadCount Total number of roa'd sggment within the road networks 0.476555 . GIS & OSM
within the study area
GreenArea Total floor area of .lelsure type of land use 0.148018 + GIS & OSM
(park, garden, pitch, playground, etc.)

LandUseDiversity Total types of land use within the study area 0.952107 + GIS & OSM
TotalLandUse Total count of all land use types within the study area 0.109048 + GIS & OSM
BasedDensity Municipality Population/Total Land Area (ha) 0.818544 + e-Stats
TaxPayerPer Number of Taxpayer/Municipality Population 0.141565 + e-Stats

TaxIncome Tax revenue of the Municipality 0.214959 + e-Stats
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