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Abstract

Visual landscape assessment informs highway corridor planning decisions, yet conven-
tional surveys scale poorly with corridor length. Multimodal large language models
(MLLMs) offer a scalable alternative, but their alignment with road-user preferences re-
mains poorly understood. This study aimed to quantify the extent to which MLLM-derived
visual preference rankings align with those of road users. The comparison used 80 images
across 16 landscape character groups along 418 km of Malaysia’s North-South Express-
way. Five MLLMs (ChatGPT, Claude, Gemini, Kimi, and Qwen) were queried under three
prompt formulations using complete pairwise comparison with AB/BA reversal, yielding
94,800 judgements. Bradley-Terry rankings were then compared against rating-scale re-
sponses from 400 road users. The five models converged strongly (Kendall’s W = 0.926),
whereas baseline AI-human agreement was moderate (image-level p = 0.622; group-level
p = 0.697). Divergences are concentrated in two opposing categories. Paddy landscapes,
ranked first by humans, fell to thirteenth in the AI ranking, whereas advertisement-
dominated scenes were overvalued. Excluding the paddy group raised correlations to 0.772
and 0.911. A theory-directed prompt achieved comparable gains (p = 0.775 and 0.929) and
restored paddy to third rank. A hybrid Al-screening, human-targeted protocol is proposed
for corridor-scale visual planning.

Keywords: multimodal large language model; highway landscape; pairwise comparison;
Bradley—Terry model; prompt engineering; landscape character assessment; road-user
perception

1. Introduction

Highway corridor planning increasingly requires systematic attention to the visual
environment that road users encounter at speed. As primary arteries of regional con-
nectivity, these corridors expose vast numbers of users to extended sequences of visual
environments [1]. The roadside landscape thus serves as a consequential component of
the public realm, where users encounter diverse visual elements, including natural terrain,
vegetation, engineered structures, and cultural landmarks [2].
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Appreciating the aesthetic qualities of highway landscapes, including their contribu-
tion to regional identity and cultural heritage [3,4], is complicated by the unique perceptual
conditions of highway travel. Unlike urban or parkland settings, where users move slowly
and can freely redirect their gaze, highway travel imposes a constrained forward-facing
perspective at high speed, affording limited temporal windows for visual fixation and
cognitive processing of roadside elements [5,6].

Moreover, highway corridors traverse heterogeneous land-use mosaics that may
transition rapidly from agricultural landscapes to suburban developments, industrial
zones, and urban cores within a single journey [7]. This spatial heterogeneity, combined
with the temporal compression inherent in high-speed travel, creates a dynamic perceptual
environment that cannot be adequately captured by traditional static landscape assessment
methodologies developed for parks, urban squares, or recreational areas.

Contemporary urbanisation has fundamentally altered the visual character of high-
way corridors [8] as suburban development progressively encroaches on formerly rural
and natural landscapes. Numerous infrastructure projects have proceeded with inade-
quate attention to landscape ecological consequences, resulting in land-use conversion,
vegetation loss, and increased landscape fragmentation [9]. Understanding how highway
users perceive these evolving environments is therefore essential for corridor management
strategies that balance infrastructure needs with landscape quality.

Research on landscape perception has long recognised that such evaluations arise from
the interaction between biophysical landscape properties and the perceptual-cognitive
processes of human observers, a relationship that has been studied through expert, psy-
chophysical, cognitive, and experiential paradigms [10]. Within the psychophysical tra-
dition, in particular, photo-based survey methods have become a standard tool in which
representative images are presented to respondents who rate their visual appeal on ordinal
scales, and these ratings are then linked to measurable landscape features [11]. Such ap-
proaches have proven effective for establishing preference hierarchies among landscape
types and for identifying structural attributes—such as land-type diversity and the presence
of water—that predict visual preference [12].

Within Southeast Asia, and Malaysia in particular, this photo-based tradition has
documented distinctive preferences for tropical expressway scenery. Early reviews of
Malaysian highway landscapes identified the Kedah paddy plains and the Kinta Valley
limestone hills as emblematic scenic assets of the national expressway network [13], and
user surveys along the North-South Expressway itself confirmed strong preferences for
natural and cultivated roadside elements [14]. The cultural weight of these agricultural
scenes is well established: across Southeast Asia, traditional rice landscapes carry deep
associations with cultural identity and landscape aesthetics [15].

However, these survey-based methods remain resource-intensive, time-consuming,
and difficult to scale across broader spatial contexts [16]. These logistical demands escalate
sharply with corridor length, limiting the spatial coverage that human surveys alone can
achieve along extended highway networks. The recent emergence of multimodal large
language models (MLLMs), capable of processing both images and text, has raised the
prospect that such models could serve as complementary tools for simulating human
landscape preference evaluations at scale. However, their alignment with the nuanced
judgements of different stakeholder groups requires further validation [17].

Recent advances in MLLMs have opened new possibilities for automated visual assess-
ment. Unlike earlier computational approaches that relied on curated aesthetic datasets and
task-specific pipelines [18], contemporary MLLMs integrate visual and linguistic processing
within unified architectures trained on web-scale corpora, enabling flexible vision-language
reasoning across diverse tasks [19]. Emerging applications have shown that MLLMs can
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score landscapes against predefined criteria with moderate positive correlations to hu-
man ratings, though systematic geographic biases persist [20]. Assessments of natural
landscape preferences similarly indicate significant Al-human alignment on dimensions
such as complexity, coherence, mystery, and overall preference, but not on legibility [17].
However, findings remain inconsistent: Stakeholder-informed prompt engineering can
improve model-human correlation by 38-85% [16], and baseline MLLM predictions often
diverge markedly from human rankings [21]. Moreover, broader evaluations have revealed
a persistent gap between perceptual accuracy and genuine cognitive understanding in
MLLMs, with models failing a substantial proportion of reasoning tasks even when visual
recognition is correct [22]. This variability underscores the need to move beyond global
agreement metrics and identify the specific landscape conditions under which Al-human
convergence holds or breaks down.

Several gaps limit the current understanding of MLLM-based landscape preference
assessment. First, studies of landscape preference have relied exclusively on absolute
rating formats, in which models assign numerical scores to individual images [16,17,21].
This approach is susceptible to calibration instability across judge models [23] and can-
not diagnose position bias—the tendency to favour whichever option appears first or
second in a comparison—a limitation extensively documented in text-based LLM-as-a-
judge tasks [23,24]. Pairwise comparison has recently been introduced in adjacent urban-
perception research, but existing implementations either employed a single model [25,26]
or, where multiple models were compared, sampled an incomplete subset of pairs for
safety perception without positional counterbalancing [27]. No visual landscape study has
yet to implement a complete pairwise design with systematic positional reversal, leaving
the position bias unquantified in this domain. Second, prior work has focused on sin-
gle landscape or environmental contexts, such as agricultural heritage sites [16], natural
scenes from standardised datasets [17], urban green and blue spaces [21], or street-level
urban environments [20,25,27,28], without systematically evaluating AlI-human agreement
across a typologically diverse range of landscape characters within a single study corridor.
Third, MLLMs are better at identifying which elements are present in a landscape than
at capturing how those elements are spatially arranged [16,21], consistent with evidence
that vision-language models encode object-level semantics more reliably than the spatial
relationships among objects [29]. The implications for landscape types whose value derives
from holistic or contextual qualities remain largely unexplored. Finally, model breadth
and prompt depth have never been crossed at scale. Recent urban-perception studies have
compared up to six [28], seven [27], or nine [30] models, but the multi-model comparison
was invariably conducted under a single scoring prompt and rating format, so that model
differences cannot be separated from prompt sensitivity. Where prompt variation was
examined at all, it was largely confined to a single model: prior-knowledge ablations were
restricted to Claude-3.7-Sonnet [28], a role-play probe was applied only to GPT-40 [27], and
three prompt formulations were tested on a single model [20]. In landscape preference
research specifically, no more than two models have been compared [16,17], and even the
one study to pair prompt adaptation with two models tested only a single characteristic-
augmented variant, with the second model included merely as a sensitivity check [16].
Consequently, whether observed Al-human discrepancies reflect particular architectural
limitations, prompt-design artefacts, or broader constraints of the MLLM paradigm can-
not be disentangled by any existing design (Table 1). Beyond these methodological gaps,
MLLM landscape preferences have yet to be systematically compared with those of road
users in a tropical Southeast Asian corridor.
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Table 1. Comparison of prior MLLM-based landscape and urban-perception preference studies with
the present study across five methodological dimensions.

Prompt Evaluation Position-Bias Landscape
Study Models () Formulations (n) Paradigm Control Scope
2 (baseline vs.
characteristic-
augmented “Apt”) .
Lin et al. [16] GPT- 402 Qwen3 X 3 personas; Absolute rating None A%llz;:;:;tu;al
g Apt mainly on GPT- &
40, Qwen3 as
sensitivity check
Tung et al. [17] 2 1 (structured Absolute ratin None Natural scenes
& ' GPT-4, LLaVA questionnaire) &
Malekzadeh ! Sr(ilc:)}];Z?;i?tsel:ieal)y Absolute ratin None Urban
etal. [20] GPT-4 8 street-level
X 2 personas
1 1 (BROKE role- Typical open
Liu et al. [21] GPT-4 play); 1333 Absolute rating None spaces
agent personas (urban/rural)
1 o Urban
Zhou et al. [25] GPT-4o 1 (no persona) Pairwise; ternary  None reported street-level
1 1 (zero-shot, S Urban
Yoo et al. [26] GPT-4o no persona) Pairwise; ternary No AB/BA street-level
7 1 (expert persona); Urban
Zhangetal. [27]  5open-source +  role-play tested on  Pairwise; ternary =~ None reported street-level
GPT-4V, GPT-40 GPT-40 only
1 (no persona);
6 prior-knowledge . Urban
Ma & Kwan [28] 4 closed + 2 open  ablation on Claude- Absolute rating None street-level
3.7-Sonnet only
9 2 role-based, but
only 1 scores . Urban
Yao et al. [30] 6 open + Absolute rating None

3 commercial

(2nd = renewal text,
not in comparison)

street-level

The objective of this study is to quantify how closely MLLM-derived visual preference
rankings align with those of road users, to identify where and why the two diverge, and
thereby to establish the conditions under which MLLMs can support corridor-scale visual
assessment. This study addresses these gaps by conducting a systematic comparison of
MLLM-derived and human visual preference rankings for highway landscape characters
along a 418 km corridor of Malaysia’s North-South Expressway. Five independently
developed MLLMs were queried under three prompt formulations using a complete
pairwise-comparison design with full AB/BA positional reversal, and their rankings were
compared against ratings from 400 respondents across 16 landscape character groups.
An additional forced-choice human survey (N = 60) was administered to calibrate the
response format. The study tested five hypotheses that (1) the five commercial MLLMs
(ChatGPT, Claude, Gemini, Kimi, and Qwen) will produce convergent preference rankings
for highway landscape images; (2) the Al ensemble’s preference ranking will be affected by
prompt formulation; (3) the Al-derived ensemble ranking will show a significant positive
correlation with human preferences at both the image and group levels; (4) Al-human
divergences will be systematic, concentrating in specific landscape character groups; and
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(5) AI-human agreement will be affected by whether human and Al preferences are elicited
using the same response format.

2. Materials and Methods

This study employed a mixed-method design comprising four stages (Figure 1). Stage 1
assembled the stimulus set of 80 georeferenced highway landscape images (five per group),
drawn from a 1828-image corpus previously classified and validated in a companion
study [31]. Stage 2 collected human visual preference ratings for all 80 images via a
bilingual online survey (N = 400); an independent pairwise validation survey (N = 60)
was additionally administered on a 48-image subset to calibrate the response format.
Stage 3 conducted a complete pairwise comparison of all 3160 unique image pairs across
five independently queried MLLMs under three prompt formulations, with full AB/BA
positional reversal, yielding 6320 x 5 x 3 = 94,800 forced-choice judgements. Stage 4
integrated the human and Al preference data through Bradley-Terry modelling, cross-
model reliability analysis, systematic AI-Human divergence identification, progressive
prompt refinement, and instrument calibration. The following subsections detail each stage.

2.1. Study Area

The study corridor comprises the 418.26 km northern section of Malaysia’s North—
South Expressway (NSE) (Figure 2), extending from Plaza Tol Jalan Duta in Kuala Lumpur
northward to Alor Setar Utara Toll Plaza in Kedah. As the country’s principal controlled-
access highway, the NSE traverses multiple states and passes through a diverse mosaic of
land-use contexts—urban peripheries, monoculture plantation belts, irrigated agricultural
plains, and undulating forested terrain, thus providing substantial variation in roadside
visual environments.

2.2. Image Acquisition and Stimulus Set Construction
2.2.1. Corridor-Scale Image Sampling

A preliminary vehicle-mounted survey using a dashboard camera was conducted
along the entire corridor to establish georeferenced sampling points and map the spatial
distribution of landscape characters. All images used in subsequent analyses were then
sourced from Google Street View at the corresponding locations, as Street View provided
standardised resolution, consistent viewing geometry, and reproducible capture conditions
suitable for comparative preference assessment.

Images were extracted at approximately 250 m intervals along the northbound road-
way. A quality-control procedure excluded frames affected by vehicular occlusion (e.g.,
preceding trucks blocking the forward view) or severely degraded atmospheric visibility.
The resulting dataset comprised 1828 geo-referenced images (median spacing = 222 m; 90th
percentile = 312 m), collectively documenting the visual environment of the entire corridor
at a resolution sufficient to capture transitions between landscape characters.

2.2.2. Landscape Character Classification

The visual environments along the study corridor were classified into 16 highway land-
scape character groups in a companion study [31], which documents the full classification
protocol and its validation. Each character label captures the visually dominant elements
in the driver’s forward view. For example, a landscape character classified as “paddy and
vegetation” may include some background hills, but the rice field is the defining character.
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1. Image Corpus 2. Landscape Character 3. Stimulus Selection

Classification (16 Groups)
{
Vehicle-mounted camera (Insta360 X4), m
2.7k, 60 fps, portrait 9:16

1828 geo-referenced images

6 of 34

Landform + Land use + Land cover ]

-

2

5 images randomly selected per group

Sourced from Google Street View at 80 stimuli total, selected from 1352

1. Advertisement, 2. Bridge, 3. Dense palm, 4. Dense veg., 5. Development,

corresponding locations

~250 m intervals along the northl
roadway

low-visibility frames

Quality control removed occluded or

bound

6. Eng. wall, 7. Light veg., 8. Limestone hill, 9. Mountain, 10. Paddy &
veg., 11. Rocky cliff, 12. Slope & ad., 13. Slope dense veg., 14. Slope light
veg., 15. Urban setting, 16. Utility.

With expert + AI majority / full

candidates

consensus

*

1. Bilingual Online Survey

English & Malay versions

Distributed via Wenjuanxing
and social-media channels

2. Eligibility Criteria

Age 18+

Travelled the study corridor
within the preceding 12
months

3. Survey Structure

Section A: socio-demographic
information

Section B: 80 stimulus images
in randomised order

4. Rating Method

Five-point rating scale (Likert;
1 = least preferred, 5 = highly
preferred)

405 responses collected; 400 valid
retained

5. Calibration Survey

Independent forced-choice
sample (N = 60)

48-image subset, pairwise
format
Underpins response-format
comparison

—

4. Selected Models

1. Pairwise Comparison
Design

L)L)

Complete pairwise design
3160 unique pairs
Reasons: stability, position-bias

diagnostics, principled ranking
(Bradley-Terry)

2. Positional Debias
Protocol

Full AB/BA
reversal design

6320 comparisons
per model per prompt

Checks consistency & quantifies
position bias

3. Prompt Formulations
(X3)

Tier 1 Baseline
Tier 3 Theory-directed

Each tier adds context
without removing any baseline
content

Mid-tier MLLMs from five
independent families for
cross-model triangulation

Selected for perceptual
accuracy, efficiency, and
accessible vision API

5. API Protocol

Independent zero-context API
calls

Single composite image (A, B)

Standardised prompt with
forced-choice output

—

1. Positional Consistency
Resolution

Compare AB vs BA Cre

Consistent —

content-driven

Inconsistent —
position-driven

Construction (W)

per model per prompt

winner = 1, loser = 0

Inconsistent pairs: both 0.5

2. Win Matrix

ate 80X 80 win matrix

Consistent pairs:

3. Bradley-Terry

Fit BT model via I-LSR.

Estimate latent preference

Modelling (8i)

algorithm
choix library

a=0.01

strength

4. Score Integration

Al BT scores per model
per prompt

Human mean preference
scores

5. AI-Human Comparison
Image level (n = 80)
Group level (n = 16)
Agreement metrics: Spearman p, Kendall T, Pearson r
Top-10 & bottom-10 rank overlap

Sensitivity by excluding specific groups
Prompt-formulation effects (Ap, bootstrap 95% CI)

Response-format calibration (rating scale vs pairwise)

Human preference profile

AI preference ranking

Bias, consistency & prompt diagnostics | Cross-

thod agr

Figure 1. Overview of the four-stage research design: stimulus set assembly, human visual preference

rating, MLLM pairwise preference evaluation, and Al-human data integration.
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Figure 2. Location of the study corridor on the North-South Expressway (NSE) northern route,
Peninsular Malaysia.

The 16 groups, ordered here from predominantly natural to predominantly anthro-

s

pogenic, are: “mountain,” “limestone hill,” “rocky cliff,” “dense vegetation,” “slope dense

7o 7ot

vegetation,” “slope light vegetation,” “light vegetation,” “dense palm plantation,” “paddy

and vegetation,” “bridge,” “engineered wall,” “slope and advertisement,

az

advertisement,”

"o

“development view,” “utility,” and “urban setting.” Representative images are provided in

Table S1 of the Supplementary Materials.

2.2.3. Stimulus Selection

To construct the stimulus set for this study, five images were randomly selected per
group, yielding a total of 80 images. Selection drew exclusively from the 1352 images that
had achieved full or majority consensus in the companion study’s triangulated validation—
meaning at least two of three independently queried MLLMs agreed with the expert
label [31]. The same 80-image set was used in both the human preference survey and the
MLLM pairwise evaluation, enabling direct cross-method comparison on identical stimuli.

2.3. Human Preference Survey
2.3.1. Primary Likert Preference Survey

A bilingual online survey (English and Malay) was administered via Wenjuanxing
(www.wijx.cn) and distributed through social media channels (WhatsApp, Facebook, Tele-
gram, Instagram, WeChat) using convenience snowball sampling. Eligibility required
respondents to be at least 18 years of age and to have travelled on the study corridor
(Northern Route E1, Jalan Duta—Alor Setar Utara, in either direction) within the preceding
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12 months. Both criteria were stated at the outset of the questionnaire and confirmed by
respondents before proceeding.

The questionnaire comprised two sections. Section A collected socio-demographic and
highway-use characteristics. Section B presented the 80 stimulus images described above,
each displayed individually in a randomized order that varied across respondents to control
for sequence effects. Visual preference denotes an immediate, holistic evaluative response
to a viewed scene, reflecting the perceiver’s rapid processing of environmental information
rather than deliberate aesthetic judgement [32]. For each image, respondents rated their vi-
sual preference on a five-point rating scale (Likert; 1 = least preferred, 5 = highly preferred).
An additional image was placed at the beginning and end of this section as familiarisation
and buffer stimuli, so the ratings for these two images were excluded from the analysis. A
total of 405 responses were collected, of which 400 passed completeness and quality checks
and were retained for analysis.

2.3.2. Pairwise Validation Survey

To place human and MLLM preferences on a common forced-choice footing and to
test whether the response format itself shaped the elicited preferences, an independent
pairwise validation survey was conducted. A subset of 48 of the 80 stimulus images
was used, comprising three images randomly selected from the five available for each
of the 16 landscape character groups. Sixty respondents—recruited separately from, and
independent of, the 400 participants in the primary survey—each completed 50 forced-
choice comparisons using the identical prompt applied to the MLLMs (Section 2.4.2). Across
the sample, every one of the C (48, 2) = 1128 possible image pairs was evaluated at least
once—7 pairs once, 370 twice, and 751 three times (mean = 2.7 judgements per pair)—so that
the comparison graph was complete, with each image appearing in 119 to 130 comparisons
(mean = 125). The 45 Malaysian citizens comprised 15 Malay, 15 Chinese, and 15 Indian
respondents; the remaining 15 were non-citizens resident in Malaysia. Because this sample,
image subset, and pairwise design are independent of the primary 80-image survey and of
the MLLM C (80, 2) design, the two datasets are compared at the level of derived rankings
rather than matched pair by pair.

2.4. MLLM Pairwise Visual Preference Evaluation

To generate Al-based preference judgements, a complete pairwise comparison design
was adopted rather than direct absolute ratings (e.g., asking each model to assign a 1-5 score
to individual images).

Three considerations motivated the pairwise design for the Al evaluation. First,
absolute single-answer grading tends to produce scores that fluctuate when the judg-
ing model changes, a form of instability less pronounced in pairwise comparison [23],
making direct comparison of absolute ratings across models or against human raters
problematic. Pairwise forced-choice judgements circumvent this calibration problem by
requiring only ordinal discrimination (“which is better?”) rather than cardinal magnitude
estimation (“how good?”). This advantage has also been empirically demonstrated in
subjective image quality assessment, where forced-choice pairwise comparison yields
smaller measurement variance than rating-based methods [33]. Second, pairwise designs
allow systematic detection and quantification of position bias through AB/BA reversal, a
diagnostic capability that absolute rating cannot provide [24]. Third, the Bradley—Terry
model offers a principled statistical framework for recovering a complete preference
ranking from pairwise data [34], producing continuous-scale scores that can be directly
correlated with human-derived mean ratings.
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2.4.1. Pairwise Design and Positional Debiasing

Each image pair was presented within each model in both presentation orders: the
original order (AB) and the reversed order (BA), following the positional debiasing protocol
proposed by Shi et al. [24]. This full AB/BA reversal design doubled the number of
comparisons per model from 3160 to 6320, yielding a total of 6320 x 5 models x 3 prompt
formulations = 94,800 API calls.

2.4.2. API Protocol

Each comparison was submitted as an independent, zero-context API call, with the
decoding temperature set to 0. The model received a single composite image containing
the two images side by side (labelled A and B), a standardised prompt, and no prior
conversational history. The baseline prompt (Tier 1; Section 2.4.4) was identical across all
five models and both presentation orders:

“You are comparing two highway landscape scenes along Malaysia’s North-South
Expressway. Which scene do you find more visually preferable? Focus only on scenic
quality. Ignore weather, traffic, and road engineering. Respond with only: A or B.”

The instruction to respond with only “A” or “B” constrained the output to a forced-
choice format, eliminating hedging, ties, or extended reasoning that could introduce parsing
ambiguity. No follow-up prompts, chain-of-thought elicitation, or iterative feedback were
employed. The zero-context design ensured that each judgement was independent, pre-
venting carry-over effects from preceding comparisons.

2.4.3. Model Selection Rationale

Five models were selected from distinct commercial MLLM families: Claude Sonnet
4.6 (Anthropic, San Francisco, CA, USA), ChatGPT 5.4 (OpenAl, San Francisco, CA, USA),
Gemini 3 Flash Preview (Google, Mountain View, CA, USA), Kimi K2.5 (Moonshot Al,
Beijing, China), and Qwen3.5-Plus (Alibaba, Hangzhou, China).

First, the pairwise comparison task is a visual discrimination task with a constrained
binary output, requiring neither multi-step reasoning nor contextual memory. These are
precisely the capabilities that distinguish flagship models from their mid-tier counterparts:
recent benchmark evidence indicates that the mid-tier-to-flagship performance gap is
concentrated in higher-order cognitive reasoning, whereas perceptual accuracy remains
largely saturated across parameter scales [22]. For a purely perceptual task, mid-tier models
therefore match flagship-level performance while remaining economically viable at scale
(94,800 API calls across the five-model, three-prompt design).

Second, lightweight models were excluded because fine-grained visual recognition
remains challenging even for full-scale MLLMSs [35], and further reducing model capacity
risks compromising the discrimination needed to distinguish visually similar landscape
character groups (e.g., “slope dense vegetation” from “dense vegetation”).

2.4.4. Progressive Prompt Refinement

The three-tier design follows a general principle in prompting research: progressively
enriching the task context isolates whether a model’s errors stem from limited capability or
from limited attention to task-relevant cues. Holding the stimulus set and protocol fixed
while adding only contextual framing turns prompt formulation into a controlled manipu-
lation, so that any change in output is attributable to the added information rather than to
the model or the items. The specific progression—from a neutral baseline, to a role-based
persona, to explicit theory-derived criteria—spans the two levers most commonly used to
steer LLM judgement: perspective-taking (persona prompting) and criterion specification
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(instruction grounding). This progression generalises to any evaluative task that requires
separating what a model can perceive from what it weighs.

Each tier was administered under the identical pairwise protocol, positional reversal,
and zero-context conditions (Sections 2.4.1 and 2.4.2), and each added information without
removing any. Tier 1 was the baseline instruction, with no contextual framing. Tier 2
prepended a road-user persona, instructing the model to respond as a person who had
travelled the northern NSE corridor at least once in the preceding year, whether driving
or as a passenger, thereby testing whether adopting a local road-user perspective alters
model preferences. Tier 3 retained this persona and additionally directed attention to
two perceptual dimensions drawn from established landscape-preference theory: (i) the
openness of the outlook—whether the eye can survey into the distance while the scene
still affords some sense of enclosure or shelter—following prospect-refuge theory [36]; and
(ii) the naturalness of the scene, drawing on attention restoration theory [32,37]: natural
content tends to be restorative and visually preferred, while conspicuous human-made
elements that fail to blend into the scene tend to lower perceived scenic quality [38].
Crucially, no landscape character group was named or alluded to in any of the three
prompts; Tier 3 supplied only general, theory-derived perceptual criteria, so that any
resulting change in the ranking reflects redirected attention rather than an instruction to
favour a particular landscape character group. The full wording of all three prompts is
provided in Appendix A.

2.5. Analytical Framework

All analyses were carried out within a single, unified pipeline. Because the same
five MLLMs were queried under three prompt formulations of increasing guidance
(Tiers 1-3; Section 2.4.4), the entire pipeline below was run once per formulation: ev-
ery step, from consistency resolution and win-matrix construction through Bradley-Terry
estimation, cross-model agreement, the Al preference ranking, and the Al-human compari-
son (Sections 2.5.1-2.5.6), was repeated under each condition. The instrument calibration
in Section 2.5.7 is the single exception; as a one-off check on the human response format, it
is independent of the prompt formulations and was performed once.

2.5.1. Positional Consistency Resolution

For each of the 3160 pairs, the AB and BA results were compared to determine whether
the model consistently preferred the same image regardless of presentation order. A pair
was classified as consistent when the winning image was the same across both rounds, and
inconsistent when the two rounds preferred different images—the latter indicating that
the judgement was driven by position rather than content. This resolution was performed
independently for each model and prompt formulation, yielding a per-model consistency
rate and a characterisation of each model’s bias direction (primacy vs. recency). Bias
direction was assessed among the inconsistent pairs only: for each such pair, selecting the
image shown first in both rounds indicates a primacy effect and selecting the image shown
second a recency effect, and the proportion of a model’s inconsistent pairs falling into each
category characterised the direction—rather than merely the rate—of its position bias.

2.5.2. Win Matrix Construction

For each model under each prompt formulation, a complete 80 x 80 win matrix W was
constructed. For consistent pairs, the winner received W[i][j] = 1 and the loser WT[j][i] = 0.
For inconsistent pairs (positional ties), both entries were set to 0.5, treating the outcome as
uninformative. Because the design covers all C (80, 2) pairs, every off-diagonal cell in W is
filled, guaranteeing that the subsequent Bradley—-Terry estimation is well-defined.
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To derive the ensemble preference ranking within each prompt formulation, the five
models’ consistency-resolved winners (from Section 2.5.1) were aggregated by majority vote
across all 3160 pairs. For each pair, only the models that produced a consistent judgement
contributed a vote; the image preferred by the larger number of these consistent votes
was recorded as the ensemble winner. Pairs on which the consistent votes were evenly
split, or on which no model produced a consistent judgement, were coded as ensemble
ties (W[i][j] = WIjlli] = 0.5). For example, if four of the five models produced a consistent
judgement for a pair, a three-to-one split among them yielded an ensemble winner while
a two-to-two split was coded as a tie; the fifth (inconsistent) model contributed no vote
in either case. An ensemble win matrix was then constructed and fitted using the same
Bradley-Terry procedure described in Section 2.5.3.

2.5.3. Bradley—Terry Modelling

The Bradley—Terry model [34] was fitted to each model’s win matrix using the Iterative
Luce Spectral Ranking (I-LSR) algorithm [39], as implemented in the Python 3.10 library
choix (https:/ /github.com/lucasmaystre/choix, (accessed on 2 April 2026)), with a smooth-
ing parameter o« = 0.01 to ensure numerical stability on sparse comparison graphs. The BT
model estimates a latent preference-strength parameter 0_i for each image, such that the
probability of image i being preferred over image j is given by o(6_i — 6_j), where o(-) is the
logistic function. Fitted once per model-prompt combination and once per prompt-level
ensemble, this procedure produced, for each prompt formulation, five model rankings and
one ensemble ranking over the 80 images.

2.5.4. Cross-Model Agreement

Within each prompt formulation, agreement among the five model rankings was
quantified at the image level. Pairwise Spearman rank correlations (p) and Kendall rank
correlations (T) were computed between every pair of models” Bradley—Terry rankings,
and Kendall’s coefficient of concordance (W) was computed across all five rankings to
summarise overall convergence. Pair-level agreement was further described as the pro-
portion of the 3160 image pairs on which the models returned a unanimous verdict and
the proportion on which they reached a majority verdict. The internal coherence of each
model’s preferences was additionally checked for transitivity: among the image triples
for which all three pairwise comparisons yielded a strict (non-tied) winner, the proportion
forming an intransitive (cyclic) preference loop was computed, with low values indicating
that the transitivity assumption underlying the Bradley—Terry model is satisfied. This
step verifies that the ensemble ranking is sufficiently representative to serve as the Al
benchmark in the human comparison (Section 2.5.6).

2.5.5. Al Preference Ranking

For each prompt formulation, the ensemble Bradley-Terry ranking (Sections 2.5.2
and 2.5.3) was summarised to characterise the models” collective landscape preferences.
Image-level preference strengths were aggregated at the group level by averaging the
five images within each group, and the resulting group scores were min-max rescaled
to the [0, 1] interval for each model and the ensemble separately, to aid interpretation.
Because the cross-model agreement established in Section 2.5.4 confirms that this ensemble
is representative of the individual models, the group-level ensemble ordering serves as
the consensus Al preference that enters the human comparison. Repeating this across the
three formulations shows how the models’ collective preference ordering shifts as prompt
guidance increases.
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2.5.6. AI-Human Comparison

Within each prompt formulation, the BT scores (per-model and ensemble) were com-
pared with the human mean preference scores (N = 400) at two levels of granularity: image
level (n = 80) and group level (n = 16, computed as the mean score of the five images
within each group). Agreement was quantified using Spearman’s rank correlation (p) and
Kendall’s rank correlation (T) at both the image and group levels, with Pearson’s linear
correlation (r) additionally reported at the image level. Top-10 and bottom-10 rank overlap
was computed to assess convergence at the extremes of the preference distribution. To
quantify the uncertainty of these correlations and to test whether AI-human agreement
changed across prompt formulations, 95% confidence intervals were obtained by bootstrap
resampling (5000 resamples of the 80 images at the image level, or the 16 groups at the
group level), and the Tier 1-to-Tier 3 difference in Spearman’s p was tested by resampling
the same units and computing the bootstrap distribution of the difference. Because this
comparison was repeated across all three formulations, the ranks of the 16 groups were
also tracked across formulations to identify those whose alignment with human preference
shifted as guidance increased. To quantify how much of the divergence was driven by
individual groups, the image- and group-level correlations were recomputed, excluding
the paddy-and-vegetation group (its five images).

2.5.7. Instrument Calibration: Likert Versus Pairwise

To evaluate whether the response-format asymmetry between the human (rating scale)
and MLLM (forced-choice) tasks could account for the AI-human divergences, the human
pairwise judgements from the validation survey (Section 2.3.2) were aggregated into a win
matrix—each forced choice contributing one vote—and fitted with the same Bradley-Terry
procedure (Section 2.5.3), yielding a human pairwise preference ranking over the 48-image
subset. Two comparisons were then computed at the image level (n = 48): (i) the human
pairwise ranking against the Likert-derived human ranking from the primary survey,
quantifying the convergence of the two human instruments; and (ii) the Al ensemble
ranking against the human pairwise ranking, providing a same-paradigm (forced-choice)
Al-human comparison alongside the cross-paradigm comparison of Section 2.5.6. All
correlations were estimated using Spearman’s p, Kendall’s T, and Pearson’s r, with 95%
bootstrap confidence intervals (5000 resamples of the 48 images). A close correspondence
between the rating scale and pairwise human rankings, together with higher AI-human
agreement under a common paradigm, would indicate that the AI-human divergences
reported in Section 3.6 cannot be attributed solely to response-format asymmetry.

3. Results
3.1. Respondent Profile

The demographic and highway-use profile of the 400 valid respondents is summarised
in Table S2. Respondents were near-evenly split by gender (47.8% male, 52.2% female),
concentrated in middle adulthood (60.0% aged 25—44), and predominantly Malaysian
citizens (86.3%), with an ethnic composition broadly reflecting national diversity (Malay
41.8%, Chinese 34.0%, Indian 13.0%). Over half held a bachelor’s degree or above (52.8%),
and half resided in the Klang Valley conurbation (50.3%). Monthly household income was
spread across brackets from lower-middle to upper-middle. The vast majority held driving
licences (87.8%), and all respondents had travelled the study corridor at least once in the
preceding 12 months, with most (62.5%) having done so one to three times, confirming
first-hand familiarity with the roadside visual environment. Nearly three-quarters (73.0%)
described the corridor’s landscapes as interesting, indicating pre-existing engagement with
roadside scenery.
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3.2. Human Preference Baseline

Across the 80 images, human mean preference scores ranged from 2.163 to 3.607
on the five-point scale (grand mean = 2.936, SD = 0.417). The distribution was approxi-
mately normal (Shapiro-Wilk W = 0.994, p = 0.159), and inter-rater agreement was high
(Cronbach’s o = 0.967), confirming that the aggregated scores provide a stable base-
line for comparison with Al-derived rankings. Individual image scores are reported in
Table S3 of the Supplementary Materials.

At the group level (Table 2), group means ranged from 2.250 (“urban setting”) to
3.579 (“paddy and vegetation”). Three preference tiers are discernible. The highest-
rated tier—“paddy and vegetation” (3.579), “mountain” (3.455), and “limestone hill”
(3.350)—represents landscapes dominated by natural landforms or agrarian openness.
A middle tier spanning “dense vegetation” (3.282) down to “dense palm plantation” (2.910)
comprises vegetated and mixed characters. The lowest-rated tier—from “bridge” (2.773)
to “urban setting” (2.250)—is dominated by built infrastructure. This human preference
hierarchy serves as the benchmark against which Al-derived rankings are evaluated in the
following sections.

Table 2. Ranked group-mean preference scores for 16 highway landscape character groups (five photos
per group; N = 400).

Rank Landscape Character Group Mean Photo IDs (5)
1 Paddy and vegetation 3.579 25,29,50,73,77
2 Mountain 3.455 13,17,40, 53, 55
3 Limestone hill 3.350 2,4,45,79, 80
4 Dense vegetation 3.282 21,37,38, 51, 54
5 Rocky cliff 3.201 27,31,47, 66, 67
6 Slope dense vegetation 3.130 16,22,61,72,78
7 Slope light vegetation 3.061 1,42,57,68,74
8 Engineered wall 3.028 6,10, 14, 23, 64
9 Light vegetation 2.940 18, 19, 33, 35, 56
10 Dense palm plantation 2.910 8,44, 60,75,76
11 Bridge 2.773 26,36, 63,69, 70
12 Slope and advertisement 2.645 5,39,43,52,59
13 Advertisement 2.573 11, 30, 32,48, 71
14 Utility 2.458 7,9,28,34, 65
15 Development view 2.344 12,20, 24, 46, 62
16 Urban setting 2.250 3,15,41, 49,58

3.3. MLLM Positional Consistency and Bias

Before testing the hypotheses, this section establishes the positional reliability of the
five models on which the subsequent hypothesis tests depend. The AB/BA reversal design
was applied to all five models under each of the three prompt formulations (Figure 3).
Two patterns emerged: the rate of positional consistency was a stable, model-specific
property, whereas the direction of the residual bias was less robust and, for some models,
sensitive to prompt wording.

Consistency itself was strongly model-specific yet largely invariant to prompt wording.
Under the baseline prompt, ChatGPT was the most reliable, returning the same winner
regardless of presentation order on 93.3% of the 3160 pairs, followed by Qwen (86.0%),
Gemini (85.9%), Kimi (84.1%), and Claude (80.5%). This ordering—ChatGPT clearly highest,
Claude lowest, and the other three closely clustered—was preserved under the persona
and theory-directed prompts, and no model’s consistency shifted by more than about
four percentage points across the three tiers (Figure 3). Positional reliability is therefore
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Figure 3. AB/BA positional reliability of the five MLLMs under the three prompt formulations (Tier
1 baseline, Tier 2 persona, Tier 3 theory-directed), based on the 3160 paired image comparisons per
model and condition.

The direction of these residual flips, by contrast, was far less robust than the consis-
tency rate. Under the baseline prompt, the models fell into three groups: Gemini (95.3%
of its 445 inconsistent pairs), Kimi (97.4% of 502), and Qwen (80.8% of 443) flipped pre-
dominantly toward the first-presented image (a primacy bias); Claude flipped toward
the second (a recency bias, 87.0% of 617 pairs); and ChatGPT’s flips were almost evenly
split (51.9% versus 48.1%, i.e., no directional preference). Across the persona- and theory-
directed prompts, three tendencies held: Claude remained recency-biased, and Gemini
and Kimi remained primacy-biased under all three formulations. The other two did not.
Qwen reversed cleanly from an 80.8% primacy bias at baseline to an 80.5% recency bias
under the theory-directed prompt, and ChatGPT, near-balanced throughout, drifted to a
72.7% recency tendency under the persona prompt before returning to balance. The full
primacy/recency breakdown for all five models across the three formulations is reported
in Table 5S4 of the Supplementary Materials.

These inconsistency rates determine the information content of the win matrices, since
each inconsistent pair contributes two uninformative tie cells (W[i][j] = WIj][i] = 0.5). At
baseline, ChatGPT’s matrix contained the fewest ties (424 off-diagonal cells, 6.7%), followed
by Qwen (886), Gemini (890), Kimi (1004), and Claude (1234, 19.5%). ChatGPT’s Bradley-
Terry scores therefore have the highest discriminative resolution, and Claude’s the lowest,
a difference that propagates into the per-model rankings analysed below.
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3.4. Cross-Model Agreement

This section tests H1, which predicted convergent preference rankings across the
five independently developed MLLMs. Having established that each model’s rankings are
internally reliable, we next assessed how closely the five models agreed with one another.
Agreement was high under all three prompt formulations and, although it weakened
slightly as prompt guidance increased, it remained strong throughout. Across the five mod-
els’ Bradley-Terry rankings, the mean pairwise Spearman correlation was p = 0.908 under
the baseline prompt (range 0.860-0.953), p = 0.878 under the persona prompt (0.803-0.952),
and p = 0.886 under the theory-directed prompt (0.836-0.948); the overall five-model con-
cordance followed the same ordering (Kendall’'s W = 0.926, 0.902, and 0.909, respectively;
Figure 4). Pairwise Kendall’s T told the same story in all three conditions (mean T = 0.750,
0.710, and 0.727; full values in Table S5). That the baseline showed the tightest agreement of
the three indicates the added guidance gave the models marginally more room to diverge
rather than less, but the effect was small—no formulation’s mean correlation fell below
p=0.87.

Hierarchically clustered pairwise rank correlations between the five MLLMs, by prompt formulation

Tier 1 (baseline) Tier 2 (persona) Tier 3 (theory)

Kendall's W = 0.926 Kendall's W = 0.902 Kendall's W = 0.909

1.000

0.860 0.880

0.975

0.950

=P Claude
0.925

°
2
8
S
Spearman p

chateer{  %81° Quen

0.875

| osas
Kimi ey ChatGPT 0.850

0.825
0.863
-

0.800

N & & & £ & &
D i S & &
o o & & € o &

& &

@ o

Figure 4. Hierarchically clustered pairwise rank correlations (Spearman’s p) between the five MLLMs’
Bradley-Terry rankings over the 80 images, for each prompt formulation. Within each panel, models
are ordered by hierarchical clustering of their correlation distance (1 — p; dendrogram above), and
cells are annotated with p and its significance. Kendall’s coefficient of concordance (W) for each
formulation appears in the panel title. *** p < 0.001 (all model pairs, n = 80).

At the level of individual image pairs, the same picture held under every formulation
(Table 3): all five models returned the same winner on 55.6% of pairs under the baseline
prompt, 52.5% under the persona prompt, and 56.0% under the theory-directed prompt,
and a majority winner (at least four of five models agreeing) on 73.2%, 72.5%, and 71.7%, re-
spectively. On the pairs where at least one model produced a consistent verdict (3153-3156
of the 3160), unanimous agreement held for roughly 53-56% and majority agreement for
roughly 72-73%. That these proportions were reproduced under each of the three indepen-
dently varied prompts confirms that the convergence is a property of the models rather
than of any single elicitation.

These convergent rankings were also internally coherent under all three formulations.
For each model, the win matrix was screened for intransitive (cyclic) triples—image triples
whose pairwise outcomes formed a preference loop (i > j, j > k, k > i)—among the triples for
which all three pairwise comparisons produced a strict (non-tied) winner. Such cycles were
rare throughout: the proportion of strictly decided triples that were cyclic ranged from
0.018% to 0.140% across the five models under the baseline prompt, from 0.038% to 0.182%
under the persona prompt, and from 0.026% to 0.205% under the theory-directed prompt.
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The single departure from this pattern was Claude under the persona prompt (1.168%)—the
same condition in which Claude showed its strongest recency bias (Section 3.3) and its
lowest cross-model correlations—yet even there, 98.8% of decided triples were transitive.
The full breakdown across the five models and three formulations is reported in Table S6.
Intransitivity at this level confirms that the transitive-preference assumption underlying
the Bradley—Terry model is well satisfied across all prompts. Hence, the latent preference
strengths reported below are not artefacts of cyclic inconsistency.

Table 3. Pair-level agreement among the five MLLMs over the 3160 image pairs, under each
prompt formulation.

Prompt Formulation

Pairs Evaluated Unanimous Agreement (5 0f5) Majority Agreement (>4 of 5)

Tier 1 (baseline)
Tier 2 (persona)
Tier 3 (theory)

3153 1754 (55.6%) 2308 (73.2%)
3155 1656 (52.5%) 2287 (72.5%)
3156 1768 (56.0%) 2262 (71.7%)

Pairs evaluated = the number of pairs on which at least one model produced a consistent verdict, and percentages
are computed on this basis. Pairs on which all five models reversed their choice under AB/BA presentation
(and therefore cast no vote) are excluded: 7, 5, and 4 such pairs under the baseline, persona, and theory-directed
prompts, respectively, giving 3153, 3155, and 3156 of the 3160 pairs.

The agreement was also broadly uniform across models rather than driven by a single
pair, in every formulation. Kimi and Qwen were the most similar models throughout; their
correlation never fell below p =0.918 (p =0.953, 0.952, and 0.918 under the baseline, persona,
and theory-directed prompts), and they formed the strongest pair under the baseline and
persona prompts. Claude was consistently the most distinctive: its correlations with the
other models were the lowest in each condition, and they fell furthest under the persona
prompt (p = 0.803-0.863), consistent with its comparatively strong recency tendency in that
condition (Section 3.3). Even at this widest separation, no pairwise correlation fell below
p = 0.80 in any of the three formulations (the minimum was p = 0.803, between Claude and
Gemini under the persona prompt). The ensemble Bradley—Terry ranking, therefore, rests
on genuine consensus across all five models for each prompt, rather than agreement among
a subset, and this provides the basis for treating it as a meaningful summary of MLLM
preferences in the human comparison that follows (Section 3.6).

3.5. Al Preference Ranking: Image and Group Level

This section tests H2, which predicted that the Al ensemble’s preference ranking would
be affected by prompt formulation. At the image level, the five-model ensemble Bradley—
Terry scores for all 80 images under the three prompt formulations are reported in Table S7.
The extremes of the ranking were stable across all three prompts: the five highest-ranked
images were mountain or limestone-hill characters under every formulation (IMG_79,
IMG_55, IMG_04, IMG_45, and IMG_40 occupied the top five at baseline, with only minor
reordering under the persona and theory-directed prompts), and the five lowest-ranked
images were consistently urban-setting, utility, and development-view characters (IMG_03,
IMG_58, IMG_09, IMG_46, and IMG_49 anchored the bottom under all three). Geomor-
phologically distinctive landforms thus dominated the top of the ranking, while built and
utility characters clustered at the bottom, regardless of prompt wording.

The middle of the image-level ranking, by contrast, behaved exactly as described in the
group-level analysis below. The baseline and persona rankings were closely similar—most
images moved only a few positions between them—whereas the theory-directed prompt
substantially reordered the central images. The clearest image-level movements under the
theory-directed prompt were a coherent rise of paddy-and-vegetation characters and a fall
of advertisement and some engineered characters. All five paddy-and-vegetation images
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rose (for example, IMG_50 from rank 58 to 22, IMG_73 from 60 to 26, and IMG_29 from
25 to 12), together with slope vegetation and palm plantation characters (IMG_22 from
47 to 13; IMG_76 from 36 to 14), while advertisement characters (IMG_43 from 13 to 38;
IMG_05 from 28 to 47) and two rocky cliff characters (IMG_31 from 9 to 39; IMG_27 from
11 to 28) fell. These group-level shifts constitute the character-level reordering quantified
in the following paragraphs. Aggregating to the group level (Table 4; Figure 5), the
baseline ensemble means ranged from 0.943 (“mountain”) to 0.179 (“urban setting”). The
ordering was anchored at both ends: a high-preference group of geomorphologically
distinctive characters (“mountain,” “limestone hill,” “rocky cliff”; BT > 0.84) and a low-

i I

preference group of built and utility characters (“development view,” “utility,” “urban
setting”; BT < 0.41), with a broad middle band of vegetation, infrastructure, paddy, and
advertisement characters (BT =~ 0.53-0.79) in between. This baseline ordering was highly
consistent across the five individual models (pairwise Kendall’s T = 0.72-0.90 at the group
level), confirming that the ensemble represents a shared preference rather than the view of

any single model.

Table 4. Mean ensemble Bradley—Terry scores for the 16 landscape character groups under each
prompt formulation, with the rank of each group within that formulation in parentheses.

Landscape Character Tier 1 (Baseline) Tier 2 (Persona) Tier 3 (Theory)
Mountain 0.943 (1) 0.946 (1) 0.915 (2)
Limestone hill 0.913 (2) 0.928 (2) 0.927 (1)
Rocky cliff 0.848 (3) 0.840 (3) 0.778 (6)
Dense vegetation 0.789 (4) 0.793 (4) 0.779 (5)
Slope dense vegetation 0.716 (5) 0.723 (5) 0.793 (4)
Slope light vegetation 0.706 (6) 0.716 (6) 0.774 (7)
Slope and advertisement 0.695 (7) 0.697 (7) 0.608 (10)
Light vegetation 0.647 (8) 0.639 (10) 0.738 (9)
Advertisement 0.644 (9) 0.661 (8) 0.579 (11)
Dense palm plantation 0.622 (10) 0.642 (9) 0.743 (8)
Engineered wall 0.613 (11) 0.614 (11) 0.566 (12)
Bridge 0.592 (12) 0.597 (12) 0.459 (13)
Paddy and vegetation 0.535 (13) 0.570 (13) 0.806 (3)
Development view 0.404 (14) 0.392 (14) 0.387 (14)
Utility 0.321 (15) 0.324 (15) 0.369 (15)
Urban setting 0.179 (16) 0.179 (16) 0.122 (16)

Repeating the ranking under the three prompt formulations showed that this Al
preference ordering was not fixed but depended on the level of guidance, and did so in a
specific way (Table 4; Figure 6). The baseline and persona rankings were almost identical
(ensemble-level Kendall’s T = 0.967): adopting a road-user persona left the models’ collec-
tive ordering essentially unchanged. The theory-directed prompt, by contrast, substantially
reordered the middle of the ranking (t = 0.700 against both the baseline and the persona).
Under this prompt, paddy and vegetation characters rose, while advertisement-dominated
characters declined. Some engineered characters moved up into the upper-middle ranks:
“slope dense vegetation,” “light vegetation,” and “dense palm plantation”; “advertise-
ment” and “slope and advertisement” dropped toward the lower-middle; and “rocky cliff”
slipped from third to sixth. The largest single movement was “paddy and vegetation,”
which rose from rank 13 under both the baseline and persona prompts to rank 3 under
the theory-directed prompt; this shift was consistent across all five models, each of which
placed paddy between ranks 9 and 14 under the first two prompts and between ranks 3 and
8 under the theory-directed prompt. The high- and low-preference anchors, however, were
unaffected by prompt wording: mountain and limestone hill remained the two top-ranked
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characters, and urban setting, utility, and development views remained the three lowest,
across all formulations. These three ensemble rankings constitute the Al-side input for the
comparison against human preference in Section 3.6.

Mean Bradley-Terry score by landscape character, model, and prompt formulation
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Figure 5. Mean Bradley-Terry scores for the 16 landscape character groups, shown for each of the
five MLLMSs and their majority-vote ensemble (bold, rightmost column of each panel), under the
three prompt formulations (Tier 1 baseline, Tier 2 persona, Tier 3 theory-directed).
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Figure 6. Al ensemble versus human preference ranks for the 80 images, by prompt formulation (Tier
1 baseline, Tier 2 persona, Tier 3 theory-directed).

3.6. AI-Human Comparison

This section tests H3 and H4, which predicted, respectively, a significant positive
correlation between the Al ensemble ranking and human preferences, and systematic
Al-human divergences concentrated in specific landscape character groups. We compared
the Al ensemble rankings with the human preference benchmark (N = 400) at both the
image level (80 images) and the group level (16 landscape character groups; Table 5). Under
the baseline prompt, agreement was moderate rather than strong: the Al ensemble and
human rankings correlated at p = 0.622 (95% CI [0.42, 0.78]) across the 80 images and
p = 0.697 across the 16 groups, with concordant Kendall’s T and Pearson’s r (Table 5). The
two rankings thus shared a broad ordering—both placed natural and geomorphologically
distinctive images above built and utility ones—yet diverged substantially on specific
groups (Figure 6).
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Table 5. Agreement between AI and human landscape-preference rankings under each prompt
formulation, at the image level (80 images) and the group level (16 groups), with top-10 and bottom-
10 image overlap.

Prompt _ _ Top-10/Bottom-
Formulation Image Level (n = 80) Group Level (n =16) 10 Overlap
Spearman’s p [95% CI] T r Spearman’s p [95% CI] T (Images)
Tier 1 (baseline) 0.622[0.42,0.78] 0.482 0.648 0.697 [0.18, 0.98] 0.617 4/6
Tier 2 (persona) 0.649 [0.45, 0.80] 0.505 0.671 0.682[0.14, 0.98] 0.583 4/6
Tier 3 (theory) 0.775 [0.66, 0.86] 0.586 0.798 0.929 [0.74, 0.98] 0.783 3/7

This agreement was not fixed across prompt formulations. Adopting a road-user
persona (Tier 2) left it essentially unchanged (image p = 0.649; group p = 0.682), but the
theory-directed prompt (Tier 3) raised it markedly, to p = 0.775 (95% CI [0.66, 0.86]) at the
image level and p = 0.929 at the group level. At the image level, where the 80-image sample
affords adequate statistical power, this improvement was significant: the Tier 1-to-Tier 3
gain of Ap = +0.153 had a bootstrap 95% CI of [0.029, 0.289] (one-sided p = 0.007), and the
gain over the persona prompt was likewise significant (Ap = +0.125, 95% CI [0.012, 0.250]).
The group-level point estimate rose in parallel (0.697 to 0.929), corroborating the image-level
result; however, with only 16 groups, the group-level confidence intervals are wide (e.g.,
[0.18, 0.98] at baseline), and the Tier 1-to-Tier 3 difference did not itself reach significance
(Ap =+0.232, 95% CI [-0.045, +0.707]). We therefore treat the group-level correlations as
descriptive and rest the inferential claim on the image level: theory-directed prompting
brought the models’ preferences significantly closer to human preference, whereas persona
framing did not.

The source of both the baseline divergence and its correction is evident at the group
level (Figure 6; Table 4). The largest baseline disagreement concerned the paddy-and-
vegetation group, which human raters ranked highest (rank 1) among the 16 groups but
which the AI ensemble ranked near the bottom (rank 13) under both the baseline and
persona prompts—a 12-position undervaluation. Al also mildly overvalued the advertise-
ment and slope-and-advertisement groups relative to human raters, over-ranking them
by four to five positions. Under the theory-directed prompt, both gaps closed: the paddy-
and-vegetation group rose to rank 3, its five constituent images each moving from the
lower-middle into the upper portion of the ranking (Figure 6; Table S7), while the adver-
tisement groups fell to the lower-middle ranks where human raters had placed them. After
this correction, the only group-level discrepancy of four or more positions remaining under
Tier 3 was a modest under-ranking of the engineered-wall group. These group-level shifts
across the three prompt formulations are shown in Figure 7.

Agreement at the extremes of the distribution followed the same pattern less sharply.
The Al and human rankings shared 6 of their bottom-10 images under the baseline prompt
and 7 under the theory-directed prompt—both consistently identifying the urban, utility,
and development groups as least preferred—whereas top-10 overlap remained modest
throughout (3—4 of 10), because human raters placed the paddy group at the very top while
the Al ranking, even after correction, was still led by the mountain and limestone-hill
groups. Taken together, the comparison shows that the MLLM ensemble reproduces the
broad shape of human landscape preference; that its principal systematic departure—the
undervaluation of cultivated paddy landscape—is specific and group-bound; and that
this departure is substantially corrected by theory-directed prompting, although the exact
ordering of the most-preferred images continues to differ. To gauge how much of the Al-
human divergence was attributable to this single group, agreement was recomputed after
removing the five paddy-and-vegetation images (Figure 8). Under the baseline prompt,
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excluding paddy-raised image-level agreement from p = 0.622 to 0.772 and group-level
agreement from p = 0.697 to 0.911, the persona prompt behaved similarly (image: 0.649 to
0.780; group: 0.682 to 0.893). Under the theory-directed prompt, by contrast, the exclusion
changed agreement only marginally (image 0.775 to 0.801; group 0.929 to 0.925), because
that prompt had already corrected the paddy undervaluation. Two observations follow.
First, a single landscape character group accounted for the bulk of the baseline divergence:
with paddy set aside, the ensemble reproduced human preference at p ~ 0.77 (image)
and p ~ 0.91 (group) without any guidance. Second, baseline agreement with paddy
excluded (p = 0.772/0.911) was essentially equivalent to theory-directed agreement with
paddy retained (p = 0.775/0.929), indicating that the theory-directed prompt improved
Al-human alignment almost entirely by correcting the paddy undervaluation rather than
by re-weighting all images.

Group-level Al-human rank discrepancy across prompt formulations

Paddy and vegetation (human #1) 1
Mountain (human #2) 1

Limestone hill (human #3) 1

Dense vegetation (human #4) 1
Rocky cliff (human #5)

Slope dense vegetation (human #6)
Slope light vegetation (human #7) 1
Engineered wall (human #38) 1

Light vegetation (human #9)

Dense palm plantation (human #10) A

Bridge (human #11) A

Slope and advertisement (human #12)

Advertisement (human #13) 1
Utility (human #14) 1
Development view (human #15)

Urban setting (human #16)

+12
paddy: +12 (baseline / persona)
- +2 (theory-directed)

Prompt formulation
Tier 1 (baseline)
W Tier 2 (persona)

B Tier 3 (theory-directed)

« Al over-ranks Al under-ranks -

-5 0 5 10 15
Rank difference (Al ensemble rank — human rank)

Figure 7. Group-level Al-human preference-rank discrepancy across the 16 landscape character
groups under the three prompt formulations (Tier 1 baseline, Tier 2 persona, Tier 3 theory-directed).

3.7. Instrument Calibration

This section tests H5, which predicted that AlI-human agreement would be affected
by whether human and Al preferences are elicited using the same response format. A
potential confound in the foregoing comparison is that the Al rankings were elicited via
forced choice, whereas the human benchmark (Section 3.2) was elicited via a rating scale. To
separate genuine Al-human divergence from this difference in measurement, we collected
an independent set of human forced-choice judgements on a 48-image validation subset:
60 respondents each completed 50 pairwise comparisons (3000 judgements in total), from
which a human pairwise ranking was estimated using the same Bradley-Terry procedure
applied to the models, with each choice weighted equally. All correlations in this section
are computed over these 48 images (Table 6).
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Al-human agreement before and after excluding paddy-and-vegetation landscape characters

(a) Image level (n = 80 - 75) (b) Landscape-character-group level (n = 16 - 15)
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Figure 8. Al-human agreement (Spearman’s p) before and after excluding the paddy-and-vegetation
images, at (a) the image level and (b) the group level, for each prompt formulation. Red arrows mark
the change.

Table 6. Instrument calibration on the 48-image validation subset: agreement between human
rating-scale and forced-choice rankings, and between Al and human rankings within and across
measurement paradigms.

Comparison

Spearman’s p [95% CI] Kendall T Pearson r

(a) Human-human, across instruments and samples

Likert ratings (N = 400) vs.
forced-choice pairwise (N = 60)

0.803 [0.64, 0.90] 0.628 0.798

(b) Al ensemble vs. human, within the same (pairwise) paradigm

Tier 1 (baseline)
Tier 2 (persona)
Tier 3 (theory)

Tier 1 (baseline)
Tier 2 (persona)

0.842[0.69, 0.93] 0.688 0.849
0.851[0.71, 0.93] 0.686 0.852
0.840 [0.69, 0.92] 0.663 0.861
(c) AI ensemble vs. human, across paradigms (pairwise Al vs. Likert human; cf. Section 3.6)
0.630 - -
0.645 - -
0.774 - -

Tier 3 (theory)

Note. All correlations are computed over the 48 images evaluated in the pairwise validation study, at the
individual image level (n = 48) rather than aggregated to groups.

The two human instruments agreed strongly but not perfectly. The rating-scale ranking
(N =400) and the forced-choice ranking (N = 60) correlated at p = 0.803 (95% CI [0.64, 0.90];
Kendall’s T = 0.628, Pearson’s r = 0.798; Figure 9a). Because these two rankings come from
two independent respondent groups as well as two different elicitation methods, this value
reflects both an instrument effect and a sampling effect; it is therefore best read not as pure
measurement noise but as a realistic upper bound on the agreement attainable between
two human landscape-preference rankings obtained under different conditions. In other
words, even when two groups of human raters are measured in two ways, they place the
48 images in the same order, only to within p ~ 0.80.

This reference reframes the Al-human comparison of Section 3.6. When the Al en-
semble is compared with the human ranking elicited under the same (pairwise) paradigm,
agreement is substantially higher than the cross-paradigm figures reported earlier: p = 0.842,
0.851, and 0.840 under the baseline, persona, and theory-directed prompts, respectively
(Table 6b; Figure 9b), against the corresponding cross-paradigm values of p = 0.630, 0.645,
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and 0.774 (Table 6¢). Two implications follow. First, much of the apparent Al-human diver-
gence observed in Section 3.6 is attributable to the mismatch in measurement instrument
rather than to the models themselves: once humans are measured by forced choice, the
ensemble already matches them at p ~ 0.84—at least as closely as the two human samples
match each other (p = 0.803). Second, the advantage of theory-directed prompting seen in
Section 3.6 does not persist within a common paradigm: the three prompt formulations
agree with the human pairwise ranking almost identically (p = 0.840-0.851), indicating that
the gain attributed to theory-directed prompting in the cross-paradigm comparison largely
reflects its compensating for the rating-versus-choice mismatch, not a further improvement
once that mismatch is removed. Taken together, these results indicate that the MLLM
ensemble’s landscape-preference ordering converges with human preference to a degree
comparable to human-to-human agreement, and that the choice of elicitation instrument is
a material factor when comparing Al and human assessments.

Instrument calibration on the 48-landscape-character validation subset

(a) Human rating scale vs. forced choice

(two independent samples) (b) Al-human agreement: same vs. cross paradigm
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Figure 9. Instrument calibration on the 48 image validation subset. (a) Human rating-scale versus
forced-choice rankings, and (b) Al-human agreement within versus across measurement paradigms.

4. Discussion
4.1. Principal Findings

Five findings, each corresponding to one of the study’s five hypotheses, emerged from
this comparison.

H1 was supported. The five independently developed MLLMs converged on a highly
concordant ranking of highway landscape preference (Kendall’'s W = 0.926 under the
baseline prompt; pairwise p = 0.86-0.95), indicating that contemporary commercial MLLMs
recover a stable ordinal structure of visual preference under controlled pairwise comparison,
despite differences in training data, architecture, and position bias profiles.

H2 was supported. The Al ensemble’s preference ranking was not fixed but varied
with prompt formulation. The baseline and persona prompts produced rankings that
were closely similar, whereas the theory-directed prompt, foregrounding openness and
naturalness, substantially reordered the middle of the ranking; most notably, the paddy-
and-vegetation group rose from rank 13 to rank 3 across all five models. The mechanism
underlying this prompt sensitivity is examined in Section 4.3.

H3 was supported but qualified. The AI ensemble showed moderate agreement
with human preferences under the baseline prompt at the image level (p = 0.622) and
stronger agreement at the group level (p = 0.697). This agreement was itself sensitive to
the prompt-induced reordering noted above: under the theory-directed prompt, image-
level agreement rose to p = 0.775. The gap between AI-AI convergence (W = 0.926) and
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Al-human convergence indicates that Al and humans share a broadly similar ordering but
diverge within specific groups.

H4 was supported. Al-human divergences were systematic rather than random
and concentrated in two opposing groups: paddy-and-vegetation images were strongly
undervalued by Al relative to humans, while advertisement-related images were overval-
ued. Excluding the single paddy-and-vegetation group lifted image-level agreement from
p =0.622 to 0.772 (and group-level agreement from 0.697 to 0.911), confirming that a small
subset of groups accounted for a disproportionate share of the total discrepancy.

H5 was supported. Measured Al-human agreement at the image level depended
on the match between the human and Al rankings in the response format. When the
human benchmark was elicited by forced choice—the same paradigm as the AI—AI-
human agreement rose to p ~ 0.84, against p ~ 0.63 when the human benchmark was
rating-based (Section 3.7), indicating that a substantial part of the apparent image-level
Al-human divergence is an artefact of the asymmetric elicitation format rather than a
genuine difference in preference.

Taken together, these findings cohere into a single picture. Contemporary commercial
MLLMs recover a stable preference ordering (H1) that reproduces the broad shape of
human highway-landscape preference; once the human benchmark is elicited under the
same forced-choice paradigm, the ensemble agrees with human preference about as closely
as two human samples agree with each other (H5). This alignment coexists with a specific,
systematic blind spot—the undervaluation of cultivated paddy landscapes—that is neither
random noise nor an intrinsic limitation, and is both diagnosable and correctable through
prompt design (H2-H4). Current MLLMs are thus best understood as a credible, scalable
complement to human landscape assessment rather than a substitute: reliable across most
of the preference spectrum, but dependent on human judgement and deliberate prompting
for the specific groups on which they diverge.

4.2. Convergent Machine Preference and Its Interpretation

The high level of cross-model concordance indicates that contemporary MLLMs can
recover a relatively stable ordinal structure of visual landscape preference under controlled
comparison conditions. This should not be interpreted as evidence of human-like landscape
appreciation, since surface-level behavioural alignment between large models and humans
does not entail shared underlying mechanisms [40,41]. Rather, the convergence suggests
that many highway landscape preferences are associated with visually explicit cues, such as
topographic distinctiveness, vegetation density and layering, and the degree of urbanisation
or infrastructure dominance, which are consistently encoded across large visual models.

This convergence extends prior work, which has largely inferred MLLM landscape or
streetscape preference from a single model—for example, GPT-4 for urban attractiveness in
Helsinki [20] and GPT-4o for streetscape aesthetics in Chongqing [25]—or, when deploying
multiple models, has benchmarked each against human ratings independently rather
than quantifying cross-model concordance [42]. The present concordance across five
independent systems (W = 0.926) indicates that the broad preference ordering reported in
those single-model studies is not model-specific and generalises to the current generation
of commercial MLLMs.

The results also support the methodological value of pairwise comparison for MLLM-
based visual preference assessment. Forced-choice comparison produces lower measure-
ment variance and higher statistical sensitivity than single- and double-stimulus categorical
scaling [33]; in the present study, it enabled complete preference ranking via Bradley—Terry
modelling and, critically, allowed position bias to be diagnosed through AB/BA reversal—a
safeguard unavailable in absolute rating designs.
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Bias profiles nonetheless differed sharply across models. ChatGPT’s residual flips
were near-balanced, Claude was recency-biased, and Gemini, Kimi, and Qwen were
primacy-biased under the baseline prompt; Qwen was the only model whose direction
cleanly reversed across formulations, shifting to recency under the theory-directed prompt.
The five models also differed in ways relevant to their use as landscape evaluators. Chat-
GPT was the most positionally reliable (consistent on 93.3% of pairs) and the most position-
fair, making it the strongest single choice where only one model is affordable; Claude was
the least consistent and the most idiosyncratic in its rankings, but this same distinctiveness
makes it a useful ensemble member by diversifying error. Kimi and Qwen behaved most
similarly to each other, so their agreement should not be mistaken for independent corrob-
oration. No single model dominated on all criteria, which is the central practical argument
for the majority-vote ensemble adopted here: it averages over the model-specific position
biases and idiosyncrasies that, as Section 3.3 shows, none of the models is individually
free of.

These visual-domain directions partially track text-domain findings: evaluating fifteen
LLM judges on MTBench and DevBench, Shi et al. [24] reported GPT-4 as nearly preference-
fair (PF = 0.02), Claude-3.5-Sonnet as recency-biased (PF = 0.22), and Qwen2.5-72B as
near-fair (PF = —0.01), matching the directions observed here. Gemini, however, reversed
across domains: Gemini-1.5-pro was recency-biased in the text domain (PF = 0.23 on
MTBench) but primacy-biased in the present visual task, consistent with Shi et al.’s finding
that preference direction is highly volatile across tasks (no text-domain benchmark is
available for Kimi). This cross-model and cross-task variability is precisely why positional
resolution mattered: without AB/BA reversal, these model-specific tendencies would have
been indistinguishable from substantive landscape preferences, particularly for the strongly
directional models.

Convergence, however, is not the same as correctness. Contemporary MLLMs are
trained on heavily overlapping corpora and aligned through broadly similar procedures [19],
and models trained on similar data tend to acquire correlated biases and errors—
standardised across systems rather than diversified away [43]—a dynamic conceptually
parallel to algorithmic monoculture, in which a shared evaluative signal can lower aggre-
gate decision quality even when individually most accurate [44]. Cross-model consensus,
therefore, indexes correlated structure in how these systems were built and aligned, not the
independence that mutual corroboration would require.

This pattern also carries a methodological implication. The models’ strong mutual
agreement was obtained under a purely discriminative protocol—repeated “which is bet-
ter?” judgements—rather than absolute score assignment. Recent work on LLM-based
evaluation supports the value of this design: forced-choice pairwise assessment tends to
align more closely with human judgement than independent pointwise scoring, particularly
because the comparative framing makes fine distinctions easier to render [45,46], and, in the
visual domain, forced-choice methods are more statistically efficient than rating scales [33].
The advantage is not unconditional, however: pairwise protocols are more susceptible to
certain biases—including position effects and superficial stylistic distractors—and can exag-
gerate small differences relative to absolute scoring [47]. We therefore interpret our results
as indicating that pairwise protocols offer practical advantages for MLLM-based landscape
evaluation—chiefly position-bias diagnosis and cross-model comparability—rather than
that MLLMs are inherently weaker at absolute scoring. A direct within-model compar-
ison of the two paradigms and their respective bias profiles is a valuable direction for
future work.
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4.3. The Paddy Undervaluation as a Correctable Attentional Deficit

The models” collective preference structure and the paddy undervaluation are
two faces of the same mechanism. As the cross-model results show, the Al ensemble
organises landscape preference primarily along vertical visual complexity—topographic
relief, layering, and strong focal objects—rather than along horizontal openness, which
human raters value. Paddy landscapes score low on the former and high on the latter, so
their systematic undervaluation is a direct consequence of what the models attend to, not
an isolated anomaly.

Malaysian road-landscape surveys report that open paddy views receive higher pref-
erence ratings than other rural landscape features [48], and Japanese rural-perception
research finds that cultivated paddy landscapes are positively valued by both farming and
non-farming stakeholders, with openness and peacefulness as significant predictors of
preference [49]. The high value that Malaysian road users place on paddy landscapes is
consistent with a pattern documented elsewhere in Southeast Asia, where rice cultivation is
tied to cultural identity, collective memory, and heritage rather than to scenic drama alone.
Across the region, paddy systems from the Balinese subak landscape to the terraces of the
Philippine Cordillera are inscribed on the UNESCO World Heritage List as living cultural
landscapes [50,51] and are valued for the openness, tranquillity, and sense of rural continu-
ity they afford [15]; their significance is understood to rest on socio-ecological adaptation
and ritual continuity as much as on visual form [52]. This cultural loading is precisely the
kind of meaning that an image-only model, lacking situated regional experience, is least
equipped to recover—an interpretive gap distinct from the perceptual one, and one that no
amount of visual resolution alone would close.

The MLLMs, however, ranked the paddy group 13th, while the groups they most
favoured—mountain, limestone hill, and rocky cliff—share the topographic drama, vertical
mass, and strong contrast that paddy landscapes lack. The Al preference gradient thus
tracks vertical complexity more strongly than horizontal openness: the two rankings agree
at the extremes but diverge across the middle band, where the models resolve preference
along a dimension human raters do not privilege. Figure 10 shows the individual scenes
that most strongly drive this divergence: those that the Al ensemble over-ranked relative
to road users and those it under-ranked.

Yet the same openness that human viewers prize is liable to be encoded by MLLMs as
visual simplicity in the absence of dramatic topography or dense vegetation. Two converg-
ing accounts of how these models process characters explain this undervaluation. First,
vision-language models encode object-level semantics more reliably than the spatial and
relational structure that binds objects together, representing a scene as a loosely ordered
collection of recognised content rather than as a configured whole [53]. A paddy charac-
ter’s appeal derives substantially from its openness, depth, and uninterrupted horizontal
sweep—relational and configurational properties—rather than from any single salient ob-
ject. Hence, a model anchored on object content has little to attach high value to. By the
same logic, an advertisement-dominated character presents a large, legible, high-contrast
object that a content-oriented reader can register as informative, even though human view-
ers experience roadside advertising as visual clutter that degrades scenic quality [54,55];
MLLMs may respond positively precisely because such signage increases local contrast, ob-
ject diversity, and textural complexity. This resonates with deep-learning research showing
that conventional deep models rely on local texture and surface-level statistical regular-
ities rather than higher-order semantic structure when making visual judgements [56].
Although MLLMs differ architecturally from those convolutional networks, the tendency
to privilege easily extractable signals over contextually grounded meaning may persist
in multimodal systems that inherit vision encoders pretrained on similar objectives. Be-
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Al OVER-RANKS

yond these model-side accounts, a third explanation concerns what human raters bring to
the task. Respondents evaluated the images against the lived experience of the corridor
(Section 3.1), so their ratings plausibly encode place attachment and landscape memory
alongside the visual stimulus [57], whereas MLLMs assess only the decontextualized image.
This asymmetry is intrinsic to a road-user benchmark rather than a distortion of it.

IMG_30 -+ Advertisement
Human rank 62/80 Al rank 7/80

ik é ‘ il

IMG_43 - Slope & advertisement IMG_11 -+ Advertisement
Human rank 58/80 Al rank 13/80 Human rank 57/80 Al rank 16/80

Al UNDER-RANKS

IMG_25 - Paddy & vegetation
Human rank 3/80 Al rank 66/80

IMG_77 - Paddy & vegetation IMG_73 - Paddy & vegetation
Human rank 2/80 Al rank 61/80 Human rank 5/80 Al rank 60/80

Figure 10. Characters with the largest AlI-human rank discrepancies (baseline prompt): scenes
over-ranked by the Al ensemble (top) and under-ranked (bottom), each annotated with human and
Al ranks (out of 80).

Second, the paddy characters were visually dominated by an expansive sky, flat
terrain, and sparse foreground elements, yielding a low-complexity profile with limited
tonal contrast and minimal vertical relief. These properties run counter to the dimensions
that computational aesthetic models reward—compositional diversity, tonal contrast, and
structural complexity [58]—and align with the midrange scores that large-scale aesthetic
datasets assign to visually simple characters [18]. MLLMs, whose visual representations
are shaped by web-scale corpora reflecting these tendencies, would therefore be expected
to assign low preference scores to paddy characters.

The training corpora of all five models are proprietary and undisclosed. However,
web-scale image datasets are commonly filtered using aesthetic predictors trained on
photography-community ratings [18,59], in which calm, low-arousal themes rank among
the lowest-scoring [18]—a convention that would underrepresent flat agricultural scenes
among high-aesthetic training exemplars. Notably, the paddy undervaluation persisted
across all five independently developed models, suggesting the bias reflects curation
practices common to the current MLLM paradigm rather than the data provenance of any
single corpus.

Critically, this deficit proved correctable rather than intrinsic. The theory-directed
prompt, which foregrounded openness and naturalness as evaluation criteria, elevated
the paddy group from rank 13 to 3 across all five models. Because the stimulus set was
held fixed and only the evaluation criterion varied across the three prompt formulations,
this reversal constitutes a controlled test of the attentional account. Persona framing alone
(Tier 2) left the undervaluation essentially unchanged, whereas foregrounding openness
and naturalness (Tier 3) reversed it, isolating what the models attend to rather than what
they can perceive as the operative factor. As established in Section 3.6, this gain was
essentially equivalent to that obtained by excluding the paddy group altogether, indicating
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that the correction operated almost entirely through the paddy undervaluation rather than
through a re-weighting of all characters. That so brief a redirection of attention toward
configurational and naturalistic cues reversed a twelve-position error implies that the
relevant information was available to the models all along but was not weighted as human
viewers do. The divergence is thus better characterised as an attentional or framing deficit
rather than an inability to perceive these qualities. Mechanistically, foregrounding openness
and naturalness redirects the models” attention away from object content and compositional
complexity toward configurational openness, so that the reversal follows from a shift in
what is weighted rather than from any change in the scenes themselves. This accords with,
and refines, reports that stakeholder- or theory-informed prompting substantially improves
MLLM-human correlation [16] by isolating the specific landscape character and perceptual
criterion through which the gain is realised.

4.4. Measurement Paradigm as a Source of Apparent Divergence

A second source of apparent Al-human divergence was methodological rather than
perceptual. A potential confound in the image-level comparison of Section 3.6 is that the
Al ranking was elicited by forced choice while the human benchmark was elicited by a
rating scale. When that comparison was re-estimated on the pairwise validation subset
(Section 3.7), agreement between the ensemble and the human ranking rose from p ~ 0.63
under this cross-paradigm setup to p ~ 0.84 once the human benchmark was itself elicited
by forced choice. This same-paradigm value is statistically indistinguishable from the agree-
ment between two independent human samples measured by the two different instruments
(p = 0.803), which itself sets a realistic ceiling on the agreement attainable between any
two human landscape-preference rankings obtained under differing conditions. A material
share of what would otherwise be read as Al-human divergence is therefore an artefact of
comparing across elicitation formats rather than a genuine difference in preference.

Two implications follow. Methodologically, AlI-human comparison studies that pit
model forced choices against human ratings—or vice versa—risk overstating divergence,
and the magnitude of that overstatement here (Ap ~ 0.21 at the image level) is comparable
to the divergence the study set out to explain. Placing both judges on a common forced-
choice footing, as the pairwise design does, removes a confound that absolute-rating studies
cannot diagnose and simultaneously controls the position bias documented in Section 3.3
and in the broader LLM-as-a-judge literature [23,24]. Substantively, the finding tempers
the apparent advantage of theory-directed prompting: within a common paradigm, all
three prompt formulations agreed with the human pairwise ranking almost identically
(p = 0.840-0.851), indicating that the cross-paradigm gain attributed to theory-directed
prompting in Section 3.6 largely reflects its compensating for the rating-versus-choice
mismatch rather than a further improvement once that mismatch is removed. Prompt
engineering and instrument matching are thus partially substitutable routes to the same
end, and reported gains from either should be interpreted in light of the elicitation format
against which they are measured.

This nuance also qualifies the undervaluation of paddy in Section 4.3. Human raters
place the paddy group first only on the rating scale; under forced choice, their placement
of paddy shifts closer to the models” own placement, which is why the baseline ensemble
already matches the human pairwise ranking at p ~ 0.84 without any corrective prompting.
The undervaluation characterised in Section 4.3 is therefore most acute against rating-based
benchmarks—the standard instrument in landscape-preference research—and attenuates
once both judges are placed on a common forced-choice footing. Theory-directed prompting
and instrument matching thus address overlapping portions of the same divergence rather
than two independent ones.
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4.5. Practical Implications: A Hybrid Al-Screening, Human-Targeted Workflow

Taken together, the pattern of strengths and weaknesses documented here suggests a
division of labour rather than a wholesale substitution of human assessment by MLLMs,
and motivates a three-stage workflow for corridor-scale visual planning. The findings
indicate where each judge is reliable: the ensemble agreed with human raters with high
stability at the extremes of the distribution—consistently identifying geomorphologically
distinctive landforms as most preferred and urban, utility, and development characters
as least preferred, regardless of prompt wording (Section 3.5)—while its systematic errors
were confined to a small, identifiable set of characters.

In the first stage, the MLLM ensemble screens the full image corpus along the corridor:
pairwise evaluation is scalable to the tens of thousands of comparisons that corridor lengths
demand but that human surveys cannot feasibly cover [16], and the ensemble’s reliability at
the extremes means clearly high- and clearly low-preference segments can be triaged auto-
matically with confidence. Indeed, once the paddy group is set aside, the baseline ensemble
reproduces human preference at p ~ 0.77 at the image level and p ~ 0.91 at the group level
without any guidance (Section 3.6), so the extremes and the non-contentious middle of the
corridor can be classified reliably before any human effort is spent. In the second stage, the
characters known to be systematically misjudged—here, cultivated-agrarian landscapes
such as paddy, which are undervalued, and advertisement-dominated characters, which
are overvalued—are flagged for targeted human review (for the perceptual reasons set out
in Section 4.3). This flag matters chiefly when the planning benchmark is a rating-based
preference score, the standard instrument in landscape assessment: as Section 4.4 shows,
the paddy undervaluation is most acute against rating scales and narrows when human
input is itself collected by forced choice. A theory-directed prompt foregrounding openness
and naturalness can be applied at the screening stage to reduce, though not eliminate, the
paddy error against such rating-based benchmarks in advance. In the third stage, a focused
human survey is administered only to the flagged and ambiguous mid-ranked segments,
concentrating limited participant effort where machine judgement is least trustworthy
rather than dispersing it uniformly across a corridor whose extremes the models already
rank reliably. In operational terms, segments are flagged for human review when their
ensemble rank departs from the human benchmark by more than a preset threshold (four to
five group-level positions here) or when they belong to culturally loaded groups; because
closed-weight models update silently, the screening stage should be re-calibrated against a
small human anchor sample after each model version change. The result reserves human
judgement for the culturally and configurationally loaded cases that current MLLMs do not,
by default, evaluate as people do, while letting the ensemble carry the scalable remainder.

5. Limitations and Future Studies

Three categories of limitation bound the present conclusions and indicate directions
for further work. Accordingly, the findings should be read as applying to still-image
evaluation of a single tropical corridor by the current generation of commercial MLLMs,
rather than to in-motion highway perception, to other landscape regions, or to MLLMs as
a class.

The stimulus set was drawn from a single highway corridor in Peninsular Malaysia
and presented as static Google Street View frames, which standardise capture condi-
tions but omit the motion, peripheral flow, and temporal sequence that characterise
the actual highway-viewing experience [5]. Whether the specific divergences observed
here—particularly the paddy undervaluation—generalise to other corridors, regions, and
agrarian landscape traditions remains to be tested, since paddy was among the strongest
divergences in the dataset. Because real highway perception apprehends roadside elements
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peripherally and sequentially rather than as composed frames [60], human preference
under these conditions is arguably shaped less by fine composition than by rapidly inte-
grated impressions of openness, enclosure, and rhythm [61]. We conjecture that the models’
object-anchored bias—already evident in still images—would be amplified under dynamic
input, since salient transient objects such as signage dominate attention when viewing
time is compressed. In contrast, the gradual spatial qualities that humans integrate over a
sequence would be harder for a frame-based model to recover. Testing MLLMs on video
or image-sequence stimuli is, therefore, a natural next step. Concretely, the static protocol
could be paired with short (5-10 s) forward-facing driving clips sampled at matched loca-
tions across three or more corridors; the same five models would then rate both the static
and the video version of each site, and a static-versus-dynamic x landscape-group analysis
would test directly whether the object-anchored bias is amplified under motion.

The human benchmark, while large (N = 400), was recruited via snowball sampling.
The forced-choice sample (N = 60) that underpins H5 and the instrument-artefact inter-
pretation (Sections 3.7 and 4.4) is a further limitation: it is smaller, independent of the
main sample, and evaluated over only a 48-image subset. It establishes that the elicitation
format materially affects measured AlI-human agreement, but the precise magnitude of
the same-paradigm gain should be interpreted as indicative rather than definitive until
replicated in a larger matched sample. A direct replication would recruit a single respon-
dent pool (target N > 200) and randomly assign each participant to either the rating or the
forced-choice format over the full 80-image set, yielding a within-study, between-subjects
contrast that estimates the same-paradigm gain without the confound of two independently
recruited samples.

Five commercial MLLMs were evaluated at a single point in time. Because such models
are frequently updated and often opaque, the specific bias profiles reported here—including
the positional-consistency ordering and the paddy undervaluation—may shift with future
releases, and the findings are best read as a characterisation of the current model generation
rather than of MLLMs in general. No open-source or task-fine-tuned models were included;
fine-tuning on landscape-perception data offers a complementary route to the prompt-
based correction examined here and warrants direct comparison in future work. Such a
comparison could fine-tune one open-weight vision-language model on paired image—
preference data (for example, the 400-respondent ratings collected here) and benchmark it
against the same base model under the three-tier prompt on a held-out corridor, isolating
whether parameter-level adaptation outperforms prompt-level redirection and whether it
generalises beyond the training distribution. Reporting at the ensemble level deliberately
averages over individual-model differences; while this stabilizes the preference estimate, it
can mask model-specific behaviour of independent interest, as the divergent positional-bias
profiles in Section 3.3 illustrate.

Three prompt formulations were compared, and the theory-directed prompt was
constructed around openness and naturalness—criteria chosen post hoc to target the
divergence identified here. This tailoring demonstrates that the paddy error is correctable
in principle but does not establish that a single prompt will correct divergences of other
kinds, in other landscape types, or in other cultural settings; there is a corresponding risk
of overfitting the prompt to the particular error it was designed to address, and, because
part of the measured benefit is specific to the rating-based benchmark against which it
was assessed (Section 4.4), its value under other elicitation formats cannot be assumed.
Whether theory-directed prompting confers a general alignment benefit or only a targeted
correction of specific known biases is an open question that future work—systematically
varying the theoretical framing and the landscape types to which it is applied—will need to
resolve. A factorial design would cross several theoretical framings (e.g., prospect-refuge,
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attention-restoration, and a neutral control) against multiple landscape domains (agrarian,
urban, coastal, forest), measuring whether each framing improves alignment only for the
domain it targets or transfers across domains, thereby distinguishing a general alignment
benefit from targeted bias correction.

6. Conclusions

This study compared MLLM-derived and human visual preference rankings for
80 highway landscape images across 16 character groups along Malaysia’s North-South
Expressway. Five independently developed MLLMs converged on a highly concordant
preference ranking (Kendall’'s W = 0.926) and reproduced the broad shape of human prefer-
ence, agreeing moderately at the image level (Spearman’s p = 0.622) and more strongly at
the group level (p = 0.697) under the baseline prompt. The largest divergence—the paddy
reversal, in which humans ranked cultivated paddy landscapes first while the models
ranked them thirteenth—accounted for most of the Al-human gap; excluding this single
group raised agreement to p = 0.772 and 0.911, respectively.

Two methodological findings qualify how this gap should be read. First, the com-
plete pairwise design with AB/BA reversal proved essential: it enabled full Bradley—
Terry ranking and showed that position bias is model-specific in both magnitude and
direction, so that without reversal these tendencies would be indistinguishable from sub-
stantive preference. Second, the gap depended heavily on the elicitation format: when
the human benchmark was itself collected via forced-choice rather than rating, agree-
ment rose to p = 0.84, as close as two human samples measured by different instruments
(p = 0.803). Much of the apparent divergence—and much of the benefit attributed to
theory-directed prompting—therefore reflects a rating-versus-choice mismatch rather
than a genuine perceptual difference. Taken together, these findings reframe what Al-
human “divergence” in landscape preference actually consists of: once the measurement
paradigm is matched, alignment is close, and what remains is not diffuse unreliability
but a narrow, identifiable, and prompt-correctable blind spot. MLLMs reliably track
visually explicit cues—topographic distinctiveness, vegetation density, infrastructure
dominance—but, against the rating-based benchmarks standard in landscape research,
undervalue landscapes whose appeal rests on openness and cultural familiarity and over-
value advertisement-dominated scenes that humans read as scenic contamination. This
alignment is therefore feature- and instrument-conditional rather than uniform—a profile
that positions MLLMs as a scalable screening layer for corridor-wide visual inventory
rather than a substitute for human preference survey, with human judgement reserved for
the culturally loaded landscape character groups, and the rating-based comparisons, on
which the models are known to diverge. Whether this conditional alignment narrows as
models advance is a question the present design is equipped to track.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390 /land15071240/s1, Table S1: Representative images of the
16 highway landscape character groups; Table S2: Demographic and highway-use profile of the
400 survey respondents; Table S3: Mean visual preference scores for all 80 individual highway land-
scape images (N = 400); Table S4: Positional-bias (primacy/recency) breakdown for the five MLLMs
across the three prompt formulations; Table S5: Pairwise cross-model Kendall’s T values across the
three prompt formulations; Table S6: Intransitivity (cyclic-triple) rates for the five MLLMs across the
three prompt formulations; Table S7: Five-model ensemble Bradley—Terry scores for all 80 images
across the three prompt formulations.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

API Application programming interface

AB/BA  Original (AB) and reversed (BA) presentation orders of an image pair
BT Bradley-Terry (model)

CI Confidence interval

MLLM  Multimodal large language model

NSE North-South Expressway
Appendix A
Prompt Tier Prompt Text (Verbatim)

Tier 1 (Baseline)

You are comparing two highway landscape scenes along Malaysia’s
North-South Expressway. Which scene do you find more visually preferable?
Focus only on scenic quality. Ignore weather, traffic, and road engineering.
Answer with a single letter only, A or B, and nothing else.

Tier 2 (Persona)

You are a road user who has travelled along the northern section of Malaysia’s
North-South Expressway at least once in the past year, whether driving or
riding as a passenger. You are comparing two highway landscape scenes along
Malaysia’s North-South Expressway. Which scene do you find more visually
preferable? Focus only on scenic quality. Ignore weather, traffic, and road
engineering. Answer with a single letter only, A or B, and nothing else.

Tier 3 (Theory-directed)

You are a road user who has travelled along the northern section of Malaysia’s
North-South Expressway at least once in the past year, whether driving or
riding as a passenger. You are comparing two highway landscape scenes along
Malaysia’s North-South Expressway. Which scene do you find more visually
preferable? When judging, consider two aspects that often shape how
appealing a scene looks. First, scenes are generally favoured when the view is
open, and the eye can survey into the distance, while still offering some sense
of enclosure or shelter. Second, scenes are generally valued for their
naturalness, and conspicuous human-made elements that fail to blend into the
scene tend to lower their perceived scenic quality. Weigh how open and how
natural each scene is in this light, and respond as you genuinely see it. Focus
only on scenic quality. Ignore weather, traffic, and road engineering. Answer
with a single letter only, A or B, and nothing else.
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