Multimedia Appendix 1. Supplementary Methods, Prompt Templates, Experimental Settings, and Additional Results
S1. Overview of the Supplementary Materials
Purpose. This supplementary file documents the experimental settings, prompt templates, individualized machine-learning rule extraction approach, evaluation metrics, and additional results used to support the methodological evaluation of ML-grounded LLM simulation. The file is intended to improve reproducibility and transparency of the LLM experiments.
	Component
	Description
	Source slides / status

	Prediction tasks
	Psychological-change prediction and moderate-to-high-intensity exercise behavior prediction
	Extracted from 2026.1.13 and 2026.1.27 slides

	Analytic sample
	46 participants were used in LLM experiments according to the experimental results slides
	[AUTHOR TO CONFIRM] whether 47 enrolled and 46 included in modeling

	ML benchmark
	Person-specific Random Forest benchmark with accuracy 0.878, precision 0.867, recall 0.878, F1-score 0.866
	Consistently reported across result slides

	LLM models
	DeepSeekV3, Gemini-2.5-pro, Claude-haiku-4.5-20251001, and GPT-5
	GPT-5 full values missing in 2026.1.27 slide

	Prompting strategies
	Zero-shot, Few-shot (1-shot), and No CoT/direct prediction
	Extracted from 2026.1.13 and 2026.1.27 slides

	Ablation studies
	Threshold sensitivity, prompt components, ML rule representation, feature subset comparison
	Extracted from 2026.1.13 slides

	Temporal dynamics
	Daily accuracy plots comparing full prompt vs no-ML-rule prompt across LLMs
	Planned in 2026.1.27 slides; source figures not provided



The LLM experiments used longitudinal daily data from adults with prehypertension. The slide materials indicate that 46 participants were included in the experimental runs. Each participant had daily psychological variables, prior-day behavior information, and same-day objective contextual variables used for within-person simulation.

	Item
	Specification

	Population
	Adults with prehypertension

	Number of participants in LLM experiments
	46

	Observation period
	Past 3 months / 12-week daily data

	Unit of analysis for psychological prediction
	Participant-day-variable observation

	Psychological variables
	12 daily psychological variables measured on a 0–100 scale

	Exercise outcome
	Whether the participant completed moderate-to-high-intensity exercise on the target day (1/0)

	Contextual inputs
	Date, weekday, weather, holiday status, and objective contextual events

	Missing-data handling
	Missing daily observations were not imputed. For psychological change prediction, participant-days were included only when psychological-variable data were available for both day t−1 and day t. If either the previous-day or target-day data were missing, that participant-day was skipped and excluded from the psychological-change calculation. For exercise behavior prediction, participant-days with missing target-day exercise outcome or missing key predictor variables were excluded. All performance metrics were therefore calculated using complete available participant-day observations.



S2. Person-Specific Random Forest Modeling and Rule Extraction
For each participant, a person-specific Random Forest model was built using the participant’s daily data. The model was used to predict whether the participant would complete moderate-to-high-intensity exercise(1/0). The resulting machine-learning rules were converted into natural-language behavioral decision rules and inserted into the LLM prompt.
	Element
	Current specification

	Model type
	Person-specific Random Forest

	Outcome
	Target-day moderate-to-high-intensity exercise behavior

	Predictors
	Prior-day psychological variables, prior-day exercise behavior, and today’s objective context

	Rule format
	Natural-language conversion of ML rules

	Comparator rule format
	Non-natural-language / original ML rule format

	Leakage prevention
	Rules should be extracted only from training-period observations



Anonymized example of a participant-specific RF rule in natural language:
The Decisive Role of the Action Plan
The action plan is the most critical factor influencing exercise behavior, with the highest feature importance (approximately 0.13). In general, when patients have a clear plan for "when, where, and what exercise" they will do, they are more likely to complete the exercise.

The Influence of the Combination of Habit and Context Stability
When the patient’s habit is weak (≤ 69.5) and context stability is low (≤ 58.5), they are more likely to not complete the exercise (predicted value = 0).

However, if context stability is higher (> 58.5) and the action plan is low, the patient may still complete the exercise despite a weak habit, especially when outcome expectations are high (> 80).

Further Modulation of Exercise Behavior by Psychological Variables
When the action plan is low, patients with higher perceived risk are more likely to complete the exercise, particularly when their identity recognition from the previous day is strong (> 65).

When the action plan is high, willingness and intrinsic reward play a more significant role. For instance, if the patient’s willingness is low but intrinsic reward (the pleasure derived from exercise) is high, they are generally more motivated to complete the exercise.

The Modulatory Effect of Perceived Risk
Perceived risk (especially perceived health risk) is an important dynamic factor influencing whether a patient will complete their exercise. When perceived risk is low, the patient’s intention to exercise may be weak; however, when perceived risk is high, they are more likely to complete the exercise due to health concerns.

The Impact of Exercise Completion on the Previous Day
The exercise completion from the previous day (based on the total duration of moderate-to-high intensity exercise) has an influence on the exercise behavior of the current day. If a significant amount of exercise was completed the previous day, patients are usually more motivated to continue and complete the exercise plan for the current day.
S4. Prompt Templates
[bookmark: OLE_LINK24]S4.1 Zero-shot prompt template
You are simulating a single real participant for a behavioral science study. You must follow the per-person Random Forest decision rules as the highest priority constraints.

Please fully assume the role of a real participant.
You are the person described below. Think from “myself” perspective (first-person), but do not write any narrative. You will output ONLY one JSON object.

Goal
Given:
•   individual profile
•   yesterday’s psychological variables and behavior
•   today’s objective context
•   per-person Random Forest decision rules
You must:
1.  Predict direction of change for each psychological variable today (relative to yesterday).
2.  Decide whether I will perform moderate-to-high intensity exercise today (1 = yes, 0 = no), prioritizing the Random Forest rules.
                    
Please complete the same task based on the following real individual information:
(1). Individual Profile (Persona)
{character}

 (2). The Behavior Decision Rules of This Individual
Based on a per-person Random Forest model built from the participant's daily data over the past 3 months, we found that the key decision-making rules for "whether to complete moderate-to-high intensity exercise" are as follows:
{machine_feature}

 (3). Yesterday's Psychological Variables and Behavior
Here are the "yesterday" (Day t-1) psychological variables and behavior information (0–100 scale, the higher the value, the stronger):
{data}

 (4). Today's Objective Context
{event}

 (5). Your Task (Strict steps to follow)
Please strictly follow two steps and output a structured JSON.
Step 1: Predict the Direction of Psychological Variable Change Today
Based on:
• The individual's behavior rules (Section 2)
• Yesterday's psychological variables and exercise behavior (Section 3)
• Today's context (Section 4)
Please predict the change direction of each psychological variable "today relative to yesterday":
• Intention
• Action Plan
• Habit
• Intrinsic Reward
• Perceived Risk
• Outcome Expectation
• Action Self-Efficacy
• Maintenance Self-Efficacy
• Recovery Self-Efficacy
• Social Support
• Context Stability
• Identity Recognition
Requirements:
• Please follow the above "individual behavior rules" as closely as possible.
• You can provide reasoning in your internal thought process, but in the final output, please only provide the results in JSON format.
                    
Step 2: Decide Whether You Will Perform Moderate-to-High Intensity Exercise Today
After updating your psychological variables for "today" based on the direction of change you predicted in Step 1, decide:
Will you perform moderate-to-high intensity exercise today?
 (Note: "Moderate-to-high intensity exercise" is defined as per the past.)
Requirements:
• Consider:
o The key variable levels (yesterday's values + your predicted direction of change)
o The behavior decision rules summarized in the behavior rules section
o Today's context's influence.
• Don't ignore the Random Forest rules. If your instinctive judgment conflicts with the rules, please prioritize the rules.
                    
 (6). Output Format (Strict adherence to this JSON structure)
Please only output one JSON, with no additional explanations. The format is as follows (the example is structure, not real output):
{{ "today_psych_change": {{ "Intention": "increase", "Action Plan": "no_change", "Habit": "increase", "Intrinsic Reward": "no_change", "Perceived Risk": "decrease", "Outcome Expectation": "no_change", "Action Self-Efficacy": "no_change", "Maintenance Self-Efficacy": "increase", "Recovery Self-Efficacy": "no_change", "Social Support": "no_change", "Context Stability": "no_change", "Identity Recognition": "increase" }}, "will_exercise": 1, "exercise_reason": "Please briefly explain your reasoning for this judgment in 1-3 sentences, citing the behavior rules and the current context, such as: clear action plan, free time on Saturday, good exercise experience yesterday, strong habit, high perceived risk, etc." }} 
• "increase" can be expressed as "increase", "slightly_increase", "decrease", "slightly_decrease", "no_change", and similar discrete labels as long as they are consistent.
• "will_exercise" takes values 1 (will exercise) or 0 (will not exercise).
                    
S4.2 Few-shot / 1-shot prompt template
You are simulating a single real participant for a behavioral science study. You must follow the per-person Random Forest decision rules as the highest priority constraints.
                    Please fully assume the role of a real participant.
                    You are the person described below. Think from “myself” perspective (first-person), but do not write any narrative. You will output ONLY one JSON object.
                    Goal
                    Given:
                    •	individual profile
                    •	yesterday’s psychological variables and behavior
                    •	today’s objective context
                    •	per-person Random Forest decision rules
                    You must:
                    1.	Predict direction of change for each psychological variable today (relative to yesterday).
                    2.	Decide whether I will perform moderate-to-high intensity exercise today (1 = yes, 0 = no), prioritizing the Random Forest rules.

                    Here is an example (the example person is different from the current person):
                    Example
                    Individual Profile (Persona):
                    Age: 40, Male, Medium adherence
                    Yesterday's Status:
                    Intention: 80
                    Action Plan: 75
                    Habit: 70
                    Yesterday's exercise completion: Yes
                    Today's Context:
                    Saturday, Sunny weather
                    Output:
                    { "today_psych_change": { "Intention": "no_change", "Action Plan": "increase", "Habit": "increase" }, "will_exercise": 1 }
                    —— End of Example ——
                    
                    Please complete the same task based on the following real individual information:
                    (1). Individual Profile (Persona)
                    age:35;sex:male;compliance:high;job_type:mixed_job

                    (2). The Behavior Decision Rules of This Individual
                    Based on a per-person Random Forest model built from the participant's daily data over the past 3 months, we found that the key decision-making rules for "whether to complete moderate-to-high intensity exercise" are as follows:
                    nan

                    (3). Yesterday's Psychological Variables and Behavior
                    Here are the "yesterday" (Day t-1) psychological variables and behavior information (0–100 scale, the higher the value, the stronger):
                    {'Submission Time': '2025/2/6 12:21:44', 'Subject ID': 'cs1110', "Yesterday's Whether Perform Moderate-to-High Intensity Exercise": 1, "Yesterday's Intention": 91, "Yesterday's Habit": 93, "Yesterday's Intrinsic Reward": 93, "Yesterday's Context Stability": 94, "Yesterday's Action Plan": 93, "Yesterday's Coping Strategy": 93, "Yesterday's Outcome Expectancy": 97, "Yesterday's Perceived Risk": 93, "Yesterday's Social Support": 94, "Yesterday's Action Self-Efficacy": 92, "Yesterday's Maintenance Self-Efficacy": 93, "Yesterday's Recovery Self-Efficacy": 93, "Yesterday's Identity Recognition": 94}

                    (4). Today's Objective Context
                    Thursday, cloudy, 3°C/-6°C, Southwest wind 3.7m/s

                    (5). Your Task (Strict steps to follow)
                    Please strictly follow two steps and output a structured JSON.
                    Step 1: Predict the Direction of Psychological Variable Change Today
                    Based on:
                    • The individual's behavior rules (Section 2)
                    • Yesterday's psychological variables and exercise behavior (Section 3)
                    • Today's context (Section 4)
                    Please predict the change direction of each psychological variable "today relative to yesterday":
                    • Intention
                    • Action Plan
                    • Habit
                    • Intrinsic Reward
                    • Perceived Risk
                    • Outcome Expectation
                    • Action Self-Efficacy
                    • Maintenance Self-Efficacy
                    • Recovery Self-Efficacy
                    • Social Support
                    • Context Stability
                    • Identity Recognition
                    Requirements:
                    • Please follow the above "individual behavior rules" as closely as possible.
                    • You can provide reasoning in your internal thought process, but in the final output, please only provide the results in JSON format.
                    
                    Step 2: Decide Whether You Will Perform Moderate-to-High Intensity Exercise Today
                    After updating your psychological variables for "today" based on the direction of change you predicted in Step 1, decide:
                    Will you perform moderate-to-high intensity exercise today?
                    (Note: "Moderate-to-high intensity exercise" is defined as per the past.)
                    Requirements:
                    • Consider:
                    o The key variable levels (yesterday's values + your predicted direction of change)
                    o The behavior decision rules summarized in the behavior rules section
                    o Today's context's influence.
                    • Don't ignore the Random Forest rules. If your instinctive judgment conflicts with the rules, please prioritize the rules.
                    
                    (6). Output Format (Strict adherence to this JSON structure)
                    Please only output one JSON, with no additional explanations. The format is as follows (the example is structure, not real output):
                    { "today_psych_change": { "Intention": "increase", "Action Plan": "no_change", "Habit": "increase", "Intrinsic Reward": "no_change", "Perceived Risk": "decrease", "Outcome Expectation": "no_change", "Action Self-Efficacy": "no_change", "Maintenance Self-Efficacy": "increase", "Recovery Self-Efficacy": "no_change", "Social Support": "no_change", "Context Stability": "no_change", "Identity Recognition": "increase" }, "will_exercise": 1, "exercise_reason": "Please briefly explain your reasoning for this judgment in 1-3 sentences, citing the behavior rules and the current context, such as: clear action plan, free time on Saturday, good exercise experience yesterday, strong habit, high perceived risk, etc." } 
                    • "increase" can be expressed as "increase", "slightly_increase", "decrease", "slightly_decrease", "no_change", and similar discrete labels as long as they are consistent.
                    • "will_exercise" takes values 1 (will exercise) or 0 (will not exercise).
S4.3 CoT prompt template
You are simulating a single real participant for a behavioral science study.

Please fully assume the role of a real participant.
You are the person described below. Think from “myself” perspective (first-person), but do not write any narrative. You will output ONLY one JSON object.

Please complete the same task based on the following real individual information:
 (1). Individual Profile (Persona)
{character}

 (2). The Behavior Decision Rules of This Individual
Based on a per-person Random Forest model built from the participant's daily data over the past 3 months, we found that the key decision-making rules for "whether to complete moderate-to-high intensity exercise" are as follows:
{machine_feature}

 (3). Yesterday's Psychological Variables and Behavior
Here are the "yesterday" (Day t-1) psychological variables and behavior information (0–100 scale, the higher the value, the stronger):
{data}

 (4). Today's Objective Context
{event}

 (5). Your Task
Please predict the change direction of each psychological variable "today relative to yesterday":
• Intention
• Action Plan
• Habit
• Intrinsic Reward
• Perceived Risk
• Outcome Expectation
• Action Self-Efficacy
• Maintenance Self-Efficacy
• Recovery Self-Efficacy
• Social Support
• Context Stability
• Identity Recognition
                    
Plese decide Whether You Will Perform Moderate-to-High Intensity Exercise Today
decide: Will you perform moderate-to-high intensity exercise today?
                    
 (6). Output Format (Strict adherence to this JSON structure)
Please only output one JSON, with no additional explanations. The format is as follows (the example is structure, not real output):
{{ "today_psych_change": {{ "Intention": "increase", "Action Plan": "no_change", "Habit": "increase", "Intrinsic Reward": "no_change", "Perceived Risk": "decrease", "Outcome Expectation": "no_change", "Action Self-Efficacy": "no_change", "Maintenance Self-Efficacy": "increase", "Recovery Self-Efficacy": "no_change", "Social Support": "no_change", "Context Stability": "no_change", "Identity Recognition": "increase" }}, "will_exercise": 1, "exercise_reason": "Please briefly explain your reasoning for this judgment in 1-3 sentences, citing the behavior rules and the current context, such as: clear action plan, free time on Saturday, good exercise experience yesterday, strong habit, high perceived risk, etc." }} 
• "increase" can be expressed as "increase", "slightly_increase", "decrease", "slightly_decrease", "no_change", and similar discrete labels as long as they are consistent.
• "will_exercise" takes values 1 (will exercise) or 0 (will not exercise).
S5. LLM Models and Experimental Settings
	Item
	Content

	LLM models
	DeepSeekV3; Gemini-2.5-pro; Claude-haiku-4-5-20251001; GPT-5

	Primary model in early experiments
	DeepSeekV3

	Prompting strategies
	Zero-shot; Few-shot (1-shot); No CoT/direct prediction

	Number of repeated runs
	1 time and 10 times reported in one table

	Temperature
	1

	Top-p
	default

	Max output tokens
	65,536

	JSON parsing
	Structured JSON output; rule-based JSON parsing



S6. Evaluation Metrics and Threshold Definitions
Exercise behavior prediction was evaluated using accuracy, precision, recall, and F1-score. Psychological prediction accuracy was calculated as the proportion of correctly classified directional-change labels across participant-day-variable observations.
	Metric / rule
	Specification

	Exercise prediction metrics
	Accuracy, precision, recall, and F1-score across participant-day observations

	Psychological prediction metric
	Directional-change accuracy across participant-day-variable observations

	Final threshold in current manuscript draft
	15-point threshold on a 0–100 scale

	Increase
	Score change > 15 points 

	Decrease
	Score change < −15 points 

	No change
	Score change from −15 to 15 points inclusive [

	Sensitivity thresholds tested in slides
	0, 3, 5, 10, and 15 points



S7. Additional Results 
[bookmark: OLE_LINK128]S7.1 Threshold sensitivity analysis
	Threshold
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	0
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.353

	3
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.407

	5
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.43

	10
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.456

	15
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.474



S7.2 Candidate pure machine learning model comparison for structured exercise-behavior prediction
	Candidate model
	Accuracy
	Precision
	Recall
	F1-score
	Suitability for natural-language rule extraction
	Decision for final framework

	Random Forest (RF)
	0.867907
	0.862257
	0.867907
	0.858767
	High. Feature importance and tree-based split patterns can be summarized as participant-specific behavioral rules.
	Selected for final ML-rule extraction framework

	Decision tree
	0.863043
	0.861865
	0.863043
	0.863746
	Moderate to high. Rules are interpretable, but a single tree may be less stable than RF across participant-level datasets.
	Not selected

	Support vector machine (SVM)
	0.802422
	0.821109
	0.802422
	0.804506
	Low to moderate. The learned decision boundary is less directly convertible into transparent natural-language behavioral rules.
	Not selected

	Logistic regression
	0.775934
	0.797528
	0.775934
	0.778934
	Low to moderate. Coefficients can indicate direction and weight of associations, but they do not naturally yield conditional decision rules for individualized prompts.
	Not selected



S7.3 Prompt component ablation
	Prompt component condition
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	Full prompt
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.474

	Without personal information
	0.878
	0.867
	0.878
	0.866
	0.598
	0.687
	0.598
	0.6
	0.462

	Without ML rules
	0.878
	0.867
	0.878
	0.866
	0.535
	0.606
	0.535
	0.503
	0.423

	Without same-day objective context
	0.878
	0.867
	0.878
	0.866
	0.586
	0.69
	0.591
	0.586
	0.458



S7.4 ML-rule representation comparison
	Rule representation
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	Natural language
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.474

	Non-natural-language / original
	0.878
	0.867
	0.878
	0.866
	0.559
	0.59
	0.559
	0.507
	0.464


S7.5 Prompting strategy comparison 
	Prompting strategy
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	Zero-shot
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.474

	Few-shot (1-shot)
	0.878
	0.867
	0.878
	0.866
	0.615
	0.71
	0.615
	0.613
	0.549

	No CoT
	0.878
	0.867
	0.878
	0.866
	0.567
	0.66
	0.567
	0.548
	0.516



S7.6 Single-run versus 10-run comparison
	Number of runs
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	1 time
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.6
	0.601
	0.474

	10 times
	0.878
	0.867
	0.878
	0.866
	0.605
	0.707
	0.605
	0.607
	0.475



S7.7 Psychological feature subset comparison
	Feature subset
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	Top 5 psychological variables
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.419

	Top 10 psychological variables
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.474

	All 12 psychological variables
	0.878
	0.867
	0.878
	0.866
	0.6
	0.699
	0.599
	0.601
	0.549



S7.8 Multi-model prompting strategy comparison 
	Model
	Prompting strategy
	Machine Accuracy
	Machine Precision
	Machine Recall
	Machine F1
	LLM Accuracy
	LLM Precision
	LLM Recall
	LLM F1
	Psychological accuracy

	Gemini-2.5-pro
	Zero-shot
	0.878
	0.867
	0.878
	0.866
	0.598
	0.683
	0.598
	0.596
	0.526

	Gemini-2.5-pro
	No CoT
	0.878
	0.867
	0.878
	0.866
	0.581
	0.692
	0.581
	0.568
	0.511

	Gemini-2.5-pro
	Few-shot (1-shot)
	0.878
	0.867
	0.878
	0.866
	0.617
	0.712
	0.617
	0.621
	0.54

	Claude-haiku-4.5-20251001
	Zero-shot
	0.878
	0.867
	0.878
	0.866
	0.646
	0.697
	0.646
	0.644
	0.522

	Claude-haiku-4.5-20251001
	No CoT
	0.878
	0.867
	0.878
	0.866
	0.611
	0.724
	0.611
	0.597
	0.524

	Claude-haiku-4.5-20251001
	Few-shot (1-shot)
	0.878
	0.867
	0.878
	0.866
	0.65
	0.711
	0.65
	0.651
	0.532

	DeepSeekV3
	Zero-shot
	0.878
	0.867
	0.878
	0.866
	0.566
	0.686
	0.566
	0.553
	0.541

	DeepSeekV3
	No CoT
	0.878
	0.867
	0.878
	0.866
	0.534
	0.614
	0.534
	0.498
	0.524

	DeepSeekV3
	Few-shot (1-shot)
	0.878
	0.867
	0.878
	0.866
	0.572
	0.686
	0.572
	0.558
	0.626

	GPT-5
	Zero-shot
	0.878
	0.867
	0.878
	0.866
	0.598
	0.683
	0.598
	0.596
	0.492

	GPT-5
	No CoT
	0.878
	0.867
	0.878
	0.866
	0.612
	0.703
	0.612
	0.605
	0.462

	GPT-5
	Few-shot (1-shot)
	0.878
	0.867
	0.878
	0.866
	0.584
	0.646
	0.584
	0.547
	0.526




