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Abstract

This study developed a patient-facing digital health app for precision screening of oral anti-obesity
medications (AOMs), integrating questionnaires, lifestyle factors, wearable signals, and prior
metabolic indicators to enable personalized drug recommendations. Based on real-world testing data
from 520 users, a weighted ensemble model was employed for multidimensional risk assessment,
achieving 82% consistency between recommended outcomes and clinical prescriptions. UX testing
validated the system's patient-friendliness, significantly enhancing appointment readiness and long-

term adherence. This study provides a scalable tool for AOM clinical screening and follow-up.
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1. Introduction

Current clinical applications of AOMs lack precision screening mechanisms tailored to
individual metabolic variations and behavioral characteristics. Significant heterogeneity in patient
drug responses impacts intervention adherence and risk control efficiency. Integrating mobile
sensing capabilities with structured risk assessment methods, developing a digital screening platform
for patient self-assessment and remote assistance has become a necessary trend. To enhance
recommendation accuracy and interface interaction performance, this study integrates multi-source
health data to design a multi-modal integrated model deployable on edge devices. Systematic
validation is conducted across system architecture, algorithm design, and user evaluation
mechanisms.

2. System Architecture Design

2.1. Overall Platform Architecture

Addressing the needs for adaptive precision screening and digital intervention evaluation in
AOMs treatment, this platform adopts a four-layer system architecture (Figure 1), comprising data
acquisition, edge processing, recommendation modeling, and user interaction layers. The data
acquisition layer supports collecting physiological signals (optical glucose, EDA, HRV, gait, sleep)
from wearable devices via BLE and MQTT protocols, enabling local caching and packet loss
compensation. The edge processing layer hosts lightweight preprocessing modules on the Jetson
Xavier NX to execute three core tasks: data synchronization, anomaly detection, and vector
compression. The anomaly detection module applies a dual-rule strategy based on z-score (>3) and
interquartile range (IQR x 1.5). Readings that breach both thresholds within a 3-second window are
flagged as anomalies. The system resolves these anomalies through three corresponding operations:
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median replacement for isolated spikes (fewer than two consecutive points), cubic spline
interpolation for gaps no longer than 1.5 seconds, and full exclusion of windows when anomalies
exceed 20% of their length. This design ensures signal integrity, mitigates device-induced noise, and
sustains an average processing latency of 41.3 ms[1]. Building on this preprocessed signal integrity,
the platform advances into its modeling architecture, where a multi-stream fusion framework drives
the AOMs recommendation task. The model leverages a residual gating strategy on the processing
unit to enhance inter-modality attention learning. Its principal mapping logic is defined as:

-~
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wherex; represents the feature of thei th modality,a; denotes its attention weight,8; is the adaptive
parameter, andf; is the modality feature extraction function. The user interaction layer employs a
front-end Flutter framework to design a responsive UX, supporting questionnaire feedback,
medication reaction log uploads, and personalized intervention push notifications, ensuring the

platform operates in a fully closed-loop manner.
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Figure 1. Overall System Architecture Diagram.

2.2. Multi-source Data Integration Mechanism

To support refined modeling of individual drug responses within the AOMs screening platform,
this system designs a multi-source heterogeneous data integration process covering four core data
channels: questionnaire data, lifestyle behavioral characteristics, wearable physiological signals, and
historical metabolic indicators. Data integration is implemented via a hybrid communication protocol
stack, utilizing BLE for dynamic signal transmission and HTTPS channels for structured health
record uploads [2]. All input data must meet unified format standards before entering the platform.
The standardization process is modeled as follows:

Xij=Hj
)

2
0']-+€

Where '%;; * represents the 'j 'th feature dimension of the i ‘th standardized sample, ‘u;, o7 °
denotes the mean and variance of this dimension across training samples, and ‘& " is the numerical
stability constant. The platform deploys a unified data abstraction layer that interfaces with various
data sources according to the input interface specifications in Table 1. This ensures dimensional
consistency, sampling alignment, and noise suppression, while implementing data frame caching

and interrupted transmission resumption through a streaming buffering mechanism [3].
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Table 1. Interface Specifications and Protocol Support for Various Data Channel Connections.
Data Buffering
Access Supported Data
Channel Sample DimensionD Mechanism
Protocol Devices/Sources Frequency
Type Description
5-second cycle
Wearable Garmin
15-dimensional (HR, buffering +
Physiological BLE/MQTT Vivosmart, Mi 5Hz
EDA, temp) packet loss
Signals Band
compensation
6-dimensional (step Linear
Behavioral
frequency, sedentary Accelerometer + interpolation
trajectory BLE 10 Hz
time, sleep/wake IMU within 10-
data
cycles, etc.) second window
Fixed data
User 18 items (diet, structure,
Platform internal Discrete
questionnaire  exercise, medication, HTTPS trigger-based
form module collection
data etc.) collection and
upload
Hospital API,
Historical ealth Information
8 items (BMI, FBG, Offline CSV structure
metabolic HTTPS System (HIS)
LDL, etc.) import conversion
indicators Interface
integration

2.3. User Interaction and Interface Usability Strategy

To achieve structured collection of multi-source health information and proactive feedback
management of patient drug reactions, a user interaction—interface adaptation system is established.
This integrates multi-terminal Ul design, layered response control mechanisms, and personalized
interaction flows. The interaction architecture employs a Flutter+WebAssembly combination to build
the frontend view layer, supporting unified rendering across iOS/Android/Web platforms. Dynamic
loading adapts to terminal resolution and touch precision [4]. The backend utilizes asynchronous
Socket channels and RESTful APIs to map user events (e.g., questionnaire submissions, drug reaction
registrations) to task scheduling units, which then feed back to the recommendation engine to update
preference vectors. Modular behavioral guidance mechanisms are embedded within interaction
paths, configuring Ul workflow blocks for different usage stages—including questionnaire
completion, daily life logging, medication management, and individual feedback. All interaction
modules dynamically load based on logical trigger conditions, employing component lazy activation
and memory reclamation strategies to maximize response efficiency and load stability [5]. User-side
operations are facilitated through multi-channel interface containers, forming a stable human-
machine closed-loop input system.

3. Personalized Recommendation Algorithm Model Design

3.1. Feature Engineering and Data Preprocessing

To support the high-dimensional risk modeling tasks of the multimodal AOMs personalized
recommendation model, the system employs a unified tensor-based feature framework for
reconstructing heterogeneous data structures, as illustrated in Figure 2. Input data comprises four
major categories: physiological time-series signals (HR, EDA, skin temperature), lifestyle behavioral
metrics (steps, sleep duration, energy expenditure), structured questionnaire scores, and historical
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metabolic test values. For continuous modal data, a fixed-length sliding window strategy with a
window size of 128 time steps and a stride of 32 is used to segment raw signals into third-order
tensors[6] .

To ensure methodological reproducibility, the normalization pipeline adopts explicit parameter
settings. For each feature dimension , the mean and variance are pre-computed from the training
cohort and stored as global statistics. A numerical stability constant of &€ = 1x10- is applied. Outlier
suppression follows a bounded clipping strategy based on physiological priors: HR values below 40
bpm or above 180 bpm, EDA values outside [0,15 uS], and temperature outside [30°C, 40°C] are
replaced using a 5-point linear interpolation window before normalization. The resulting normalized
tensor representation follows Equation:

Xtm,d—Hm,d (3)

xt,m,d = 2
,o-m,d+£

Among these, "%;.,4 ' represents the normalized tensor value across time step 't °, modal channel

\

m °, and feature dimension ‘d . ‘upn 4. 054 * denote the mean and variance of this dimension,

respectively, while "¢ " is the numerical stability constant. Discrete questionnaire features adopt
univariate encoding combined with a weighted Likert aggregation rule using weights w = {0.8, 1.0,
1.2} for lifestyle, medication history, and symptom items respectively. Historical metabolic indicators
are normalized using z-score scaling with outlier trimming at +30, ensuring stable gradient behavior

during model training.
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Figure 2. Tensor Encoding Structure for Multimodal Input Data.

3.2. Multimodal Data Fusion and Weighted Ensemble Model

To enable multidimensional risk inference tailored for AOMs interventions, we designed a
weighted ensemble recommendation model architecture. Built upon multimodal input tensorsX €
RN*M*D it achieves structural fusion of heterogeneous data through modality-aware attention
mechanisms. The model comprises three sub-networks: time-series branch, static structure branch,
and logical scoring branch [7]. Each branch independently extracts modal semantics before

undergoing risk prediction through a weighted ensemble layer. The fusion formula is as follows:

exp(ag) (4)

ek . — _explar)
Y = k=1 Wk X fu (X)), withw; = 2, exp(ay)

wherey represents the final recommendation risk score, X, denotes the input from thek th modal
sub-input, f,(-) is the output function of thek th branch,a; is the modal attention score, andw;, is
the corresponding normalized weight. The integration layer employs a residual fusion structure with

a Sigmoid gating mechanism to control redundant information transformation between modalities.
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3.3. Model Training and Validation Methods

To ensure the AOMs recommendation model exhibits stable convergence and generalization
capabilities under multimodal input scenarios, an end-to-end deep fusion framework is adopted,
combined with supervised risk labels for target fitting. The training dataset comprises structured data
from 520 patients, with input tensor dimensions of ‘X € RV*M*P * and binary classification labels
(recommended/not recommended). The model training objective is defined as a weighted
combination of cross-entropy loss and L2 regularization:

Liotar = _Zliv=1 yilog(¥) + /1211‘(::1”91‘:”2 (5)

wherey; represents the true label,y; denotes the model's predicted probability,d; is the learnable
parameter of thek module, andA is the regularization strength coefficient. The Adam optimizer was
employed during training with an initial learning rate of le-3, a batch size of 32, and 100 training
epochs. A five-fold cross-validation structure was adopted for validation, automatically partitioning

each training round into an 80% training set and a 20% validation set for supervised updates [8].

4, Platform Validation and Performance Evaluation

4.1. Recommendation Consistency Evaluation

To validate the consistency between the AOMs recommendations generated by the platform
based on multi-source health data fusion and actual clinical prescriptions, this study conducted
comparative experiments using data from 520 users with complete electronic medical records and
follow-up labels. During the experiment, the system input consisted of standardized multimodal
tensor data. Labels were calibrated based on the joint prescription opinions of two endocrinology
attending physicians at the medical institution, with recommendation results defined as a binary
output (recommended/not recommended) [9]. Consistency evaluation utilized Top-1 accuracy (Acc),
match rate (Match), and F1 score metrics, defined as follows:

_ 2XPXR

1 -
Match = - ¥iL, I[9; = yi], Fl==—

(6)

wherey; represents the system's output recommendation label,y; denotes the actual clinical label,/[-]
is the indicator function,P is precision, andR is recall. Results are shown in Figure 3. The "Behavior
+ Metabolic + Questionnaire” combination achieved the best performance among all modality
configurations, with Precision, Recall, and F1 reaching 83.3%, 80.8%, and 82.0% respectively —
significantly higher than other combinations. This indicates stronger generalization capabilities in
integrated information perception and risk discrimination. To further assess the relative effectiveness
of the weighted ensemble model, we introduced two mainstream classification models —Random
Forest (RF) and XGBoost—as performance baselines under the same training dataset and modal
tensor input. These models were trained using default hyperparameters and five-fold cross-
validation to ensure fair benchmarking. As shown in Table 2, while RF and XGBoost achieved
acceptable accuracy (F1 scores of 76.4% and 78.1% respectively), the weighted ensemble model
outperformed both in precision (83.3% vs. 74.5%/75.8%) and recall (80.8% vs. 76.2%/78.5%), indicating
its superior capability in capturing latent feature interactions across modalities. These results validate

the enhanced adaptation performance and clinical decision-making reliability of our fusion model.
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Table 2. Comparison of Recommendation Performance between Models.

Model Type Precision (%) Recall (%) F1 Score (%)
Weighted Ensemble 83.3 80.8 82.0
Random Forest (RF) 74.5 76.2 75.3

XGBoost 75.8 78.5 77.1
Questionnaire Behavior +
&5t L4 + Behavior Metabolic
L Y [} L4
80 . P
° L P
75t o L4
) °
o °
70 Py . o—2 Questionnaire +  Behavior +
- Metabolic Metabolic +
° Questionnaire
65
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70 75 80 85 80
Precision (%) F,

Figure 3. Comparison of Recommendation Consistency Metrics.

4.2. System Response and Resource Overhead Analysis

To evaluate the system's practical deployment performance in mobile scenarios, the platform
selected Jetson Xavier NX (6-core CPU + 384-core CUDA) as the edge processing device, simulating
real-world request scenarios based on user data. Tests used four modality combinations as input
conditions, uniformly invoking the platform's model service interface. The complete workflow
latency —from data upload, preprocessing, model inference to recommendation return—was
progressively recorded while monitoring GPU utilization and RAM dynamic allocation [10]. Under
all modality combinations, the platform's overall response latency remained below 600ms. The
"Questionnaire+Behavior" combination achieved the fastest response time of 278ms due to simplified
preprocessing logic . Despite its complex computational path, the three-modality fusion
configuration maintained a response time of 427ms through structural reuse and cache optimization,
with memory consumption at 721MB —significantly below the platform's upper threshold (1.5GB)
Figure 4 presents key performance metrics across different modality combinations, including
inference duration, average resource utilization, and system stability scores. Results demonstrate the
platform's strong mobile adaptation capabilities and computational scheduling efficiency, making it
suitable for edge deployment in AOM screening applications.
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Figure 4. Comparison of System Resource Overhead and Response Performance Across Multimodal

Combinations.

4.3. UX Testing and Patient Usability Evaluation

To quantify the platform's interaction friendliness and usability in real-world scenarios, this
study designed multi-dimensional UX testing tasks based on the Nielsen Usability Evaluation
Framework. These tasks covered eight core interaction points, including system login, questionnaire
completion, recommendation viewing, and feedback submission. The test subjects comprised 52
obese users with genuine medication needs. All participants were pre-assessed using a simplified
digital literacy index (DLI) and categorized into three groups (low, medium, high) based on
operational experience with smartphones and healthcare apps. Among them, 65.4% belonged to the
medium DLI group, and 71.2% were aged between 30 and 45 years, indicating a relatively tech-
familiar demographic. Process data were collected using a tripartite approach of "task guidance +
time logging + operation observation.” Subjective experiences were quantified using the NASA TLX
scale and the SUS system usability rating system. The platform achieved an overall UX score of
86.7/100, with a task completion rate exceeding 96% and an average response time per task
maintained below 3.8 seconds. Subgroup analysis revealed marginally higher usability scores in the
high-DLI group (avg. 89.1/100) compared to the low-DLI group (avg. 82.3/100), suggesting a
moderate influence of user familiarity on interaction fluency. While the "Individualized
Recommendation View" module achieved the highest satisfaction score (92.4/100), further testing in
digitally underrepresented populations (e.g., elderly users and low-DLI groups) will be necessary to
validate generalizability. Future iterations will incorporate stratified sampling and inclusive Ul
adjustment strategies to enhance robustness across user segments.

5. Conclusions

The platform constructs a risk closed-loop model by integrating wearable signals, behavioral
data, and questionnaire structural features. Through fusion optimization and multimodal
mechanisms, it effectively enhances recommendation consistency and interactive responsiveness.
Validation results demonstrate the system's high model accuracy, operational efficiency, and user-
friendliness, making it suitable for screening scenarios tailored to individual patient characteristics.
Future applications may extend to other metabolic intervention decision domains. Incorporating
cross-platform modeling, dynamic feedback mechanisms, and model fine-tuning strategies could
enhance generalization capabilities and long-term clinical applicability.
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