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Abstract

Background: Large language model (LLM)-based artificial intelligence (AI) coaches show promise for personalized exercise
and health interventions. However, the unique demands of ensuring safety and real-time, multimodal personalized feedback
have created a fragmented evaluation landscape lacking standardized frameworks.

Objective: This scoping review systematically maps current evaluation strategies for LLM-based Al coaches in exercise and
health, identifies strengths and limitations, and proposes directions for robust, standardized validation.

Methods: Following PRISMA-ScR (Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for
Scoping Reviews) guidelines, we conducted a systematic search across 6 major databases (eg, PubMed, Web of Science) for
original research on LLM-based exercise and health coaching. Studies were included if they explicitly reported on evaluation
methods. We extracted and synthesized data on model types, application domains, and evaluation strategies and developed a
5-point Evaluation Rigor Score (ERS) to quantitatively assess the methodological depth of the evaluation designs.

Results: We included 20 studies, most using proprietary models like ChatGPT (75%). Evaluation strategies were highly
heterogeneous, mixing human ratings (80%) and automated metrics (40%). Crucially, the evidence was limited by low
methodological rigor: the median ERS was 2.5 out of 5, with 55% of studies classified as having low rigor. Key gaps included
limited use of real-world data (40%) and inconsistent reliability reporting (45%).

Conclusions: The current evaluation of LLM-based health coaches is fragmented and methodologically weak. Future work
must establish multidimensional validation frameworks that integrate technical benchmarks with human-centered methods to
ensure safe, effective, and equitable deployment.
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Introduction

Rationale

The advancement of large language models (LLMs) offers
considerable potential for developing personalized health
interventions. In the domain of exercise and health coach-
ing, these artificial intelligence (AI) systems are expected to

https://www jmir.org/2025/1/€79217

perform complex tasks, including generating adaptive training
plans, providing real-time movement feedback, and offering
motivational support [1,2]. However, translating this potential
into safe and effective applications presents unique and
substantial challenges. Effective exercise coaching requires
the dynamic integration of multimodal data streams—such as
textual user reports, visual posture analysis, and physiological
sensor data—while ensuring clinical safety and a high degree
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of personalization [3,4]. This complexity demands rigorous
and specialized evaluation methods.

Establishing trust and ensuring efficacy in this high-stakes
domain hinges critically upon robust performance evalua-
tion. While standardized benchmarks are instrumental for
assessing general LLMs (eg, MMLU, HumanEval [OpenAl])
and in knowledge-intensive fields like medicine [5], these
frameworks are ill-equipped to address the unique demands
of exercise coaching. This limitation persists even with the
emergence of benchmarks for the broader sports domain.
For instance, knowledge-based benchmarks like SportQA
can assess an AI’s understanding of rules, and multimodal
benchmarks like SCBench or SPORTU can evaluate its
ability to describe actions in a sports video [6-8]. How-
ever, these descriptive and knowledge-retrieval tasks are
fundamentally different from the prescriptive, safety-critical,
and personalized nature of coaching. None of these frame-
works can evaluate an AI’s ability to provide safe, real-time
corrective feedback on a user’s squat form or to dynamically
adapt a workout plan based on reported fatigue, highlighting a
critical gap in evaluation methodology [9,10].

Consequently, the current evaluation landscape for
Al exercise coaches is notably heterogeneous and lacks
standardization [11-13]. A review of existing literature
reveals a fragmented approach: some studies focus on
quantitative metrics like movement classification accuracy,
others rely on user surveys to measure subjective engagement
and usability, while a third group relies on expert panels
to assess the safety and appropriateness of generated plans.
This fragmentation creates a critical bottleneck, hindering the
systematic comparison of different Al coaching systems and
impeding evidence-based, iterative improvement. Without
a clear understanding of how these systems are currently
being evaluated—including the strengths and weaknesses
of existing methods—the field cannot move toward devel-
oping the robust, multidimensional validation frameworks it
urgently needs.

Given the nascent and fragmented nature of this field, a
scoping review was chosen as the most appropriate methodol-
ogy over a systematic review. The primary objective is not
to answer a narrow question about the efficacy of a spe-
cific LLM coach, but rather to map the breadth and diver-
sity of existing evaluation strategies, identify key concepts
and evidence gaps, and synthesize findings from a hetero-
geneous body of literature. This approach is ideally suited
for clarifying the scope of this emerging research area and
informing the development of future standardized evaluation
frameworks.

Objective

Amidst the growing yet fragmented use of LLM-based Al
coaches across exercise, physical activity, fitness, sports, and
rehabilitation, this scoping review aims to:
1. Identify evaluation methods used to assess these Al
coaches in health and exercise settings;
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2. Summarize the strengths, limitations, and validation
approaches (eg, user feedback, expert ratings, real-
world testing);

3. Develop a conceptual framework to guide future
evaluations;

4. Highlight key gaps and directions for future research.

This synthesis aims to support more rigorous and standar-
dized validation of next-generation Al coaching tools.

Methods

Design

We followed the scoping review framework outlined by
Arksey and O’Malley [14], which includes:(1) identifying
the research question, (2) identifying relevant studies, (3)
selecting studies, (4) charting the data, and (5) collating,
summarizing, and reporting the results. We also adhered to
the PRISMA-ScR (Preferred Reporting Items for Systematic
reviews and Meta-Analyses extension for Scoping Reviews)
checklist to ensure transparency and methodological rigor
throughout the review process [15].

Search Strategy Development and Study
Selection

The search strategy was developed collaboratively by 2
reviewers (XL and CH), drawing on previous literature and
expert input on the evolving landscape of LLM applications
in health and exercise science. To ensure consistency in the
application of the eligibility criteria, a pilot test was conduc-
ted on 10 articles at the full-text screening stage. This pilot
phase was crucial for operationalizing our inclusion criteria.
For example, we identified initial ambiguity in applying
the criterion “Performance evaluation.” During the pilot, it
became apparent that a clearer definition was needed to
distinguish between studies that merely described an LLM’s
output versus those that formally evaluated it. To resolve
this, the pilot test led us to refine this criterion to be
more specific: "The article explicitly reported at least one
strategy to evaluate model performance, such as accuracy,
expert scoring, user feedback, usability studies, or bench-
marking.” This clarification was instrumental in standardiz-
ing the screening process and ensuring that both reviewers
applied the criteria consistently.

Systematic searches were conducted in 6 major databases:
PubMed, Web of Science, Google Scholar, arXiv, medR-
xiv, and bioRxiv. The search strategy combined three core
conceptual domains using Boolean logic: (1) large language
models, (2) exercise and health coaching (including terms
for physical activity, rehabilitation, fitness, and sports), and
(3) evaluation (including terms for performance, metrics,
and benchmarks). The complete, unabridged search strategies
for each database, including the exact search strings, search
dates, and all applied filters, are provided in Multimedia
Appendix 1. To supplement the database search, a “snowball-
ing” technique was also used [16], where the reference lists
of included articles were manually screened for additional
relevant studies.
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Eligibility Criteria
The specific inclusion and exclusion criteria used for the
study selection process are presented in Textbox 1.

This textbox details the specific criteria applied during
the study selection process. The criteria were designed to
identify original research articles focused on the evaluation
of LLM-based coaching systems within the exercise and
health domain, ensuring a focused and reproducible literature
search. Notably, for the “Model type” criterion, we adopted
a functional rather than a purely architectural definition. We

Textbox 1. Inclusion and exclusion criteria for study selection.

Lai et al

included studies that either explicitly named a specific LLM
(eg, GPT-4 [Open Al]) or described core system capabilities,
such as the generation of novel, unscripted, and context-aware
conversational feedback, which are hallmarks of modern
generative Al and distinguish them from traditional rule-
based systems. This approach allows for the inclusion of early
or hybrid systems that leverage LLM capabilities, even if they
incorporate rule-based fallbacks or do not detail the specific
underlying architecture, reflecting the real-world heterogene-
ity of this rapidly emerging field.

Inclusion criteria:
1. Language: published in English.

Exclusion criteria:
1. Studies not peer-reviewed or not published in English.

(unless they provided original research data).

or psychology).

2. Model type: the study describes a system intended for exercise and health coaching that explicitly identifies its core
technology as a large language model (LLM; eg, GPT, Llama) or describes functionalities strongly indicative of
generative Al capabilities (eg, generating novel and unscripted conversational responses).

3. Domain relevance: focused on exercise, physical activity, rehabilitation, or sport.

4. Performance evaluation: the article explicitly reported at least one strategy to evaluate model performance, such as
accuracy, expert scoring, user feedback, usability studies, or benchmarking.

5. Original research: the study contained original experimental design, results, or evaluation methods.

2. Nonoriginal research content, such as reviews, abstracts, letters, viewpoints, editorials, dissertations, and tutorials

3. Articles that did not clearly describe any method to assess model evaluation.
4. Studies not related to exercise, fitness, sports, or physical activity movement coaching (eg, those focused on education

5. Studies describing systems based solely on traditional Al, such as rule-based engines, decision trees, or classic
machine learning classifiers, without any mention of generative or LLM components.

Data Charting Process

All search results were imported into EndNote 2025, and
duplicates were removed. Study selection was conducted in
2 stages—title and abstract screening and full-text screen-
ing—followed by data charting. Both screening and chart-
ing processes were independently performed by 2 reviewers
(XL and CH). To ensure reliability, interrater agreement was
calculated on a random sample of 50 titles and abstracts,
yielding a Cohen Kappa score of 0.88, indicating substantial

Textbox 2. Data extraction categories for included studies.

agreement. Any disagreements at any stage were first
discussed between the 2 reviewers; if unresolved, a final
decision was made by a third reviewer (QG). This rigorous
and consistent process ensured the validity and reliability of
our findings and reinforced the overall quality of the review.

Data Items

The data extraction categories for included studies are
summarized in Textbox 2.

coaching, rehabilitation, motion correction).

» Datasets: datasets used for training or testing the model.

Bilingual Evaluation Understudy [BLEU]).

https://www.jmir.org/2025/1/€79217

For each included study, the following information was extracted:
* Author name and publication date: study reference details.
* Model name: name or identifier of the proposed system.
* Application scenario: the context in which the model was applied within the exercise or health domain (eg, fitness

* Basic model: the underlying large language model (LLM) or architecture used (eg, GPT-4 [Open Al]).
* Input type: format of inputs received by the model (eg, prompts, self-tracking data, video frames).
* Output type: type of outputs generated by the model (eg, text advice, motion scores, feedback).

* Evaluation metrics: performance metrics used to assess the model, encompassing:
o Automated performance metrics: Objective, computationally derived metrics used to assess model performance
(eg, classification accuracy, F'1-score, MAE, benchmarks, text quality measures such as readability scores or
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o Human-rating metrics: subjective metrics based on feedback and scores from human evaluators (eg, expert
ratings using Likert scales or Kappa, user feedback).

o Study-design metadata: information describing the high-level structure, context, and comparative nature of the
evaluation (eg, comparisons vs experts or baselines, data and context such as real-world datasets or input
modality, and evaluation paradigm such as user study or longitudinal assessment).

* Evaluation outcome: key results related to model performance.

Lai et al

Quality Assessment of Evaluation
Methodologies

While a formal risk-of-bias assessment is not typically
required for scoping reviews, our objective to synthesize the
rigor of current evaluation methods necessitated a structured
approach to quality appraisal. Recognizing that established
appraisal tools for traditional study designs are ill-suited for
this novel technological domain, we developed and applied a
custom scoring system to provide a transparent and consistent
measure of the methodological depth of the included studies.

To this end, we created a 5-point Evaluation Rigor Score
(ERS). The 5 criteria of the ERS were derived from foun-
dational principles of high-quality research identified in
related fields such as human-computer interaction and clinical
validation studies. Each criterion represents a key aspect of
robust evaluation design, such as the use of real-world data
and the inclusion of comparative benchmarks. This struc-
tured approach allows for a more nuanced interpretation of
the evaluation landscape, distinguishing between preliminary
explorations and more robust validation studies. The 5 criteria
are as follows:

1. Validation context: studies received 1 point for

conducting evaluations in a real-world or simulated
user setting, versus O points for purely hypothetical
scenarios.

2. Data source: studies using real user-generated data (eg,
sensor data, interviews) for evaluation were awarded 1
point, versus O points for using synthetic or author-gen-
erated data.

3. Instrument validity: studies using validated scales (eg,
MITI [Motivational Interviewing Treatment Integ-
rity] and SASSI [Subjective Assessment of System
Suitability for Implementation]) for human-rating
metrics received 1 point, versus O points for using
unvalidated or custom-developed questionnaires.

4. Interrater reliability: for studies involving subjective
coding or expert scores, 1 point was awarded if an
interrater reliability metric (eg, Cohen Kappa, Intraclass
Correlation Coefficient [ICC]) was reported, versus 0
points if not.

5. Comparative standard: studies including a direct
comparison against a baseline (eg, another model,
human expert) received 1 point, versus O points for
standalone model evaluations.

Two reviewers (XL and CH) independently applied the ERS
to all included studies. Any discrepancies were resolved

https://www .jmir.org/2025/1/€79217

through discussion with a third reviewer (QG). The final
score for each study, ranging from O to 5, is presented in
the results section and serves as a quantitative indicator of its
methodological rigor.

Ethical Considerations

This scoping review was approved by the Institutional
Review Board of Beijing Sport University (approval number:
2025336H). As the study was based exclusively on the
analysis of publicly available data from previously published
literature, the requirement for individual participant consent
was waived.

Results

Overview of Included Studies

Our scoping review identified 20 studies [3.4,11,12,17-32]
that met the inclusion criteria, all published within a narrow
time frame from March 2023 to July 2025, highlighting the
rapid emergence of this research area. The following sections
provide a detailed synthesis of these studies, covering the
selection process, methodological rigor, key characteristics,
and an aggregated overview of the models and evaluation
strategies used.

Identification of Studies

The study identification and selection process is detailed in
the PRISMA-ScR flow diagram (Figure 1).

The diagram details the study identification and selection
process. Our systematic search of 6 databases yielded 3147
records, and 5 additional studies were identified through
citation searching (snowballing) based on the reference lists
of included articles. After removing duplicates, 2309 records
remained for title and abstract screening. Of these, 2236
were excluded, and 73 full-text articles were assessed for
eligibility. At the full-text screening stage, 54 articles were
excluded: 18 did not involve an LLM-based Al system, 29
were unrelated to exercise, sport, fitness, physical activity,
or health coaching, 5 lacked sufficient methodological or
evaluative detail, 1 was a duplicate or earlier version of an
included study, and 1 misinterpreted “LLM” as “lower limb
muscle.” This rigorous screening process led to the final
inclusion of 20 studies in this review.
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Figure 1. Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) flow diagram.
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Methodological Rigor of Evaluation
Strategies

To provide a deeper synthesis of the evaluation landscape, we
assessed the methodological rigor of these 20 studies using
our ERS. The ERS scores revealed considerable heterogeneity
in methodological depth, ranging from 1 to 5 with a median
score of 2.5, indicating a general trend toward less rigorous
evaluation designs (see Table 1). A small minority of studies
(2/20, 10%) [17,24] achieved the maximum score of 5,
signifying a comprehensive and robust evaluation methodol-
ogy. In stark contrast, the majority of the literature (11/20,
55%) [34,11,12,18,21,22,2526,28,31] received a low-rigor
score of 1 or 2, while the remaining 7 studies [19,20,23,

27,29,30,32] (35%) fell into a moderate-rigor category with
scores of 3 or 4. Common reasons for lower scores inclu-
ded a lack of real-world validation context and the omission
of reliability metrics. For instance, fewer than half of the
studies (9/20, 45%) [4,11,17,23,24,27-30] reported interrater
reliability for their subjective assessments. Furthermore, only
40% (8/20) [4,17,19,20,24,29,30,32] of the studies situated
their evaluation in a real-world or simulated user context,
and an equal proportion (8/20, 40%) [3,12,18,21,23,25,26,
31] based their evaluations on real user-generated data. This
quantitative analysis reinforces our primary finding that the
evaluation landscape for LLM-based coaches is not only
fragmented in its choice of methods but also highly variable
in its methodological rigor.

Table 1. Assessment of methodological rigor of included studies using the Evaluation Rigor Score.

Studies Validation context ~ Data source Instrument validity —Interrater reliability = Comparative standard ~ Total ERS?
Jorke et al [17] 1 1 1 1 1 5
Lietal [3] 0 0 1 0 1 2
Xing et al [4] 0 1 0 1 0 2
Ma et al [18] 0 1 0 0 1 2
Yao et al [19] 1 0 1 0 1 3
Mantena et al [20] 1 1 0 0 1 3
Huang et al [21] 1 1 0 0 1 2
Sarag et al [22] 0 0 0 0 1 1
Havers et al [11] 0 0 0 1 1 2
Ong et al [23] 0 1 0 1 1 3
Stromel et al [24] 1 1 1 1 1 5
Kim et al [25] 0 1 1 0 1 2
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Studies Validation context ~ Data source Instrument validity —Interrater reliability =~ Comparative standard ~ Total ERS?
Willms et al [26] 0 0 1 0 0 1
Zaleski et al [27] 0 0 1 1 1 3
Dergaa et al [28] 0 0 1 1 0 2
Haag et al [29] 1 0 1 1 1 4
Washif et al [12] 0 0 1 0 1 2
Shin et al [30] 1 0 1 0 1 3
Vardhan et al [31] 1 0 0 0 1 2
Sivarajkumar et al [32] 0 1 1 0 1 3

4ERS: Evaluation Rigor Score.

Each included study was scored from O to 5 based on 5
criteria for methodological rigor: validation context (l=real-
world/simulated user setting), data source (l=real user
data), instrument validity (1=used validated scales), inter-
rater reliability (1=reported IRR metrics), and comparative
standard (1=included a baseline/expert comparison). The ERS
provides a quantitative summary of the methodological depth
for each study.

Characteristics of Included Studies

The key characteristics of the 20 included studies are detailed
chronologically in Table 2. The research demonstrates a wide
variety of application scenarios, from generating personalized
exercise plans [21,30] and prescribing strength programs
[11,12] to providing real-time movement analysis [3,4] and
supporting cardiac rehabilitation [29]. The studies also used a
diverse range of input types, from simple text-based prompts

to complex multimodal data streams, including 3D motion
capture, video, and wearable sensor data. The outputs were
similarly varied, encompassing not only textual advice and
training plans but also quantitative scores, explanations, and
visualizations.

Table 2 presents a comprehensive summary of 20 studies
describing LLM-based systems applied to exercise, fitness,
sports, and rehabilitation coaching. Each entry includes the
model name, application domain, input and output types,
datasets used, and evaluation strategies. The table further
distinguishes whether the evaluation was supported by user
feedback, expert comparisons, or expert scoring. Studies are
listed chronologically to reflect the evolution of Al coach-
ing models over time. This table provides a detailed over-
view of model design and evaluation diversity across various
health-related Al coaching scenarios.

Table 2. Summary of key features and evaluation of large language model-based models in exercise and health coaching by publication date.

Studies/ Model Application Output Evaluation
Year name scenario Input type type Datasets Evaluation metrics outcome
Jorke et al GPT - Personal- Self-tracking data+prompt Advice, plan, 16 users, 3- MITI?, User Survey, MIC-consistent
[17], Coach ized chaining visualizations month HealthKit SASSIP, versus Vanilla 93%, high
2025-03 physical Data GPT-4 personalization
activity plan (4.6/5)
Lietal LLaMo Swing: 3D motion/ video Textual 6 datasets; 80K  MoVid-Bench, BABEL- F-1:0.458;
[3], baseball or  data+prompts description, motions; 600K QA, QA-F-score, versus  Swing score:
2025-03 golf QAYanswers QA pairs Motion-GPT 2.48; MoVid-
Bench: Acc® 1f
(55.32%)
Xingetal LLM - Functional ~ FMS key frames+prompt ~ Scoring, 1812 images (15 Acc, maF1?, Kappa! Acc: 091, maF1:
[4], FMS# movement explanations, —movements) 0.87, Kappa: 0.82
2025-03 screening suggestions
Maetal N/A Table tennis Player video+ball Error analysis, Table tennis Acc, Expert Rating, Acc T (67.4%),
[18], coach trajectory+pose training dataset Fleiss’ Kappa, versus Fleiss’ Kappa
2025-02 advice, GPT-4 0.79, Expert:
strategy 8.8/10
Yaoetal Count-  Repetitive  Video frames+ prompts Counting Rep-Count, MAEX, OBO!, versus RepCount
[19], LLM exercise number UCF-Rep/, RepNet, TransRAC, OBO 10.639;
2025-03 counting Countix ESCounts UCFRep
OBO 10.839
Mantena MHC- Cardiovascu TTM™ stage+ health data Motivational ~ 3268 expert User preference, expert 68% prefer
et al [20], Coach lar health coaching messages scores MHC-Coach;
2025-02 promotion messages Expert
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Huang et
al [21],

2025-02

Sarag et
al [22],

2025-02

Havers et
al [11],

2024-12

Ong et al
(23],

2024-09

Stromel
etal [24],

2024-05

Kim et al
[25],

2024-04

Willms et
al [26],

2024-02

Zaleski et
al [27],

2024-01

Dergaa et
al [28],

2023-12

Haag et al
(291,

2023-11

Washif et
al [12],

2023-11

Shin et al
[30],

2023-09

Vardhan
etal [31],
2023-04

Sivarajku
et al [32],
2023-03

N/A

N/A

N/A

N/A

N/A

Health

Alpaca

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Weight loss

Weight
managemen
t plans

Hypertroph
y plans

Health
promotion

Fitness
tracker data
reflection

Wearable-
based health
prediction

Physical
activity

Exercise
prescription

Exercise
prescription

Cardiac
rehabilitatio
n

Strength
prescription

Personalize
d exercise
plan

Health
promotion
(Walking)

Rehabilita-
tion
exercise
extraction

Weight, calorie, activity
datas+ prompts

Detailed prompt

Simple/Detailed prompts

Client Qs+ SleepQA
retrieval

self-tracking step data
(FitBit)+ prompts

Wearable sensor data+
demographics+prompts

Behavior data+M-PAC*
theory prompts

Open-ended prompts

Health profiles+prompts

Personal profiles+
prompts

User-level prompts

Goals+availability+obstac
les

Self-reports+COM-B2P
priming

Clinical notes+few-shot
prompts

Personalized
recommendati
ons

Exercise plans

Training plans

Advices

Narrative
descriptions

Fitness and
health
monitoring

Personalized
physical
activity

Exercise
recommendati
ons

Exercise
program

Exercise
recommendati
ons

Training plans

Personalized
plans

Coaching
responses

Exercise
concept
classification

Project ReLearn
trial (87
participants)

4 programs (3
AI", 1 expert)

8 plans / 12
experts

SleepQA (1000+
articles)

273 users’ 7-day
step data

PM Data’, Life
Snaps,
GLOBEM"Y, AW
FBY

N/A

ACSM
guidelines

N/A

3 Personas x5
Contexts

3 programs

75 exercise list+
user study data

PACE? dataset

23,724 rehab
notes, 300
annotated

Helpfulness rating,
Misidentification rate

versus ACSM?/NASMP
guidelines & human
experts

Expert scores, Fleiss’
Kappa

Acc, Readability,
Helpfulness, Empathy,
Harm

TSRI', UES-SF®

Acc., MAE, MAPEY, F1
Score

Acceptability, ease of use

Acc, comprehensiveness,
readability

Expert scoring (FITTY
adherence, safety)

Appropriateness,
engagement, effectiveness,
professionalism

Expert appraisal
(qualitative)

User feedback, expert
rating

User survey (empathy,
actionability, etc)

Precision, recall, Fi-score

Lai et al

Effectiveness 4.4
versus 2.8

82% Al
helpfulness =3,
50%
misidentified
Al plans differ
from experts;
experts are safer

High reprod.;
GPT-4>Gemini;
Low expert
agreement

No sig. diff.
(experts, GPT-4);
Lay users: LLMY
more helpful

Focused
Attention T,
Reward T,
Comparison T

8/10 tasks best
performance,
outperform
GPT-3.5/4

Acceptable (with
expert filtering)

Acc.: 90.7%;
comprehensivene
ss: 41.2%

Safe but
conservative;
lacks
personalization

All metrics
GPT-4 >HCP*
>LayP%; mean
Score: 5.47-
5.94/7

GPT-4.0
>GPT-3.5; plans
require expert
tuning.

Personalization:
5.83/7; FITT
(freq: 5.67, time:
5.06)

Actionability T,
positive
sentiment T,
empathy T
Few-shot: 0.37;
zero-shot: 0.35;
best concept:
0.846

AMITT: Motivational Interviewing Treatment Integrity.
bSASSI: Subjective Assessment of System Suitability for Implementation.
°MI: Motivational Interviewing.
dQA: Question Answering.

®Acc: Accuracy rate.
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f1: indicates superior performance relative to baseline or comparison models.

8FMS: Functional movement screen

hmaF1: Macro-averaged F1 score

iKappa: Cohen or Fleiss agreement score.

JUCF-Ref: University of Central Florida Repetitive Action Dataset
XMAE: mean absolute error.

10BO: Off-By-One.

™MTTM: Transtheoretical Model.

"AIL artificial intelligence.

OACSM: American College of Sports Medicine.

PNASM: National Academy of Sports Medicine.

4LLM: large language model.

'TSRI: Technology-Supported Reflection Inventory.
SUES-SF: User Engagement Scale-Short Form.

PMData: Personal Monitoring Data

UYGLOBEM: Generalization of Longitudinal BEhavior Modeling
YAW FB: Apple Watch and FitBit

WMAPE: mean absolute percentage error.

*M-PAC: Multi-Process Action Control framework.

YFITT: frequency, intensity, time, type.

“HCP: health care professional.

43 ayP: Layperson.

abCOM-B: Capability, Opportunity, Motivation, Behaviour.
4CPACE: Personalized and Automated Coaching Engine

Distribution of Models, Applications, and
Evaluation Strategies

Table 3 provides an aggregated statistical overview of the
foundational models, application domains, and evaluation
strategies across the 20 studies. The field is predominantly
driven by proprietary models, with 75% (15/20) [11,12,17,
18.,21-30,32] of studies using OpenAl’s ChatGPT series. In
terms of application, research is concentrated in 2 main areas:
exercise and health plan generation (8/20, 40%) [11,1221,
22,2527,28.30] and behavioral and motivational coaching
(7/20, 35%) [17,20,23,24,26,29,31]. Evaluation strategies are
highly varied: human-rating metrics are the most common
approach (16/20, 80%) [3,11,12,17,18,20-24,26-31], typically
using expert scoring and user surveys. In contrast, automated
performance metrics are used less frequently (8/20, 40%)

[3.4,18,19,23,25,31,32], primarily for objective, task-oriented
evaluations.

This table categorizes the 20 included studies based on
3 key dimensions. A basic model summarizes the frequency
of the underlying LLM architectures used. Focus areas and
application domains classify each study into one of 3 primary
application clusters based on its core objective. Evaluation
strategies report the frequency and proportion of the 3
primary evaluation approaches used across the literature:
automated performance metrics, human-rating metrics, and
study-design metadata. This comprehensive summary enables
readers to quickly understand the dominant model types,
primary research applications, and methodological preferen-
ces currently adopted in the Al coaching literature.

Table 3. Distribution of foundational models, application domains, and evaluation strategies across included studies.

Variable

Values (N=20), n (%)

Basic model
ChatGPT
Gemini
Llama
Other models (eg, Vicuna, LaMDA)
Unspecified LLM?

Focus areas and application domains
Movement analysis and correction
Exercise and health plan generation
Behavioral and motivational coaching

Evaluation strategies
Automated performance metrics

Human-rating metrics

Study-design metadata

15 (75) [11,12,17,18,21-30,32]
4(20)[11,18.22,25]

3 (15) [20.23 25]

2(10) [19.31]

2(10) [34]

5(25)[3.4,18,19,32]
8(40) [11,12,21,22,25,27,28,30]
7(35)[17,20,23,24,26,29,31]

8 (40) [3.4,18,19.23,25.31,32]
16 (80) [3,11,12,17,18,20-24.26-31]
20 (100) [3.4,11,12,17-27,29-32]

4LLM: large language model.
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Summary

Collectively, these findings paint a picture of a vibrant and
rapidly expanding field characterized by significant innova-
tion in application. However, this innovation is juxtaposed
with a clear lack of methodological standardization and a
general trend toward less rigorous evaluation designs. The
heavy reliance on human-rating metrics without consistent
reporting of interrater reliability, coupled with a limited use of
real-world data and contexts, highlights a critical gap between
the technical potential of LLM-based coaches and the current
state of their scientific validation.

Discussion

Principal Findings

A primary contribution of this review is the synthesis of
our findings into a conceptual framework designed to guide
future evaluation studies (see Figure 2). This framework
maps Al coach capabilities to a multidimensional set of
evaluation metrics, and our analysis reveals a clear divide
in how researchers currently use its different components.
The field is largely split between 2 clusters, each focusing on
different pillars of the framework. The first, an application-
focused cluster, rightly prioritizes the human ratings pillar
to assess subjective coaching qualities like personalization

Lai et al

and empathy [17,24]. However, as our rigor assessment
shows (median ERS of 2.5), this approach is often com-
promised by a lack of methodological depth, particularly
in reporting interrater reliability and using real-world data.
The second, a technique-focused cluster, logically centers on
the Automated Performance pillar, using objective metrics
on benchmark datasets to evaluate discrete tasks such as
movement classification [3,4,19]. While strong in their
technical validation, these studies often neglect the human-
centered and study design components essential for evaluat-
ing a holistic coaching experience. This fundamental divide
highlights a critical gap: the scarcity of studies that adopt
a truly multidimensional approach as advocated by our
framework, which would integrate the objective rigor of
technical benchmarks with the ecological validity of human-
centered validation.

This figure illustrates how an Al coach, powered by
a diverse set of datasets and a knowledge base (far
left), performs key capabilities (center left) like move-
ment correction and plan generation. These capabilities are
then mapped to 3 distinct categories of evaluation meth-
ods (right): automated performance metrics, human ratings,
and study design metadata. The framework emphasizes a
holistic assessment strategy, combining objective metrics
with human-centered feedback and rigorous study paradigms.

Figure 2. Mapping artificial intelligence coach capabilities to evaluation methodologies. Al: artificial intelligence; BLEU: Bilingual Evaluation
Understudy; MAE: mean absolute error; MITI: Motivational Interviewing Treatment Integrity; MoVid-Bench: Motion Video Benchmark; rep-count:
Repetition Count; SASSI: Subjective Assessment of System Suitability for Implementation.
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Evaluation Landscape

The strengths of the current evaluation landscape lie
within these distinct, albeit siloed, approaches. Expert-driven
assessments, for example, are invaluable for ensuring the
scientific validity and clinical relevance of Al-generated

https://www jmir.org/2025/1/e79217

established guidelines [22,27,28]. Similarly, user-centered
assessments using validated tools like the MITI scale provide
critical insights into usability and engagement that automated
metrics cannot capture [17,21]. On the other hand, tech-
nical evaluations using benchmarks provide objective and
reproducible quantification for specific tasks like movement
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analysis, which is a strength that subjective ratings lack [3,
19].

However, as our rigor assessment highlights, these
strengths are often undermined by significant and widespread
limitations. The subjectivity inherent in human-centered
evaluations becomes a critical weakness when not properly
validated; fewer than half of the studies (n=9, 45%) reported
interrater reliability, casting doubt on the consistency of their
findings. Furthermore, the lack of ecological validity is a
major concern, with only 40% of studies using real-world
contexts or user-generated data. This reliance on hypothetical
scenarios severely constrains the generalizability of findings.
Finally, while objective automated metrics are a strength in
terms of reproducibility, their narrow focus is a limitation,
as they often fail to capture the broader behavioral and
psychological dimensions of coaching effectiveness, such as
motivation or long-term adherence [3,25]. In contrast, the few
studies that achieved a high ERS successfully integrated these
multiple dimensions, demonstrating a potential pathway for
establishing the robust and clinically meaningful benchmarks
that the field currently lacks [17,24].

Mitigating Risks in Al Coaching

While our review highlights the potential of LLM-based
coaches, their practical and ethical deployment in digital
health is contingent upon addressing critical challenges of
data privacy, explainability, and bias, which issues were
only touched upon by the included studies. The use of
personal health data, especially multimodal inputs such as
sensor readings and video, raises significant privacy concerns.
This is particularly acute when using proprietary models
that process data on third-party servers, creating challenges
for compliance with stringent data protection regulations
like General Data Protection Regulation [33,34] or ISO/ie,C
27701 (privacy and security in the era of Al) [35].

Furthermore, the inherent “black-box” nature of many
LLMs presents a major barrier to explainability, eroding the
trust of both users and clinicians who need to understand
the rationale behind an exercise prescription [5,36]. Finally,
these models can inadvertently perpetuate or even amplify
societal biases present in their training data, potentially
leading to inequitable or unsafe recommendations for certain
demographics, body types, or individuals with disabilities
[37].

Addressing these challenges is essential for the responsible
development of the field. To mitigate privacy risks and ensure
regulatory compliance, future research should prioritize the
evaluation of systems built on open-source models that can
be deployed locally or in secure, Health Insurance Portability
and Accountability Act-compliant environments. Techniques
like federated learning represent a critical pathway for
training models on decentralized user data without compro-
mising privacy [38]. To enhance explainability and trust, the
integration of Retrieval-Augmented Generation (RAG) is a
promising strategy. RAG can ground Al-generated advice in
verifiable, evidence-based sources, such as American College
of Sports Medicine (ACSM) guidelines or peer-reviewed
literature, making the model’s reasoning more transparent and
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reducing the risk of factual “hallucinations” [39,40]. Finally,
to combat bias, a human-centered approach is imperative.
This includes implementing systematic bias auditing and
“red teaming” as a standard part of the evaluation process
and, crucially, adopting co-design methodologies that involve
diverse and representative user groups in the design and
testing phases to ensure Al coaching systems are equitable,
inclusive, and truly personalized [41,42].

Future Directions

Based on our findings and promising advancements in
evaluation science, we propose a 2-pronged approach for
future research focused on enhancing the reliability and
efficiency of Al coach assessments.

First, the most immediate priority is to address the
foundational challenge of factual accuracy and trustworthi-
ness in Al-generated advice. The integration of RAG presents
a critical pathway to mitigate the risks of hallucination
and ensure that coaching recommendations are grounded in
evidence. Future work should move beyond simply applying
RAG and focus on a structured implementation and valida-
tion process [39]. For developers, this involves the crucial
task of curating and maintaining high-quality, domain-spe-
cific knowledge bases from gold-standard sources like ACSM
guidelines and peer-reviewed literature. For researchers, the
focus must be on establishing new evaluation metrics tailored
for RAG systems. This includes not only assessing the final
output but also the factual consistency between the generated
text and the retrieved source documents [40]. Furthermore,
applying structured evaluation frameworks such as SCORE
(Safety, Clinical Consensus, Objectivity, Reproducibility,
Explainability) could significantly enhance the reliability and
transparency of Al-generated coaching recommendations.

Second, to overcome the scalability bottlenecks of current
human-rating methods, future research should explore novel
evaluation frameworks like the Adaptive Precise Boolean
Framework. This approach addresses the limitations of Likert
scales (eg, low interrater reliability and time-consuming)
by deconstructing complex evaluation criteria into a series
of simple, granular, and objective Yes/No questions [43].
The implementation of this approach could follow a 2-stage
process. Initially, for researchers and clinicians, the task
is to collaborate in developing standardized, expert-valida-
ted “Precision Boolean rubrics” for core coaching domains
(eg, exercise plan safety and motivational feedback quality).
Once these robust rubrics are established, the next step is to
explore the use of LLMs as automated evaluators to perform
the binary (Yes/No) judgment. As recent work suggests,
this method not only yields substantially higher interrater
agreement among both expert and nonexpert evaluators but
also has the potential to halve the evaluation time while
maintaining high-quality assessment [43]. Adopting such a
framework would provide a scalable, efficient, and relia-
ble mechanism for assessing the safety and quality of Al
coaching at scale, paving the way for more rigorous and
comparable studies in the future.
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While the proposed multidimensional framework
represents an ideal standard, we acknowledge that its full
implementation poses significant practical challenges. These
include substantial resource requirements for conducting
rigorous user studies, the need for interdisciplinary exper-
tise, and barriers to clinical adoption and data collection.
To bridge this gap between the ideal and the practical, we
advocate for a phased approach. Initial feasibility studies
could prioritize automated benchmarks and expert-driven
assessments, while later-stage, well-funded research should
aim for longitudinal studies incorporating validated user-cen-
tered metrics in real-world settings. Furthermore, developing
shared resources, such as standardized datasets and evaluation
protocols, could lower the barrier to entry for researchers and
foster more robust and comparable evidence across the field.

Limitations of the Study

This review has several limitations. First, a critical limitation
is the exclusion of commercial Al coaching systems, like
WHOOP Coach (WHOOP, Inc), ONVY (ONVY HealthTech
Group GmbH), and S.A.R.A.H (World Health Organization),
due to the lack of publicly available technical documentation.
This may significantly skew our findings, as these systems
dominate real-world applications and may use more advanced
evaluation methods not visible in academic literature. Second,
our inclusion criteria, which required studies to have clearly
reported evaluation strategies, may have led to the exclusion
of promising models that lacked formal evaluation docu-
mentation at the time of our search. Third, the ERS used
in this review is a custom tool developed specifically for
this study’s context and has not been externally validated.
While it provides a structured framework for appraisal, the
scores should be interpreted as indicators of methodological
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depth rather than absolute measures of quality. Fourth, the
heterogeneity in datasets, evaluation metrics, and methods
across the included studies limits the direct comparability
and generalizability of the findings. Fifth, many multimo-
dal models were assessed using static or synthetic data,
which may not accurately reflect their real-time perform-
ance in complex, real-world environments. Finally, none of
the studies evaluated long-term outcomes, such as sustained
behavior change or physical improvements, which are critical
for assessing the true impact and effectiveness of Al coaches.

Conclusions

Evaluating LLM-based exercise and health coaches demands
a multifaceted strategy, yet our review reveals a fragmen-
ted landscape characterized by a lack of standardization and
methodological rigor. This fragmentation is largely driven
by a dichotomy between application-focused studies, which
prioritize subjective human ratings, and technique-focused
studies, which rely on objective automated metrics. To bridge
this divide, this review synthesizes these disparate approaches
into a unified conceptual framework that advocates for
integrating the objective rigor of technical benchmarks with
the ecological validity of human-centered validation. Future
progress hinges on implementing this integrated approach.
Two critical pathways are (1) the integration of RAG to
ensure factual accuracy, and (2) the adoption of scalable and
reliable evaluation paradigms, such as the Adaptive Precise
Boolean Framework, to overcome the limitations of current
methods. However, it is important to interpret these findings
with caution, as this review is limited by the heterogeneity
of the included studies and the early-stage nature of the
field, where most evaluations have yet to assess long-term
behavioral outcomes in real-world settings.
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