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Highlights

What are the main findings?

¢ Willingness to pay was the strongest predictor of drone delivery acceptance.

* OLR provided a strong ordinal baseline, while ML models and LLM-derived sentiment
added complementary predictive value.

What are the implications of the main finding?

* Rural drone delivery should prioritize affordable and equitable same-day service.

¢ Open-ended sentiment can complement structured survey measures when evaluating
rural acceptance.

Abstract

While drone delivery has gained significant scholarly and industrial interest, rural res-
idents” acceptance of these systems remains underexplored, despite the region’s acute
logistics challenges and service inequities. Using survey data from rural U.S. residents,
this study first estimates an ordered logistic regression (OLR) model to identify factors
associated with five-level drone delivery acceptance. The study then compares OLR, multi-
nomial logistic regression (MNL), Random Forest (RF), XGBoost, and LightGBM under
matched feature sets to evaluate whether nonlinear machine-learning models improve
prediction beyond the interpretable statistical baseline. Open-ended responses are coded
into LLM-derived sentiment labels and added as supplementary predictors to test whether
unstructured feedback improves acceptance prediction. Results show that willingness to
pay is the strongest predictor of acceptance, while equitable same-day delivery demand and
post-pandemic attitude adjustment are also positively associated with higher acceptance.
Household disability status and urban accessibility are not significant after adjustment.
In the five-level analysis, OLR provides a strong ordinal baseline, while XGBoost and
other tree-based models improve selected class-level prediction metrics. In the binary
high-acceptance analysis, machine-learning models show stronger predictive performance,
especially when structured predictors are combined with sentiment features. This study
contributes to rural drone-delivery literature by linking service equity, perceived value, and
LLM-derived sentiment within a comparable statistical and machine-learning framework
for rural service design.

Keywords: drone delivery; large language model; rural logistics; service equity; sentiment
analysis
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1. Introduction

The COVID-19 pandemic has accelerated the shift in shopping behaviors toward
e-commerce. Consumers are increasingly turning to online shopping for its convenience
and speed [1-3]. The surge in e-commerce has pushed the global logistics market to new
heights, reaching US$ 500.76 billion in 2024 (more than double the size in 2020) and is
expected to reach US$ 609.59 billion by 2025 and US$ 3721.53 billion by 2034 [4]. Traditional
delivery methods relying on trucks and drivers struggle to keep up with surging customer
demands, particularly for rapid deliveries like same-day service or life-critical medical
supplies during the COVID-19 pandemic. In response to these growing logistical challenges,
especially in the context of time-sensitive or remote deliveries, drone-based services have
emerged as a promising alternative.

Major delivery companies and technology giants are exploring drone-based solutions
in their delivery services to improve efficiency. Advancements in drone technology, partic-
ularly fixed-wing drones and electric vertical takeoff and landing (eVTOL) aircraft, hold
immense potential for revolutionizing urban and rural logistics [5]. Drones not only deliver
critical medical supplies quickly in emergencies [6] but also enable same-day delivery
of lightweight packages over long distances for everyday purchases [7,8]. Examples of
such services include Amazon Prime Air drone delivery [9] and Walmart and Wing drone
delivery [10].

On the policy side, to support this technological leap, the Federal Aviation Adminis-
tration (FAA) has started to clear some regulations for drone operators to safely fly their
aircraft over the horizon without visual spotters, allowing for longer-range deliveries. The
recent release of the Unmanned Aircraft Systems (UAS) Beyond Visual Line-of-Sight Oper-
ations authorized three companies—Phoenix Air Unmanned, Uavionix, and UPS Flight
Forward—to develop their drone delivery plan under new regulations [11]. In June 2025,
the White House issued an executive order focused on promoting U.S. innovation in drone
and eVTOL technology [12]. With advancements in technologies and regulations, drone
delivery is poised to accelerate and reshape the future of logistics.

Spurred by the surge in e-commerce demand, maturing technology, and loosening
regulatory barriers, drone delivery is becoming an increasingly viable solution. Although
drone-based services are increasingly studied in both urban and rural contexts, systematic
evidence regarding rural adoption remains limited, particularly within U.S. consumer
markets. Rural areas often face unique logistical, infrastructural, and demographic chal-
lenges that differ significantly from urban contexts. Varied road conditions and long travel
distances often render traditional delivery methods slow and costly. During the COVID-19
pandemic, for instance, many rural residents were forced to retrieve packages from distant
central hubs or endure delays exceeding eight hours due to poor road conditions and
long travel distances. Overwhelmed rural post offices struggled to manage the surge in
e-commerce shipments, resulting in critical delays for essential items such as medicine,
tax rebates, and important documents [13]. To overcome these logistical barriers, drone
delivery has the potential to transform rural logistics, ensuring that rural residents enjoy
the same fast and convenient delivery options as their urban counterparts. In recognition
of this potential, companies such as Wingcopter [14] and Zipline [15] have launched pilot
programs in rural regions to assess service feasibility and market readiness.

While much attention has been devoted to technical feasibility and pilot deployments,
far less is known about how rural communities perceive and accept this emerging tech-
nology. Despite growing demand for rural logistics and the promise of drone delivery,
understanding residents” acceptance remains limited. This oversight is likely attributed to
factors such as scattered population, long distances involved, and higher delivery costs,
which together contribute to a lower return on investment (ROI) in rural areas compared to
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urban counterparts [16,17]. As drone delivery services begin to reshape the logistics land-
scape, particularly in underserved regions, it becomes increasingly important to examine
the attitudes, perceptions, and willingness of rural residents to adopt this emerging mode
of delivery [18,19].

Building on these motivations, this study seeks to examine rural residents’ acceptance
of drone-based delivery services by addressing the following four research questions:
(1) What factors influence rural residents” acceptance of drone delivery? (2) Has the COVID-
19 pandemic affected their perceptions of drone delivery? (3) Would the availability of
same-day delivery options impact their acceptance? (4) Does the presence of a household
member with a disability affect their acceptance?

To investigate these questions, the study designed a survey and developed an LLM-
enhanced empirical framework. To mitigate potential cognitive biases associated with
unfamiliar technologies like drone delivery, as discussed by Kinsey et al. [20], the ques-
tionnaire included both structured survey items and an open-ended question that allowed
respondents to express their personal views on drone delivery services. The LLM is used as
a feature-extraction tool to classify open-ended responses into sentiment categories, while
OLR, MNL, RF, XGBoost, and LightGBM are used to evaluate acceptance prediction under
comparable feature sets. This design combines the interpretability of statistical models with
the predictive flexibility of machine-learning methods [21,22].

The remainder of this paper is structured as follows. Section 2 reviews the literature
on customer acceptance of drone delivery services. Section 3 presents the data collection
process, survey variables, urban accessibility measure, and the OLR, MNL, RF, XGBoost,
and LightGBM modeling approaches. Section 4 reports the OLR results and compares
structured-only and sentiment-augmented prediction models. Section 5 discusses key
insights and their implications for rural service equity and drone delivery design. Finally,
Section 6 concludes by summarizing the study’s contributions and identifying directions
for future research.

2. Literature Review
2.1. Factors Influencing Drone Delivery Acceptance

Drone technology advancement has sparked significant research into customer de-
mand analysis and delivery route optimization. Historically, many studies concentrated
on drone delivery in urban areas [23,24], reflecting dense customer demand [25] and
the intensive study of urban airspace operations [26]. Drone delivery demand analysis
serves as a foundation for solving the drone delivery optimization problem. Traditional
demand analysis methodologies are built upon surveying methods and statistical models
to identify key factors influencing customer choices between truck and drone delivery.
For example, Otto et al. [27] conducted a comprehensive survey of current and future
applications of drone technologies, emphasizing the need for detailed strategic planning,
such as determining drone fleet sizes and evaluating potential economic and social values
in real-world scenarios.

Customers often have concerns about adopting drone delivery in urban areas, consid-
ering factors like delivery fees [28], equity [29,30], attitudes towards service quality [31], the
impact of the pandemic [32], disability [33,34], and environmental friendliness [35]. To ex-
plore the feasibility and practicality of drone technology, existing literature has investigated
the acceptance of drone-based delivery and its cost-effectiveness for companies. From a
consumer perspective, people generally hold a positive attitude toward drone delivery
services [36,37]. To meet and respond to consumer demand, retailers have conducted
cost-benefit analyses and evaluated delivery efficiency for actual retail operations [38].
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They found that drone-related delivery can reduce route costs compared to truck-only
delivery and satisfy delivery demand with fewer routes, especially in suburban areas [39].

Although several studies have started to optimize drone delivery routing or cooper-
ative truck-drone delivery problems, they often do not identify which customer groups
or socio-economic features affect the adoption of drone delivery. This limitation leads to
uncertain demand assumptions [40] and idealized, complex delivery optimization mod-
els [41-43] for large-scale networks that may not be useful for drone delivery. While there
have been significant achievements in drone-based delivery optimization [44—47], few
studies focus on potential changes in the drone delivery market and specific customer
group clustering, especially in rural areas [48] post-COVID-19 [49]. This research gap is
often due to the lack of accurate customer acceptance identification methods and updated
rural logistics market demand information for drones.

Recent research and practice increasingly address rural drone delivery directly. Tadié
et al. [50] identify regulatory, liability, privacy, cultural, and insurance barriers to rural
applications, while Wu et al. [51] show that the determinants of consumer acceptance differ
between urban and rural settings. Broader acceptance research also emphasizes perceived
usefulness, ease of use, and privacy concerns in logistics transformation [52]. Thus, the
remaining gap is not the absence of rural drone-delivery research, but the limited U.S.-
specific evidence on how rural residents evaluate service value, delivery equity, product
needs, and open-ended feedback.

2.2. Approaches to Technology Acceptance

For emerging technologies such as drone delivery, customers vary in their perceptions
of innovation [53], perceived risk, benefit, and trust [54]. These perceptions are further
shaped by attitudinal and behavioral factors [55]. Technology acceptance theories provide a
useful foundation for studying emerging delivery technologies. TAM emphasizes perceived
usefulness and ease of use, TPB highlights attitudes and perceived behavioral control, and
UTAUT/UTAUT2 incorporate broader factors such as performance expectancy, facilitat-
ing conditions, and price value [56-59]. These frameworks suggest that drone delivery
acceptance may be shaped by perceived service value, affordability, expected benefits, and
household constraints. However, because this survey was designed around rural logistics
and service-equity concerns rather than as a full test of a single acceptance theory, this
study adopts a theory-informed exploratory framework instead of a formal TAM, TPB, or
UTAUT model.

Current methods of analyzing customer acceptance of drone delivery are limited.
Traditional regression models, discrete choice models [35,60,61], and structural equation
models have been widely used to identify homogeneous groups of potential drone adopters
and examine associations among key factors, including safety, trust, regulations, and
psychological and environmental concerns [49,62-64]. These models are valuable for
interpretation, but they may be limited when the goal is out-of-sample prediction or
when the relationship between survey variables and acceptance is nonlinear. Machine-
learning methods such as RF, XGBoost, and LightGBM provide complementary tools for
assessing predictive performance and potential interactions across structured and textual
features [65-68].

Also, survey respondents may misunderstand questions or graded response options,
such as those used on Likert-type scales [69]. Factors including limited education and cog-
nitive capabilities can prevent people from clearly expressing their attitudes [70]. Cognitive
biases may also affect survey data collection and subsequent modeling [20,71]. To mitigate
these issues, it is essential to include open-ended questions in questionnaires, allowing
respondents to express their sentiments [72,73], concerns [74], or personal experiences [75].
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This approach helps reduce potential biases, while applying natural language processing to
analyze these text responses and extract valuable insights about sentiments towards drone
delivery requires further study.

Traditional natural language processing models are often used for sentiment analysis
but are limited by their parameters and training corpora, which can restrict their ability to
understand complex technological developments and long-text emotional responses. This
limitation can lead to suboptimal outcomes in areas like financial sentiment analysis [76,77].
With the rapid development of LLMs [78,79] and machine learning methods [80-82], ad-
vanced language models like ChatGPT-40 [83], LaMDA [84], and LLaMA [85] have achieved
remarkable success in various fields, including transportation [86-89], due to their advanced
language interaction and flexible interpretation capabilities. However, how LLM-derived
sentiment can be combined with theory-guided structured survey variables to understand
rural drone delivery acceptance remains unclear. Further research is needed to examine
whether sentiment extracted from open-ended responses adds predictive value beyond
conventional survey measures.

Recent research also caution that LLM-based sentiment labels may vary across models
and tasks. Boji¢ et al. [90] compared several LLMs with human annotators and found
that reliability depends on the content-analysis dimension. This supports the practice of
validating LLM outputs and comparing performance across models when constructing
research features.

2.3. Research Focus

Despite growing research on rural drone applications, evidence regarding U.S. con-
sumer acceptance remains limited, creating a critical gap in our understanding of adoption
drivers. The literature review in previous sections clearly indicates that few studies address
rural residents” acceptance of drone delivery. Consequently, understanding the factors
influencing these residents’ attitudes toward drone adoption in rural areas remains limited.
Moreover, traditional regression models face limitations in predictive accuracy and in
capturing the richness of textual data—gaps that can be more effectively addressed using
modern machine learning techniques and LLMs.

To address this gap, this study adopts a theory-informed exploratory framework
tailored to rural drone delivery acceptance. Because drone delivery remains an emerging
service and many rural residents have limited direct experience with it, the study does not
test a single formal technology-acceptance model. Instead, it focuses on four mechanisms
that are especially relevant to rural logistics and service equity: perceived service value,
post-pandemic delivery attitude change, perceived fairness in same-day delivery access,
and household accessibility needs. These mechanisms are operationalized through four
focal predictors: willingness to pay a premium, post-pandemic attitude adjustment, opinion
on equitable same-day delivery, and household disability or mobility limitation. Building
on these insights, this study examines whether rural residents” acceptance of drone delivery
is associated with the following four key factors:

1.  Willingness to pay a premium for drone delivery.

2. Attitudinal changes influenced by the COVID-19 pandemic.
3. Perceived fairness and demand for same-day delivery.

4.  Physical disability or mobility limitations in the household.

On the methodological side, this study integrates structured survey responses, LLM-
derived sentiment from open-ended comments, and comparable statistical and machine-
learning models. The LLM is used as a feature-extraction tool to classify open-ended
responses into sentiment categories, while OLR, MNL, RF, XGBoost, and LightGBM are
used to evaluate acceptance prediction under matched feature sets. This design allows the
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study to examine whether LLM-derived sentiment adds predictive value beyond theory-
guided structured survey variables, while preserving the interpretability of traditional
statistical models.

To the best of our knowledge, this study is the first to integrate customers” explicit
acceptance (derived from conventional survey questions) and latent sentiment (extracted
from open-ended questions) toward adopting drone delivery in rural areas post-pandemic,
utilizing an LLM-powered machine learning approach.

3. Method
3.1. Survey Description

This research explores how rural residents in the U.S. feel about the potential adoption
of drone delivery services after the COVID-19 pandemic. A total of 524 participants,
recruited from the Qualtrics online panel, completed the study hosted on the Qualtrics XM
platform in July 2023. All participants reside in rural areas of the United States. Although
the survey was conducted in 2023, the data remain relevant because drone delivery is still
an emerging and unevenly deployed service, especially for rural consumer markets [91,92].
Since the survey period, regulatory and commercial activity has increased, including
progress toward beyond-visual-line-of-sight operations and expanded pilot deployments,
but routine drone delivery remains limited to selected service areas rather than broadly
available rural coverage. Therefore, the 2023 survey provides a useful baseline of rural
residents’ stated acceptance before large-scale rural deployment.

After removing incomplete surveys, our final analysis included data from 512 partic-
ipants. The geographic distribution of these participants is shown in Figure 1 with their
locations represented as dots.

v

N
o
Number of Respondents

o

Figure 1. Geographic distribution of survey respondents.

The survey was designed to explore the potential of drone delivery in enhancing
accessibility and spatial equity within smart logistics systems in rural areas. Our study
investigates respondents’ perceptions of delivery experiences in their rural settings through
two major sections: drone delivery-related questions and socio-demographic inquiries.
Recognizing that respondents may have additional emotional insights beyond the struc-
tured survey questions, an open-ended question was included to gather novel ideas. A
summary of statistical indices related to socio-demographic data is provided in Table A1 in
Appendix A.
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3.2. Modeling Approach

This research investigates the factors that influence rural residents” acceptance of drone
delivery services, with the goal of improving predictive accuracy for this target market
and supporting the effective adoption and development of drone-based logistics. The
dependent variable, i.e., rural acceptance of drone delivery, is measured on a five-point
Likert ordinal scale: “Not at all,” “A little,” “Some,” “Much,” and “Very much.” The
distribution of the five acceptance levels is illustrated in Figure 2.

Very much
29%

Much
19%

Figure 2. Rural respondents” acceptance of drone delivery services.

To account for the ordinal nature of this response variable, the study first employs
the classical ordinal logistic regression (OLR) model as a benchmark. The OLR model
estimates associations between the focal predictors and the likelihood of being in a higher
acceptance category. The analysis then compares OLR with MNL and three tree-based
machine-learning classifiers, RF, XGBoost, and LightGBM, to evaluate whether alternative
modeling approaches improve out-of-sample prediction under matched feature sets.

However, rural respondents’” understanding of drone delivery may be shaped by
subjective perceptions and diverse educational backgrounds, factors not easily captured
by structured survey responses. To uncover deeper insights, this study incorporates an
open-ended question inviting participants to describe their thoughts in their own words.
These free-text responses are coded into sentiment categories using an LLM and then added
as supplementary features. The following sections detail the OLR model, LLM-derived
sentiment coding, and comparable statistical and machine-learning framework.

3.2.1. Ordinal Logistic Regression Model

To explore the association between delivery-related independent variables and ac-
ceptance categories, it necessitates an evaluation of the importance of each variable in
influencing these acceptance categories. The interaction between independent variables
and acceptance level of accessible drone delivery services is established through cross-
tabulations based on actual frequency observations, which intuitively reveal the contri-
bution of different independent variables to specific acceptance categories. The Ordinal
Logistic Regression (OLR) model is then used to fit the relationship between the dependent
variable and the related independent variables.

Before fitting the OLR model, certain assumptions must be met to ensure its validity.
These include tests for multicollinearity, parallel lines, the significance of the regression
model, and the significance of the regression coefficients [93].

The variables used in the OLR model include ordinal, categorical, and continuous
predictors. The three focal Likert predictors (i.e., willingness to pay a premium, post-
pandemic attitude adjustment, and opinion on equitable same-day delivery) are coded as
ordinal numeric variables in the main model. Nominal variables, such as gender, household
disability status, and occupation, are converted into dummy variables with one omitted
reference category.
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LetY € {1,2,...,k} denote the ordinal response categories for drone delivery accep-
tance, and let x = (x1,xp, ..., xp) T represent the vector of explanatory variables. The OLR
model estimates the cumulative log-odds of a response falling at or below a given threshold
j, conditioned on x.

Unlike multinomial logistic regression, OLR does not select one outcome category as a
base reference. Instead, it estimates threshold parameters that separate adjacent cumulative
response levels. The cumulative logit model is expressed as [93]:

. P(Y <j . :
logit(P(Y <j|x)) = ln<1_(P(;i],x|)x)> =a;— ) B ji=12...,k—1. (1)
— i=1

where P(Y < j | x) is the cumulative probability that acceptance Y does not exceed category
J, given predictors x; a; denotes the threshold parameter for category j; and p; represents
the regression coefficient for explanatory variable x;. Under the proportional-odds pa-
rameterization with a negative sign, — Zf:l Bix;, a positive coefficient §; indicates that an
increase in x; increases the likelihood of reporting higher acceptance levels. Exponentiating
the coefficients, exp(p;), yields odds ratios, where values greater than 1 correspond to
higher odds of greater acceptance, holding the other variables constant.

3.2.2. LLM-Enhanced LightGBM

In addition to the quantitative ratings collected through the survey, qualitative as-
sessments, i.e., rural residents” opinions on drone-based services, were gathered through
open-ended responses. These free-text answers capture natural language expressions that
may convey attitudes, concerns, and emotional sentiment not fully revealed through struc-
tured survey items. Because traditional OLR cannot directly incorporate raw text, the
open-ended responses were transformed into sentiment features before being used in the
prediction models.

Among the survey respondents, 259 provided codable open-ended comments about
their personal delivery experiences and attitudes toward potential drone delivery services.
Responses included comments such as, “This is interesting, but I am new to this possibility
and curious as to how it operates,” “Hope they have a good hold on the package and don’t
run into any bad weather,” and “I'm unsure about drones at this stage, but I'm sure that is
going to be a major direction going forward.”

To extract this information in a scalable and reproducible way, GPT-40 was accessed
through the API and prompted to classify each codable response into one of three sentiment
categories: positive, neutral, or negative. For the full-sample analysis, respondents without
a codable or matched text response were not treated as neutral; instead, they were assigned
to a separate “no sentiment available” category. A matched-sentiment subset was also
evaluated as a sensitivity analysis using only respondents with positive, neutral, or negative
sentiment labels.

GPT-40 was selected pragmatically because, at the time of analysis, it offered strong
instruction-following for short contextual texts, structured API output, and efficient batch
processing. Classifications were generated with the temperature set to 0.0 to reduce stochas-
tic variation. The study did not benchmark GPT-40 against all available LLMs; therefore,
model choice is treated as a methodological limitation, and cross-model comparison is
recommended for future research [90].

Prior to processing, open-ended responses were de-identified and isolated from the
survey dataset. No personal identifiers, demographics, or metadata were transmitted to
the APL Although the IRB-approved protocol (Morgan State University IRB #23/03-0072)
permitted sharing de-identified data, it did not explicitly name LLM processing, and no
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project-specific OpenAl Data Processing Agreement was established. Returned sentiment
labels were linked to the dataset locally.

The modeling framework compares two main feature sets: structured survey predic-
tors only and structured predictors plus LLM-derived sentiment. The structured predictors
are based on the OLR model specification, which includes the four focal factors and key
demographic, socioeconomic, occupational, and geographic controls. This design allows
the analysis to evaluate whether sentiment extracted from open-ended responses adds
predictive value beyond the theory-informed structured survey variables.

Several statistical and machine-learning models are compared under matched feature
sets. For the five-level acceptance outcome, OLR is used as the interpretable ordinal
baseline, MNL is used as a less restrictive statistical comparison that does not impose the
proportional-odds assumption, and RF, XGBoost, and LightGBM are used as machine-
learning classifiers. For the binary high-acceptance analysis, BLR is used as the statistical
baseline and is compared with RF, XGBoost, and LightGBM [21,94,95].

The LLM-enhanced empirical framework is illustrated in Figure 3. In this framework,
the LLM is used only for sentiment feature extraction, while prediction is performed by
statistical and machine-learning models.

'a 1\
1. Data Inputs 2. Feature Construction 3. Modeling 4. Evaluation and Interpretation
( " . .
Structured survey variables Encoded structured features A. Five-class acceptance analysis Performance comparison
i Ordered Logjstic Regression (OLR) Accuracy; Macro-F1; AUG;
o willingness to pay i
ordinal and categorical o T Weighted kappa.

o equitable same-day delivery Multinomial Logistic Regression

variables.
* post-pandemic attitude change @ B
. 4 Random Forest Ablation study
o disability E
o demographics @ XGBoost + structured only
LLM-derived sentiment ST . :
» » LightGEM » structured + sentiment

AL

Open-ended responses clasify open-ended

comments as Model explanation

free-text comments positive / neutral / negative. B. Binary high-acceptance analysis SHAP for final LightGBM
from respondens. Binary Logistic Regresson (BLR) model )

= £ b 8 Comi e

. Accessibility feature Random Forest Research implications
Geospatial data
merged geospatial XGBoost o rural service equity
urban accessibility. indicator. s . i
) Ligh(GBM adoption factors
L o service design
h; e

Figure 3. LLM-enhanced empirical framework for rural drone delivery acceptance modeling.

The raw survey dataset included various data types, including numerical, categorical,
ordinal, nominal, and textual data, which were processed to construct a comprehensive
profile of rural respondents. In addition to survey responses, this study introduced an
urban accessibility measure to capture each respondent’s spatial proximity to major urban
centers. Urban accessibility was calculated as a population-weighted, distance-decay index
using respondent coordinates and the top 200 U.S. cities by population. Details of the
measure construction are provided in Appendix B.

The final model-comparison analysis uses the OLR with structured predictors as the
common baseline. Structured-only models are compared with structured-plus-sentiment
models for both the five-level acceptance outcome and the binary high-acceptance outcome.
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For the full-sample sentiment-augmented analysis, missing or unavailable sentiment is
treated as a separate category rather than being assigned to neutral sentiment. A matched-
sentiment subset is also reported to examine model performance among respondents with
codable sentiment labels.

The dataset was divided into a training set and a test set using an 80/20 split. For
five-level acceptance, model performance was evaluated using accuracy, Macro-F1, Macro-
AUC, weighted F1, and quadratic weighted kappa. For binary high-acceptance analysis,
the acceptance categories were collapsed into high acceptance (“Much” and “Very much”)
and lower/moderate acceptance (“Not at all,” “A little,” and “Some”), and performance
was evaluated using accuracy, balanced accuracy, Macro-F1, ROC-AUC, PR-AUC, and
Cohen’s kappa.

4. Results
4.1. Ordinal Logistic Regression Results

This study selected independent variables for the OLR model based on the conceptual
framework and the four focal factors examined in the study. The final model included
willingness to pay a premium, post-pandemic attitude adjustment, opinion on equitable
same-day delivery, and household disability status, along with key demographic, socioeco-
nomic, occupational, and geographic controls. Specifically, the control variables included
gender, age, education, household income, occupation, and the 25-mile urban accessibility
index. Household size and vehicle ownership were considered but excluded from the final
specification because they were less central to the theoretical framework and did not im-
prove model parsimony or diagnostics. The correlation analysis in Appendix A is therefore
used as a descriptive check rather than as the primary basis for selecting model variables.

To ensure that the OLR model was appropriate for the ordered acceptance outcome,
it was evaluated using several diagnostic tests. The multicollinearity test showed that
all VIF values were within an acceptable range, indicating that serious multicollinearity
was not present (Table A3 in Appendix C). The proportional-odds assumption was also
satisfied based on the parallel-lines diagnostic (Table A4 in Appendix C). In addition, the
likelihood-ratio test was statistically significant, confirming that the model with predictors
performed better than the intercept-only model (Table A5 in Appendix C). These results
indicate that the OLR model is suitable for analyzing rural residents” acceptance of drone
delivery services.

As shown in Table 1, willingness to pay a premium was the strongest significant
predictor of drone delivery acceptance. A one-level increase in willingness to pay was
associated with substantially higher odds of being in a higher acceptance category. This
suggests that respondents who perceived drone delivery as valuable enough to pay extra
for were more likely to accept the service. Opinion on equitable same-day delivery was also
positively and significantly associated with acceptance, indicating that respondents who
placed greater importance on fair access to delivery services were more likely to support
drone delivery. Post-pandemic attitude adjustment was significant as well, although its
effect was smaller than the effects of willingness to pay and equitable same-day delivery.

Some control variables also showed meaningful associations. Several middle-aged
groups, especially respondents aged 55-64, had higher odds of acceptance compared with
the 18-24 reference group. Education also showed some association, with respondents
holding a bachelor’s degree reporting higher acceptance than those in the lowest education
reference group. However, household disability status was not statistically significant
after adjustment, suggesting that respondents with and without a household disability
or mobility limitation did not differ significantly in drone delivery acceptance. Urban
accessibility was also not significant, indicating that proximity to major urban centers
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alone does not explain acceptance after accounting for attitudes, willingness to pay, and
demographic factors.

Table 1. Summary of OLR model Analysis Results.

Categories Variables B Value Odds Ratio p-Value
Wllllngness to pay One-level increase (1-5) 1.546 ***  4.691 <0.001
a premium

Post-pandemic

. . One-level increase (1-5) 0.171 ** 1.187 0.048
attitude adjustment
Opinion on equitable SDD One-level increase (1-5) 0.353 ***  1.423 <0.001
No —0.044 0.957 0.842
Disability in household Prefer not to respond 0.352 1.422 0.625

Yes (base reference) — — —

25-mile accessibility index

Urban accessibility (per 0.01 increase) —0.026 0.974 0.115
Disabled /unable to work —0.834* 0.434 0.079
Farmer -0.209  0.812 0.749
Homemaker —0.153 0.858 0.648
Other specified occupation ~ —0.183  0.833 0.519
Occupation Retired 0.391 1.479 0.219
Student 0.564 1.757 0.556
Transportation/logistics 1.042 2.836 0.213
Unemployed/not working ~ —0.596  0.551 0.130
Working/professional
(base reference) - - -
Male 0.087 1.091 0.646
Gender Other/unspecified 1.790 5.988 0.160
Female (base reference) — — —
25-34 0.855**  2.352 0.019
35-44 0.573 1.774 0.108
Age 45-54 0.750* 2117 0.044
& 55-64 1.255***  3.507 0.001
65+ 0.073 1.076 0.858
18-24 (base reference) — — —
Associate/some college 0.221 1.247 0.332
Bachelor 0.701*  2.015 0.014
Education Master 0.112 1.118 0.749
PhD/Other advanced —0.740 0.477 0.184
Lowest education category
(base reference) o - o
$20k-$40k 0.184 1.202 0.514
$40k—$60k 0.229 1.258 0.471
$60k-$100k 0.217 1.242 0.502
Household income $100k-$150k 0.156 1.169 0.714
$150k+ 0.458 1.581 0.362
Prefer not to respond 0.268 1.307 0.617

<$20k (base reference) — — —
Note: The dependent variable is the five-level acceptance of drone delivery service. Willingness to pay a premium,
post-pandemic attitude adjustment, and opinion on equitable SDD are coded as ordinal numeric predictors, so
coefficients represent the association of a one-level increase in the predictor with the odds of being in a higher
acceptance category. *** Significant at 0.01 level; ** Significant at 0.05 level; * Significant at 0.1 level.

Overall, the OLR model results suggest that rural residents” acceptance of drone deliv-
ery is mainly associated with perceived service value, equity-related delivery attitudes, and
post-pandemic changes in delivery expectations. The model provides a parsimonious and
interpretable explanation of acceptance while controlling key demographic, socioeconomic,
occupational, and geographic characteristics.
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The main OLR specification directly operationalizes the four focal mechanisms stated
in the research questions and Section 2.3 and supplies the common structured feature set
for the subsequent model comparisons. It is therefore retained as the primary inferential
model because of its theory-aligned scope, parsimony, and comparability across methods,
rather than its statistical fit.

The extended OLR specification in Appendix C adds current same-day delivery
accessibility, product-interest indicators, perceived equity impact, employment impact,
and perceived well-being improvement. It fits the sample better than the main model
(McFadden pseudo—R2 =0.332 versus 0.256; AIC = 1185.787 versus 1277.425), and several
product-interest indicators become statistically significant. These findings are substantively
important and indicate that product-specific demand and service-design perceptions add
explanatory information beyond the four focal mechanisms. Because the extended model
addresses a broader service-design question and does not provide the common feature
baseline used in Section 4.2, it is presented as a complementary specification rather than a
replacement for the theory-aligned main model.

4.2. LLM-Enhanced Model Comparison

The model-comparison analysis was designed to test whether alternative statistical
and machine-learning methods improve prediction beyond the structured OLR model. The
structured-only feature set used the same predictors as the OLR model: willingness to pay,
post-pandemic attitude adjustment, opinion on equitable same-day delivery, household
disability status, gender, age, education, income, occupation, and the 25-mile urban acces-
sibility index. The structured-plus-sentiment feature set added LLM-derived sentiment
categories to these same predictors.

Two sentiment specifications were evaluated. The full-sample specification retained
all 512 respondents and treated unavailable sentiment as a separate “no sentiment avail-
able” category. This conservative approach avoids conflating missing text with neutral
sentiment. As a sensitivity check, a matched-sentiment subset was also evaluated using
only respondents with positive, neutral, or negative sentiment labels. Because this subset
excludes respondents without codable text, it is interpreted as a supplementary sensitivity
analysis rather than the primary population-level comparison.

All models were trained on 80% of the data and evaluated on the remaining 20%.
The five-level acceptance analysis compared OLR, MNL, RF, XGBoost, and LightGBM
using structured-only features and structured-plus-sentiment features. The binary high-
acceptance analysis, reported in Appendix D, compared BLR, RE, XGBoost, and Light GBM
using the same feature-set logic.

The LLM-derived sentiment labels are therefore evaluated empirically through their
incremental predictive value. This design avoids assuming that sentiment extraction
is automatically superior; instead, it tests whether adding sentiment improves model
performance beyond the theory-guided structured predictors.

As shown in Table 2, for the structured-only five-level outcome, OLR produced the
strongest ordinal discrimination and agreement performance, as shown by the highest
Macro-AUC and quadratic weighted kappa. XGBoost achieved the highest Macro-F1 and
nearly matched OLR in accuracy, indicating that nonlinear machine-learning models can
improve class-level predictive balance. These findings support the use of OLR as an inter-
pretable ordinal baseline while justifying ML models as complementary predictive checks.
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Table 2. Five-level acceptance to drone delivery with structured predictors only (full sample with
Ntest = 103)-

Model Accuracy Macro-F1 Macro-AUC Weighted F1 Weigﬁfe?izfppa
OLR 0.476 0.388 0.758 0.428 0.709
MNL 0.417 0.366 0.724 0.396 0.609
RF 0.408 0.373 0.726 0.396 0.594
XGBoost 0.466 0.444 0.737 0.460 0.583
LightGBM 0.398 0.358 0.733 0.381 0.578

As shown in Table 3, adding sentiment to the full-sample five-level models produced
modest changes in predictive performance relative to the structured-only models. OLR
continued to show the strongest Macro-AUC and quadratic weighted kappa, suggesting
that the ordered structure of the dependent variable remains important even when senti-
ment features are added. However, the improvement from sentiment was limited in the full
sample because nearly half of the respondents did not have codable sentiment and were
grouped into a “no sentiment available” category. Thus, sentiment should be interpreted as
a supplementary feature rather than a replacement for structured survey predictors.

Table 3. 5-level acceptance to drone delivery with structured predictors plus sentiment (Full sample
with Niegt = 103).

Model Accuracy Macro-F1 Macro-AUC Weighted F1 Weigll:fec:iri?:ppa
OLR 0.466 0.378 0.774 0.419 0.736
MNL 0.369 0.329 0.723 0.349 0.544
RF 0.427 0.392 0.750 0.421 0.616
XGBoost 0.447 0.413 0.731 0.437 0.594
LightGBM 0.408 0.355 0.740 0.382 0.569

As shown in Table 4, the tree-based models performed more strongly in the matched-
sentiment subset, in which all respondents had positive, neutral, or negative sentiment
labels. RF achieved the highest accuracy and Macro-F1, while XGBoost achieved the highest
Macro-AUC and quadratic weighted kappa. This suggests that sentiment features become
more informative when actual sentiment labels are available for all included respondents
and when nonlinear interactions between sentiment and structured predictors can be
captured. Because the matched subset excludes respondents without codable text, these
results are treated as sensitivity evidence rather than the main full-sample estimate.

Table 4. 5-level acceptance to drone delivery with structured predictors plus sentiment (Matched-
sentiment subset with Niegt = 52).

Model Accuracy Macro-F1 Macro-AUC Weighted F1 Wei(gll'll:ecriri?acppa
OLR 0.481 0.368 0.793 0.419 0.710
MNL 0.462 0.420 0.672 0.440 0.631
RF 0.558 0.498 0.800 0.538 0.734
XGBoost 0.519 0.479 0.832 0.500 0.802
LightGBM 0.519 0.436 0.806 0.487 0.767

The five-level results show that OLR remains a strong ordinal baseline, while tree-
based ML models provide complementary benefits, particularly when sentiment labels
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are available. To further evaluate practical adoption, the study also estimates a binary
high-acceptance outcome that distinguishes respondents who reported “Much” or “Very
much” acceptance from those reporting lower or moderate acceptance. The binary results
are reported in Appendix D because they are used as a predictive robustness check rather
than the primary inferential model.

The SHAP values in Figure 4 provide a supplementary explanation of how features
contribute to high-acceptance predictions in the tree-based models. These values should
be interpreted as model-based explanations rather than causal effects. Consistent with the
OLR and model-comparison results, willingness to pay, opinion on equitable same-day
delivery, post-pandemic attitude adjustment, and sentiment-related features were among
the important predictors of acceptance.

The results indicate that rural residents” acceptance is primarily associated with three
focal factors: willingness to pay a premium, post-pandemic attitude adjustment, and
perceived demand for equitable same-day delivery. Household disability status was not
significant in the OLR model, suggesting that the broad household disability measure may
not fully capture mobility-specific delivery needs.
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Figure 4. SHAP-based feature impacts on the predicted acceptance of drone delivery: (a) global SHAP
summary plot showing the relative importance and directional effects of all model features; (b) SHAP
dependence plot for willingness to pay a premium; (c¢) SHAP dependence plot for post-pandemic
attitude adjustment; (d) SHAP dependence plot for opinion on equitable same-day delivery; (e) SHAP
dependence plot for LLM-derived sentiment; (f) SHAP dependence plot for occupation; (g) SHAP
dependence plot for gender.

Together, the OLR, model-comparison, and SHAP-based results suggest that rural
residents weigh perceived service value, delivery equity, and post-pandemic changes in
delivery expectations when evaluating drone delivery. Sentiment extracted from open-
ended responses adds useful supplementary information, especially among respondents
with codable text, but the structured survey predictors remain the primary source of stable
explanatory and predictive signal.

5. Discussion
5.1. Feature Relationships and Model Interpretation

This section further discusses how key features relate to one another and how they
contribute to the interpretation of drone-delivery acceptance. In this discussion, the term
“feature” is used for variables in the machine-learning models, while “factor” refers to
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the same variables in the statistical interpretation. The analysis is intended to support
interpretation of the modeling results rather than provide causal evidence.

Figure 5 plots selected feature values on the X-axis and their SHAP values from the
tree-based model on the Y-axis. The color scale represents the value of a second feature,
allowing the figure to illustrate potential interactions among important predictors.

The strongest and most consistent pattern concerns willingness to pay a premium. As
shown in Figure 5a, respondents with higher willingness to pay tend to have higher SHAP
values, indicating stronger predicted acceptance. This pattern is consistent with the OLR
result that willingness to pay is the strongest focal predictor. The interaction with opinion
on equitable same-day delivery suggests that acceptance is highest when respondents both
value fast delivery equity and are willing to pay extra for drone service.
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Figure 5. Correlation analysis among acceptance-related features: (a) relationship between willingness
to pay a premium and its SHAP value, differentiated by opinion on equitable same-day delivery;
(b) relationship between opinion on equitable same-day delivery and its SHAP value, differentiated
by age group; (c) relationship between household size and its SHAP value, differentiated by opinion
on equitable same-day delivery; (d) relationship between household income and its SHAP value,
differentiated by LLM-derived sentiment.

Figure 5b illustrates the relationship between equitable same-day delivery and age.
The OLR results showed that several middle-aged groups, especially respondents aged
55-64, had higher odds of acceptance than the 18-24 reference group. This pattern suggests
that acceptance may be stronger among working-age and pre-retirement rural residents
than among the youngest and oldest respondents.

Figure 5c presents household-level patterns that were explored in the broader machine-
learning interpretation. Because household size was not retained in the OLR model, this
relationship should be interpreted as descriptive and exploratory. The main model indicates
that the core acceptance pattern is better explained by willingness to pay, equitable delivery
attitudes, and post-pandemic attitude adjustment.

Figure 5d depicts the relationship between income and predicted acceptance. Income
was retained as a key control because willingness to pay may partly reflect ability to
pay. The model results indicate that the willingness-to-pay effect remains significant after
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income is controlled, suggesting that the association reflects perceived service value rather
than income alone.

Several variables ranked lower in the model interpretation but remain useful for un-
derstanding the rural service context. Education showed some association with acceptance
in the OLR model, particularly for respondents with a bachelor’s degree. Urban accessibil-
ity, however, was not statistically significant in either the descriptive correlation table or
the OLR model, indicating that proximity to major urban centers alone does not explain
acceptance after adjusting for service attitudes and demographic characteristics.

Figure 6a illustrates the relationship between education and post-pandemic attitude
adjustment. Respondents with higher education levels may be more familiar with emerging
technologies and more receptive to delivery innovations, although this pattern is secondary
to the stronger focal predictors.

Regarding urban accessibility in Figure 6b, the analysis treats the 25-mile accessibility
index as a geographic control rather than a primary acceptance driver. Although lower
urban accessibility may intuitively suggest greater need for drone delivery, the OLR results
indicate that this relationship is not statistically significant after adjustment. This suggests
that acceptance is driven more by perceived value and delivery-equity attitudes than by
proximity to large cities alone.
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Figure 6. Dependence relationship analysis among demographic and geographic features: (a) rela-
tionship between education and its SHAP value, differentiated by post-pandemic attitude adjustment;
(b) relationship between urban accessibility and its SHAP value, differentiated by LLM-derived
sentiment; (c) relationship between household disability status and its SHAP value, differentiated
by gender.

Household disability status in Figure 6¢c was also not significant in the multivariable
OLR model. This finding should be interpreted cautiously because the survey item mea-
sured broad household disability or mobility limitation rather than specific mobility-related
barriers. Future surveys should separately measure mobility limitations, difficulty traveling
to stores or pharmacies, and whether the disability belongs to the respondent or another
household member.
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5.2. Occupation Impacts

This paper further investigates the diversity in acceptance of drone delivery and
willingness to pay additional costs for fast delivery among individuals from different
occupational backgrounds, as depicted in Figure 7. The analysis considers occupation as a
control variable because occupational background may reflect differences in work patterns,
income stability, technology exposure, and household delivery needs. Occupation was
recoded to identify respondents who selected “Other” and specified being disabled or
unable to work, allowing the model to distinguish household disability status from the
respondent’s own disability-related labor-force status.

In the OLR model, most occupation categories were not statistically different from
the working/professional reference group. The disabled /unable-to-work occupation cat-
egory showed lower odds of higher acceptance at the 0.10 significance level. This result
differs from the initial expectation that disability-related status would necessarily increase
drone-delivery acceptance. One possible explanation is that drone delivery may still be
perceived as costly, unfamiliar, or uncertain by respondents facing stronger economic or
mobility constraints.

These findings suggest that rural drone delivery should not be framed only as a
premium convenience service. Although willingness to pay is the strongest predictor, the
importance of equitable same-day delivery indicates that rural residents also evaluate
drone delivery through a service-parity lens. For policymakers and logistics providers,
this means that pricing, privacy, safety, and accessibility concerns should be addressed
together. Service designs that offer transparent pricing, targeted accessibility support,
and clear operational safeguards may be more effective than approaches that rely only on
technological novelty.
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Figure 7. Effect of occupation on acceptance of paid drone delivery.

6. Conclusions

Understanding rural residents” acceptance of drone delivery is increasingly important
as e-commerce demand grows, and logistics companies seek to expand drone delivery
services in rural areas. Despite growing interest in drone logistics, rural residents” attitudes
toward drone delivery have not been sufficiently investigated. This study addresses that
gap by combining a theory-informed exploratory framework with OLR, MNL, RF, XGBoost,
LightGBM, and LLM-derived sentiment analysis.
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Using survey data from rural U.S. residents, this paper examined four focal factors:
(1) willingness to pay a premium for drone delivery, (2) post-pandemic attitude adjustment,
(3) perceived fairness and demand for same-day delivery, and (4) household disability or
mobility limitation. The OLR model showed that willingness to pay, opinion on equitable
same-day delivery, and post-pandemic attitude adjustment were significantly associated
with higher acceptance. Household disability status was not significant after adjustment,
likely because the available survey item measured broad household disability rather than
specific mobility-related needs.

The model-comparison results show that OLR provides a strong interpretable baseline
for the five-level ordinal acceptance outcome, while machine-learning models provide
complementary predictive benefits. For binary high-acceptance prediction, tree-based
models such as XGBoost and LightGBM achieved stronger predictive performance than
the statistical baseline. LLM-derived sentiment added modest value in the full sample and
became more informative in the matched-sentiment subset, suggesting that open-ended
comments contain useful attitudinal signals when codable text is available.

The findings indicate that rural acceptance of drone delivery is shaped primarily
by perceived service value and delivery-equity attitudes rather than urban proximity
alone. Urban accessibility was not significant after adjustment, suggesting that geographic
isolation by itself does not determine acceptance. Instead, residents appear to evaluate
drone delivery according to whether it offers practical value, fair access to fast delivery,
and a credible response to changing post-pandemic delivery expectations.

Overall, this study provides logistics policymakers and delivery companies with a
practical methodology to identify rural customer groups and assess readiness for drone
delivery. By combining structured survey variables with LLM-derived sentiment and
comparable statistical and machine-learning models, the study demonstrates how hetero-
geneous survey data can support more inclusive and evidence-based rural service design.
The results suggest that future drone delivery programs should address affordability, ser-
vice equity, safety, privacy, and product-specific delivery needs rather than treating rural
markets as homogeneous.

This study has several limitations. First, the survey measures stated acceptance rather
than observed adoption behavior, and drone delivery remains unevenly deployed in rural
consumer markets. Second, the household disability measure is broad and does not distin-
guish mobility limitations from other disability types. Third, although the study includes
an urban accessibility index, it does not directly measure local infrastructure readiness, such
as broadband, cellular coverage, GPS reliability, landing-site availability, or drone-recovery
capability. Future research should integrate these technical and infrastructural barriers into
behavioral models to improve the ecological validity of rural drone deployment strategies.

In addition to these survey- and infrastructure-related limitations, the study also
faces several methodological and ethical considerations associated with the use of LLMs.
Fourth, the GPT-40 sentiment labels were not independently validated against a human-
coded benchmark. The sentiment results should therefore be interpreted as exploratory,
particularly because the improvements for the full sample were modest and the larger
gains occurred in the smaller matched-sentiment subset. Future work should use multiple
human coders, report inter-rater agreement, and benchmark multiple LLMs and model
versions using a common prompt and evaluation set [90]. Fifth, although the approved
consent form allowed the sharing of de-identified research data, it did not specifically
mention third-party LLM processing. Future studies should explicitly disclose planned
external Al processing in the consent materials and confirm the applicable institutional
data-processing arrangements before conducting the analysis.
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The significance of product-interest indicators in the supplementary extended OLR
model suggests that product type may play an important role in rural drone-delivery
demand. Future research should therefore examine how rural residents evaluate different
pricing structures, such as one-time same-day drone delivery fees, annual subscription
fees, and traditional truck-based delivery alternatives, across different product categories.
Such analysis would extend the current acceptance-focused study toward a more detailed
understanding of rural willingness to pay and product-specific demand.
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Appendix A. Socio-Demographic Data and Correlation Analysis

Table Al. Summary of Statistical Indices.

Counts

Category Variables N o

Gender Female 236 51.9%
Male 219 48.1%
18-24 45 9.9%
25-34 73 16.0%

Age 35-44 82 18.0%
45-54 74 16.3%
55-64 69 15.2%
65 or above 112 24.6%
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Table Al. Cont.

Cat Variabl Counts
ategory ariables N %
American indian or alaska native 8 1.8%
Asian 10 2.2%
Ethnicity Black or African American 56 12.3%
Hispanics of any race 34 7.5%
White 339 74.5%
Others 8 1.8%
High school or below 150 33.0%
Associate degree/some college credits 169 37.1%
Education Bachelor 81 17.8%
Master 45 9.9%
Ph.D. 10 2.2%
Business owner/Entrepreneur 37 8.1%
Creative professional 11 2.4%
Engineer 19 4.2%
Farmer 7 1.5%
Government employee 14 3.1%
Healthcare professional 20 4.4%
Housewife/Househusband 49 10.8%
. Non-profit/ NGO employee 7 1.5%
Occupation Teachir P 17 3.7%
Sales/Marketing professional 28 6.2%
Student 4 0.9%
Retired 105 23.1%
Disabled 22 4.8%
Unemployed 26 5.7%
Transportation 13 2.9%
Others 76 16.7%
1 98 21.5%
2 175 38.5%
. 3 71 15.6%
Household size 4 60 13.2%
5 33 7.3%
6 or more 18 4.0%
e, Yes 139 30.5%
Disability in household No 316 69.5%
0 40 8.8%
Car ownership 1 211 46.4%
2 144 31.6%
3 or more 60 13.2%
Own 303 66.6%
Own or rent house Rent 138 30.3%
Other 14 3.1%
Under $20,000 87 19.1%
$20,000-$40,000 129 28.4%
Household income $40,000-$60,000 83 18.2%
$60,000-$100,000 100 22.0%
$100,000-$150,000 35 7.7%
$150,000 and above 21 4.6%

The Spearman correlation Table A2 shows correlations among the focal ordinal vari-
ables and selected contextual controls. The table is intended as a descriptive check only;
the main findings are based on multivariable OLR and predictive models that adjust for
covariates and account for nonlinear patterns.

https://doi.org/10.3390/drones10070554


https://doi.org/10.3390/drones10070554

Drones 2026, 10, 554 21 of 28
Table A2. Spearman correlations among focal variables and selected controls.
>

e & ¢ o 2
o 2 £ 5 g g 9, z & o 2
Q= ® o= <9 —g = o g g 2

Variable 58 3 s % e = PR &0 5 g o4
E g & T £s 5 3 < S g <
g8 £ - &3 = A s = £
<A = = = 2

= < =)

Acceptance

on drone

delivery

Willingness

to pay 0.688 *** —

Post-

pandemic

attitude

change 0.390 *** 0.466 *** —

Opinion

on

equitable

SDD 0.420 *** 0.406 *** 0.249*** —

Household

disability 0.096 ** 0.099 ** 0.106 ** 0.113 ** —

Age —0.261**  —0.371**  —0.246** —(0.252*** —0.022 —

Education 0.043 0.005 0.099 ** —0.091*  —0.086 * 0.094 ** —

Household

income —0.018 —0.036 —0.033 0.187***  —0.194 *** 0.018 0.429 *** —

Urban

accessibility ~ 0.072 0.113 ** 0.125 *** 0.124 *** —-0.076*  —0.188 *** 0.063 0.040 —

Note: *p < 0.10; ** p < 0.05; *** p < 0.01.

The strongest descriptive association is between Willingness to pay and Acceptance to
drone delivery (p = 0.688). Opinion on equitable SDD and Post-pandemic attitude change
also show positive correlations with acceptance. Urban accessibility is not significantly
correlated with acceptance in this descriptive table, which is consistent with the OLR results.

Household disability showed a weak positive bivariate association with drone-delivery
acceptance (p = 0.096, p < 0.05), but this association was not statistically significant in the
multivariable OLR models after adjusting for willingness to pay, post-pandemic attitude
change, perceived need for equitable same-day delivery, demographic characteristics,
socioeconomic factors, occupation, and urban accessibility.

Appendix B. Urban Accessibility

This paper proposes urban accessibility analysis for rural residents based on the GPS
coordinates collected from the survey. This measure is included because proximity to
large cities may reflect differences in access to retail options, same-day delivery services,
and logistics infrastructure, which may shape rural residents’ perceived need for drone
delivery. Following prior work on distance-based interaction and neighbor selection [96],
neighboring large cities were identified for each respondent using GPS coordinates, city
coordinates, and a fixed interaction radius. Large cities were determined based on pop-
ulation size [97], and the main interaction radius was set at 25 miles, consistent with the
EDGE rural framework, which distinguishes rural-distant and rural-remote areas using a
25-mile threshold from urban areas with populations of 50,000 or more [98].

Given the interaction range, some rural respondents can travel to multiple large
cities within their search circles. Evaluating comprehensive urban accessibility among
these cities is challenging due to the varying attraction levels of each city. It is difficult
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to pinpoint which cities have the strongest accessibility attraction in real-world scenarios.
Therefore, this study introduces a two-dimensional evaluation index of urban accessibility
that considers the impacts of neighboring cities” populations and accessibility distances for
each rural respondent.

/Py N
74 L3 r \\ B = \\ Large City, P;
l&} 6/7 | [ bas 6/7 A Rural Respondent’s Location, C;
P, \ 114\1 / \ lz& i l T Accessibility Range (25 miles)
\ P % / lij Distance between C; & P
N +/ Ps N g, 7~ P : =
~—_— ~ Si Neighbor Cities Set S; for Rural
Three large neighboring cities Two large neighboring cities Respondent C;

Figure A1. Selection of neighboring large cities.

To calculate urban accessibility, the study uses the spatial accessible distances between
rural residents’ locations and neighboring large cities based on graph theory. This study
regularizes the actual distance into an accessible distance using a designed proximity
influence function, as shown in Equation (A1). The function value is constrained within

the interval [0, 1).
flx) = 1me
14

where f(x) is the accessible distance between a rural resident’s location and one of the

(A1)

neighboring large cities; x is the reciprocal of the actual distance.
After regularizing the distances, the cities’ populations [99] are normalized into corre-
sponding population weights in Equation (A2).
w = 00 (A2)
7 maxgen POP;
where w; is the population weight for a neighboring large city P;; POP; is the actual
population size for this city P; N represents all large cities set in US.

Finally, the study calculates the cumulative product of the converted accessible dis-
tance and the population weight of each neighboring large city, as shown in Equation (A3).
The calculated urban accessibility index U; for a rural resident C; can be described in
Figure A2. Based on the urban accessibility index calculated from the collected survey data,
most respondents are located far from large cities, with index values below 0.2. This verifies
the accuracy of the collected dataset and ensures that our analysis effectively focuses on
rural areas.

U= Yy % f() (A3)

js; if

>=0.2

0.02~0.2

Figure A2. Urban accessibility index.
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To assess sensitivity to the selected interaction radius, we also computed 10-mile and
50-mile versions of the index. The share of respondents with at least one top-200 city
within range increased from 39.3% under the 10-mile specification, to 58.4% under the
25-mile specification, and to 78.1% under the 50-mile specification. Thus, the 25-mile radius
provides a balanced middle specification between a restrictive local-access measure and a
broader regional-access measure.

Appendix C. Statistical Assessment of the ORL Model

Table A3 evaluates whether the independent variables in the model are highly cor-
related with each other, which could distort the regression results. None of the Variance
Inflation Factor (VIF) values are more than 5, which indicates that multicollinearity is
not a concern in this model, meaning each predictor contributes unique information to
the analysis.

Table A3. Assessment of multicollinearity.

Independent Variables max_VIF mean_VIF n_Columns
Willingness to pay a premium 1.651 1.651 1
Post-pandemic attitude adjustment 1.456 1.456 1
Opinion on equitable SDD 1.384 1.384 1
Disability 1.344 1.230 2
Urban accessibility 1.052 1.052 1
Occupation 2.592 1.442 8
Gender 1.194 1.129 2
Age 4.932 3.048 5
Education 1.640 1.435 4
Income 2.286 1.776 6

Table A4 tests the proportional odds (PO) assumption, a key requirement for ordinal
logistic regression. A large p value suggests that we do not reject the proportional-odds
assumption for the OLR model.

Table A4. Test of parallel lines.

Number of Number of
Model N Outcome Encoded Test
Categories Predictors

Chi P
Square df Value

Approximate
Brant/Wald
test of equal
OLR 512 5 31 slopes 7.800 93 1.0
across
cumulative
logits

Table A5 reports likelihood-based goodness-of-fit statistics for the main OLR model
and the extended OLR model specifications.

The row labeled “OLR” in Table A5 reports the goodness-of-fit statistics for the OLR
model. The likelihood-ratio test was statistically significant, indicating that OLR model fits
the data better than an intercept-only model.

Overall, these diagnostics support the reliability of the model’s findings and its suit-
ability for interpreting ordinal outcomes. The extended OLR specification adds current
same-day delivery accessibility, product-interest indicators, perceived equity impact, em-
ployment impact, and perceived well-being improvement. It shows lower AIC and BIC and
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a higher McFadden pseudo—R2 than the main model (Table A4), confirming that the broader
variables add explanatory information. The main model remains the primary inferential

and model-comparison baseline because it directly operationalizes the four focal research

mechanisms and uses the common structured feature set, while the extended specification

is interpreted as a complementary service-design model, not as an analytically unimportant

appendix check.

Table A5. Combined goodness of fit.

Numbert of
Log McFadden LR P
Model N Enc?ded Likelihood AIC BIC Pseudo R? Chi Square Value
Predictors
OLR 512 31 —603.713 1277.425 1425.767 0.256 415.485 31 <0.001
g)itle{nded 512 47 —541.893 1185.787  1401.491 0.332 539.123 47 <0.001
Appendix D. Binary Analysis

This appendix reports the binary high-acceptance analysis. The binary outcome was
coded as 1 for respondents who selected “Much” or “Very much” acceptance and 0 for
respondents who selected “Not at all,” “A little,” or “Some.” This analysis is used as a
predictive robustness check because it focuses on respondents most likely to adopt drone
delivery if the service becomes available.

For the binary high-acceptance task, the ML models generally performed more strongly
than the statistical baseline, especially when structured predictors were used. XGBoost
performed best in the full-sample structured-only and structured-plus-sentiment compar-
isons, while LightGBM and RF performed strongly in the matched-sentiment subset. These
results suggest that machine-learning models are particularly useful when the research
goal is to classify high-acceptance respondents rather than interpret an ordered five-level
outcome. The matched-sentiment results should be interpreted as sensitivity evidence
because they exclude respondents without codable text responses.

Table A6. Binary acceptance to drone delivery with structured predictors only (Full sample with
Ntest = 103)-
Sensitivity ~ Specificity
Balanced Macro ROC PR Weighted Recall Recall Not
Model Accuracy 4 ccuracy -F1 -AUC -AUC F1 Kappa High HighAe- N FP N TP
Acceptance ceptance
BLR 0.728 0.729 0.726 0.848 0.855 0.729 0.453 0.733 0.724 © 16 12 33
RF 0.757 0.755 0.754 0.846 0.838 0.758 0.508 0.733 0.776 45 13 12 33
XGBoost 0.777 0.762 0.766 0.862 0.857 0.772 0.536 0.644 0.879 51 7 16 29
LightGBM 0767 0.756 0.759 0.847 0.844 0.764 0.519 0.667 0.845 9 9 15 30
Table A7. Binary acceptance to drone delivery with structured predictors plus sentiment (Full sample
with Ntest = 103)
Sensitivity  Specificity
Balanced Macro ROC PR Weighted Recall Recall Not
Model Accuracy  y ccuracy -F1 -AUC -AUC F1 Kappa High HighAc- N FP N TP
Acceptance ceptance
BLR 0.757 0.760 0.756 0.847 0.839 0.758 0.513 0.778 0.741 4 15 10 35
RF 0.757 0.752 0.753 0.840 0.826 0.757 0.505 0.711 0.793 %6 12 13 32
XGBoost 0.786 0.778 0.780 0.861 0.848 0.785 0.562 0.711 0.845 9 9 13 3
LightGBM  0.786 0.780 0.782 0.854 0.847 0.786 0.564 0.733 0.828 46 10 12 33
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Table A8. Binary acceptance to drone delivery with structured predictors plus sentiment (matched-
sentiment subset with Niegt = 52).

Sensitivity  Specificity

Vot Ay DS Mam KOG MW g, Rl RNl g g
Acceptance ceptance
BLR 0.808 0.806 0.807 0.827 0.775 0.807 0.614 0.852 0.760 19 6 4 23
RF 0.885 0.880 0.882 0.920 0.913 0.883 0.767 1.000 0.760 19 6 0 27
XGBoost 0.846 0.843 0.844 0.901 0.883 0.845 0.690 0.926 0.760 19 6 2 25
LightGBM 0.904 0.903 0.904 0.914 0.899 0.904 0.807 0.926 0.880 22 3 2 25
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