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Abstract Obesity is a major non-communicable disease burden, yet population-level dietary guidance does
not capture interindividual metabolic variability related to gut microbiome composition. Machine learning
(ML) may support microbiome-informed precision nutrition, but evidence remains heterogeneous across
classification, response-prediction, and intervention-adjacent studies. This systematic review evaluated
ML models that use gut microbiome data for obesity-relevant classification, dietary response prediction,
and personalised nutrition outcomes. A PRISMA 2020-guided search of PubMed/MEDLINE, Scopus, Web
of Science, and IEEE Xplore identified English-language peer-reviewed articles published from January
2015 to February 2026. Eligible studies included adult cohorts with overweight/obesity participants, BMI-
stratified microbiome data, or dietary-response outcomes relevant to obesity-related precision nutrition.
Risk of bias was assessed using PROBAST, Newcastle-Ottawa Scale, and RoB 2.0 as appropriate. Twelve
studies met the inclusion criteria and were assigned to dominant evidence families: seven classification
or biomarker-modelling studies, two dietary or postprandial-response prediction studies, one small,
blinded, personalised-diet validation within a PPGR cohort, one prospective, controlled-feeding cohort,
and one longitudinal weight-loss prediction study. XGBoost-based classifiers showed the strongest
comparative support for static obesity/BMI classification (peak internal AUC 0.90), with SHAP improving
interpretability in the best-performing study. Random Forest/MetAML performance was variable, ranging
from cross-study AUCs around 0.60 to internal or robust-signature AUCs of 0.83-0.85. The main
translational finding was a generalisation envelope from a peak internal AUC of 0.90 to approximately 0.60
across cross-study/meta-analytic benchmarks. Specificity was not reported in any classification-capable
study, and calibration metrics were absent across all included studies. Microbiome-based ML shows early
promise for precision-nutrition CDSS, but clinical translation requires external validation, compositional-
data-aware preprocessing, complete metric reporting, and prospective dietary trials.
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l. Introduction

Obesity is among the most pressing non-
communicable diseases of the twenty-first century. The
World Health Organization reports that more than one
billion adults live with obesity, and obesity substantially
increases the risk of type 2 diabetes, cardiovascular
disease, non-alcoholic fatty liver disease, obstructive
sleep apnoea, and multiple cancers [1], [2]. Long-term
weight management remains difficult despite

behavioural, nutritional, pharmacological, and surgical
approaches; this limited durability is partly explained by
interindividual differences in postprandial and
metabolic responses that are not captured by
population-average dietary guidelines [3]-[6]. Precision
nutrition seeks to individualise dietary guidance using
biological, behavioural, and environmental data. Gut
microbiota is central to this effort because microbial
communities contribute to energy harvest, short-chain
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fatty-acid and bile-acid metabolism, immune signalling,
low-grade inflammation, and satiety pathways [7]-[13].
However, these relationships are difficult to model. The
data are non-linear, high-dimensional, sparse, and
compositional, and they are strongly affected by
technical and population heterogeneity [14]-[20].

ML methods can learn non-linear structure from
microbiome feature spaces and integrate multi-omics
inputs, including 16S rRNA, whole-genome shotgun
metagenomics, metabolomics, host genetics, and
continuous glucose monitoring. Classical ML
algorithms and deep-learning architectures have
therefore been applied to obesity -classification,
postprandial-response prediction, microbiome
biomarker discovery, and dietary-recommendation
generation [21]-[32]. In Medical Informatics, however,
high apparent performance is insufficient unless
models are externally validated, interpretable,
calibrated, and reported in a way that allows CDSS
safety assessment [33]-[35]. Despite the expanding
literature, prior reviews have generally focused on gut
dysbiosis biology, precision nutrition broadly, or ML in
healthcare rather than on the specific evidence chain

linking gut microbiome-based ML to obesity
classification, dietary-response prediction, and
personalised-nutrition translation [36]-[42]. Three

specific gaps remain unaddressed. First, existing
reviews  conflate = computational classification
benchmarks with clinical dietary efficacy, treating a
high internal AUC as evidence of clinical readiness
even when no prospective dietary outcome was tested.
Second, no prior review has paired a quantitative
performance synthesis with a domain-level risk-of-bias
audit and an explicit metric-coverage matrix, so the
field lacks a clear account of which discrimination,
calibration, and specificity metrics are actually reported
across the obesity-specific evidence base. Third, prior
syntheses have not translated their findings into a
CDSS-readiness framework that states the external-
validation, calibration, and specificity thresholds a
microbiome-ML model must meet before it can be
deployed for dietary guidance. This review is therefore
different because it restricts the evidence pool to adult
obesity-relevant microbiome-ML studies, separates
classification-only evidence from response-prediction
and intervention evidence, and audits both reporting
completeness and bioinformatics-pipeline risk rather
than summarising headline performance alone.
Following PRISMA 2020 reporting guidance, this
systematic review evaluates ML models applied to gut
microbiome data across three connected task families:
(i) obesity/BMI classification and obesity-relevant
microbiome stratification from microbial features; (ii)
dietary  and postprandial metabolic-response
prediction; and (iii) prospective personalised-nutrition
or weight-management evidence. The evidence
synthesis is based on 12 eligible studies, with

supporting literature used only for background,

methodological, bioinformatics, and translational

context. The specific contributions of this review are:

1. A quantitative performance synthesis of ML
algorithms (AUC-ROC, Accuracy, F1-Score, Recall,
Pearson R) across 12 eligible studies, identifying
the most consistently high-performing algorithm
class for gut microbiome-based obesity/BMI
classification and obesity-relevant microbiome
stratification within the limits of available evidence.

2. A structured separation of classification/biomarker-
modelling, dietary-response prediction,
intervention-adjacent, and weight-management
evidence to avoid conflating computational
benchmarks with clinical dietary efficacy.

3. A combined metric-reporting and risk-of-bias audit,
including PROBAST domain-level ratings and a
standardised metric-coverage matrix, to identify the
evidence gaps that constrain clinical interpretation.

4. A bioinformatics and CDSS reporting framework
summarising recurrent  pipeline  challenges,
compositional-data requirements, validation
expectations, and TRIPOD+Al-aligned reporting
standards for future microbiome-ML studies.

5. A translation-oriented synthesis that maps each
evidence family to a Clinical Decision Support
System (CDSS) readiness level, distinguishing
models suitable only for upstream microbiome
stratification from those with prospective dietary-
response evidence, and specifying the minimum
external-validation, calibration, and specificity
thresholds required before clinical deployment can
be considered.

Il. Method

A. Study Design

This systematic review was designed according to the
PRISMA 2020 statement [43]. The protocol was
structured before data extraction. The PICO
framework, eligibility criteria, and extraction schema
were fixed before screening. The review was not
prospectively registered in PROSPERO, OSF, or an
equivalent registry. This is a material limitation for
protocol transparency and is acknowledged here and
in Section IV.C. To mitigate the absence of registration,
the PICO, full eligibility criteria, extraction schema, and
risk-of-bias instruments were defined a priori and
reported in full (Algorithm 1; Section II). Complete
search strings, screening counts, and exclusion
reasons are provided as supplementary files so that the
process can be independently audited and reproduced.
No primary patient data were collected, and all
analyses were based on previously published peer-
reviewed literature.
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B. PICO Framework

Population: Adult human cohorts (age =18 years) that
included confirmed overweight/obesity participants
(BMI =25 kg/m?), BMl-stratified microbiome data, or
dietary/postprandial response outcomes directly
relevant to obesity-related precision nutrition. Gut
microbiota had to be profiled via 16S rRNA amplicon
sequencing or whole-genome shotgun (WGS)
metagenomics. Studies utilising public microbiome
databases (e.g., GMrepo, Human Microbiome Project
2, European Genome-phenome Archive) were eligible
when adult BMI metadata, obesity/BMI stratification, or
relevant dietary-response outcomes were accessible
for subgroup or model interpretation.

Intervention:  Application of =1 supervised,
unsupervised, or semi-supervised ML or deep learning
(DL) algorithm (including Random Forest, Support
Vector Machine, XGBoost, Gradient Boosting, Artificial
Neural Network, CNN, LSTM, Autoencoder,
Contrastive Learning, Transformer, or Reinforcement
Learning architectures) to classify obesity status,
cluster microbiome phenotypes, predict dietary
responses, or recommend personalised dietary
interventions from gut microbiota feature profiles.

Comparison: Conventional statistical methods
(ANOVA, logistic regression, PCoA, PERMANOVA,
linear mixed-effects models), non-ML clinical scoring
systems, or alternative ML architectures used as
within-study performance benchmarks.

Outcome: Primary outcomes: quantitative ML
performance metrics (AUC-ROC, Accuracy, F1-Score,
Precision, Recall (Sensitivity), Specificity, Matthews
Correlation Coefficient (MCC), RMSE, MAE, Pearson

Correlation (R)). Secondary outcomes: dietary
recommendation  clinical efficacy (postprandial
glycaemic response, weight loss, macronutrient

optimisation), microbiome biomarker identification and
feature importance rankings, and model interpretability
assessments.

C. Search Strategy

Systematic searches were conducted in
PubMed/MEDLINE, Scopus, Web of Science Core
Collection, and IEEE Xplore between 1 and 14
February 2026. Searches combined microbiome,
obesity/overweight, ML/deep-learning, and
diet/precision-nutrition terms using database-specific
field tags. Database-level filters were English
language, publication year 2015-2026, and peer-
reviewed article type. Review-type records captured for
search sensitivity were excluded during screening
unless they contained original extractable data. IEEE
Xplore records were retained only when full methods
and performance metrics were available. Deduplication
used EndNote 21 with DOI-first matching followed by
title/first-author similarity and manual adjudication by
two reviewers. Full search strings and hit counts are
provided in Supplementary Table S1.

D. Inclusion and Exclusion Criteria

Studies were included if all of the following criteria were
satisfied: (I-1) original peer-reviewed research article
applying ML or DL to gut microbiota data; (I-2) human
adult subjects 218 years in overweight/obesity cohorts,
BMI-stratified datasets, or dietary-response cohorts
directly relevant to obesity-related precision nutrition;
(I-3) explicit deployment and evaluation of =21 ML
algorithm with described cross-validation or train-test
split methodology; (I-4) gut microbiota profiled by 16S
rRNA sequencing or WGS metagenomics with
reportable OTU/ASV abundance tables, metagenomic
profiles, or equivalent microbiome features; (I-5)
reporting of =1 quantifiable ML performance metric or
dietary-response outcome; (I-6) linkage of ML
microbiome predictions to dietary recommendation
output, postprandial glycaemic/lipemic response
modelling, obesity/BMI stratification, or weight-
management outcome; (I-7) English-language, peer-
reviewed publication in an indexed journal, 2015-2026.

Studies were excluded if any of the following
applied: (E-1) conference abstracts, editorials,
commentary, preprints, or narrative reviews without
data extraction tables; (E-2) exclusively paediatric
populations (age <18 years); (E-3) no ML component
or ML applied exclusively to non-gut omics data; (E-4)
oral, vaginal, or skin microbiota profiling without a gut
component; (E-5) no reportable quantifiable ML
performance metrics; (E-6) pharmacological or
bariatric surgical interventions without a dietary
component; (E-7) non-English publications or studies
predating January 2015.

Criterion |-6 was applied by assigning each included
study to a dominant evidence family to avoid conflating
evidence types: (a) classification or biomarker-
modelling studies, where obesity/BMI classifiers,
obesity-relevant microbial signatures, SHAP/feature-
importance outputs, or health-stratification outputs
provide upstream microbiome stratification relevant to
diet-modulable taxa [44]-[50]; (b) dietary-response
prediction studies, where ML predicts postprandial
glycaemic, lipemic, or metabolite responses that
directly inform dietary ranking [51], [52]; and (c)
intervention or intervention-adjacent studies, including
one small blinded personalised-diet validation within a
PPGR cohort [4], one prospective controlled-feeding
cohort [5], and one longitudinal weight-loss cohort [53].

E. Data Extraction and Quality Appraisal

A pre-specified, standardised data extraction form was
independently applied to each included study by two
reviewers, capturing: author(s) and year; study design;
sample size and demographic characteristics; ML
algorithm(s) evaluated; input data features and
sequencing methodology; bioinformatics
preprocessing pipeline and reference database;
clinical or nutritional outcome; and all reported
performance metrics including AUC-ROC, Accuracy,
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Algorithm 1. Reproducible PRISMA 2020-guided systematic-review workflow covering database searching,
deduplication, screening, eligibility assessment, data extraction, risk-of-bias appraisal, evidence-family

assignment, and narrative synthesis.

1)  Input: Databases D = {PubMed/MEDLINE, Scopus, Web of Science, IEEE Xplore}
Output: Set S of included studies and their narrative-synthesis groups
Define PICO, eligibility criteria (I-1..1-7, E-1..E-7) and extraction schema before screening

(

)

3)

(4) R < empty_set// raw records
(5) for each database d in D do
(6)

R « set_union(R, Search(d, microbiome AND obesity AND ML AND diet; 2015-2026, English, peer-

reviewed))

)

)

) S < empty_set

0

1) if f satisfies all I-1..1-7 and no E-1..E-7 then

metrics in Egs. (1)—(11))

UniqueRecords < Deduplicate(R) by DOI first, then title/first-author similarity + manual adjudication
T « TitleAbstractScreen(UniqueRecords) by two reviewers // exclude off-scope records

) for each full-text record f in T do // eligibility assessment

12) extract data with the pre-specified form (design, n, algorithm, sequencing, pipeline, outcome,

appraise risk of bias: PROBAST (Eq. (12)), NOS, or RoB 2.0 by design
assign f to a dominant evidence family (classification / response / intervention)

S « set_union(S, {f})

resolve all reviewer disagreements by consensus + third-reviewer adjudication
narrative synthesis: group S by algorithm class and by primary clinical outcome

(13)
(14)
(15)
(16) else record structured exclusion reason (Supplementary Table S2)
(17)
(18)
(19)

return S and synthesis groups

F1-Score, Precision, Recall, Specificity, MCC, RMSE,
and Pearson Correlation. Where a study compared
multiple ML algorithms, data were extracted for all
reported models and their respective benchmarks.
Disagreements between reviewers were resolved by
consensus discussion, with a third senior reviewer
adjudicating unresolved cases.

Methodological quality was assessed using design-
appropriate instruments: PROBAST for ML prediction
models (four domains: Participants, Predictors,
Outcome, Analysis) [54]; Newcastle-Ottawa Scale for
observational cohort and cross-sectional studies [55];
and Cochrane RoB 2.0 for RCTs [56]. Two reviewers
independently assessed each study; disagreements
were resolved by a third. A formal quantitative meta-
analysis was not statistically appropriate for five
specific reasons: (i) effect sizes not directly comparable
across studies (AUC, accuracy, Pearson R, R? or
variance explained reported variably, with no valid
conversion); (ii) confidence intervals absent in 9/12
studies, precluding inverse-variance weighting; (iii)
classification thresholds (BMI 225, 227, 230 kg/m?) and
obesity case definitions non-harmonisable; (iv)
validation schemes heterogeneous (5-fold CV, 10-fold
CV, 80/20 split, Leave-One-Dataset-Out, nested CV,
external test cohorts) used non-uniformly; (v) outcome
definitions ranged from binary obesity status, BMI
regression, postprandial glycaemic response, to long-
term weight loss with no shared common effect. A

structured narrative  synthesis was therefore
conducted, grouping findings by (a) ML algorithm class
(ensemble, deep learning, classical ML) and (b)
primary clinical outcome (obesity classification,
postprandial-response  prediction, weight loss
prediction, biomarker identification).

F. Review Workflow

The end-to-end review procedure, from database
search to narrative synthesis, is summarised as a
reproducible  workflow in  Algorithm 1.  This
complements the PRISMA 2020 flow diagram (Fig. 1)
by making the deduplication rule, screening order,
eligibility logic, extraction schema, quality-appraisal
instruments, and synthesis grouping explicit and
repeatable.

G. Performance-Metric Definitions and Risk-of-
Bias Scoring
To support transparent and reproducible comparison
across the heterogeneous metrics reported by the
included studies, the performance measures extracted
during data extraction are defined below [33], [83]. For
a binary obesity/non-obesity classifier, true positives
(TP), true negatives (TN), false positives (FP), and
false negatives (FN) are derived from the confusion
matrix. Accuracy, Eq. (1) [33], is the proportion of
correctly classified cases, but it is unreliable under
class imbalance, which is common in obesity cohorts.
TP+TN (1)

Accuracy = ———
Y = TPrTN+FP+FN
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Precision, Eq. (2) [33], quantifies the reliability of a
positive obesity prediction, while Recall, equivalently
Sensitivity or the true-positive rate, Eq. (3) [33],
quantifies the proportion of true obese cases that are
detected. In a dietary-recommendation context, low
precision implies false-positive recommendations and
low recall implies missed at-risk individuals [33].
TP
TP+FP

Precision =

()

TP+FN (3)
Specificity, Eq. (4) [33], is the true-negative rate and is
essential for evaluating false-positive dietary
recommendations; its absence across the included
classification-capable studies is a key reporting deficit
identified in this review [33]. The F1-score, Eq. (5) [33],
is the harmonic mean of precision and recall and is
preferred over accuracy for imbalanced obesity
datasets [33].

Recall = Sensitivity =

T
TN+FP (4)

PrecisionxRecall
FwrIm——r (5)

Specificity =
F1=2X —
Precision+Recall

The area under the receiver-operating-characteristic
curve (AUC-ROC) summarises discrimination across
all decision thresholds and equals the probability that a
randomly chosen obese case receives a higher
predicted score than a randomly chosen non-obese
case, Eq. (6) [33], where TPR and FPR denote the true-
positive and false-positive rates. An AUC of 0.5
indicates chance-level discrimination and 1.0 indicates
perfect discrimination; values around 0.90 reflect
strong internal performance, whereas values near 0.60

reflect weak cross-cohort transfer.

AUC = [, TPR(FPR) d(FPR) (6)

The Matthews correlation coefficient (MCC), Eq. (7)

[33], is a balanced single-value summary of the

confusion matrix that remains informative under class

imbalance [33], ranging from -1 (total disagreement)

through 0 (chance) to +1 (perfect agreement).
TPXTN—FPXFN

MCC = (TP+FP)(TP+FN)(TN+FP)(TN+FN) (7)

For studies reporting continuous outcomes, such as
postprandial glycaemic or metabolite response,
regression error was summarised by the root-mean-
square error (RMSE), Eq. (8) [83], and the mean
absolute error (MAE), Eq. (9) [83], where y; is the
observed value, y; the predicted value, and n the
number of observations. RMSE penalises large
deviations more heavily than MAE.

RMSE = /32?:1(% Ok (8)

1 o~
MAE = —3iily: = 3l )

Agreement between predicted and observed
continuous responses was reported by several studies

as the Pearson correlation coefficient, Eq. (10) [83],
where x; and y; are paired observed and predicted
values with means X and y.

n Y e
— lel(it X)yi-y) — (10)
[P S 0i-9)2

Probabilistic calibration was operationalised through
the Brier score, Eq. (11) [33], the mean squared
difference between predicted probabilities pi and
observed binary outcomes oj, where lower values
indicate better-calibrated risk estimates. No included
study reported a Brier score or calibration curve; this
metric is included because TRIPOD+AI lists calibration
as a required reporting item for clinical prediction
models [33].

r

BS = SLi(pi — 0))? (11)

Risk-of-bias scoring followed each instrument’s
published logic rather than an arbitrary numeric cut-off.
Under PROBAST, each of the four domains
(Participants, Predictors, Outcome, Analysis) was
rated low, high, or unclear from its signalling questions;
a study was rated low overall only when every domain
was low, high overall if any domain was high, and
unclear otherwise [54]. The overall PROBAST
judgement can therefore be expressed as the worst
domain rating, as in Eq. (12) [54], where the ordering is
low < unclear < high. Newcastle-Ottawa quality was
scored additively across the Selection, Comparability,
and Outcome domains to a maximum of nine stars [55],
and Cochrane RoB 2.0 judgements were derived
domain-wise for the single randomised dietary-
validation arm [56].

ROBoverall = max(dPart' dPred' dOutt dAnal) (1 2)

Egs. (1)—(12) were not used to pool studies, since
meta-analysis was not appropriate for the reasons
given above; they define the metric vocabulary used to
extract, tabulate, and critically appraise the
heterogeneous performance values reported by the
included studies, and they underpin the metric-
coverage matrix presented in Table 4.

lll. Results

A. Study Selection and PRISMA Flow

The database search vyielded 1,240 raw records
(PubMed/MEDLINE 412, Scopus 391, Web of Science
289, IEEE Xplore 148). After removing 434 duplicates,
806 records underwent title/abstract screening; 564
were excluded, leaving 242 full texts assessed for
eligibility. Full-text screening excluded 230 records: no
ML component despite computational terminology (n =
67), no reportable ML performance metric (n = 58), no
dietary, metabolic, BMI, or obesity-relevant linkage (n
= 49), review-only design without extractable primary
data (n = 43), and other reasons including non-adult,
non-gut, non-English, pre-2015, or incomplete-scope
records (n = 13). Twelve studies met all criteria and
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Records identified from databases
(n = 1,240)
PubMed/MEDLINE (n = 412); Scopus (n = 391);
Web of Science (n = 289); IEEE Xplore (n = 148)

c
]
L

[}

L)
e
)

c

]
o

Records removed
before screening

Duplicates removed (n = 434)

v

Records screened (title/abstract)

Records excluded (n = 564)

. * No ML component (n = 162)

(n = 242)

(n = 806) + Non-systematic review (n = 143)
+ Non-human / paediatric (n = 89)
* No performance metrics (n = 71)
v « Other (lang., <2015) (n = 99)
Reports sought for retrieval
(n = 242) Reports not retrieved
—>
(n=20)
v
Reports assessed for eligibility . Reports excluded (n = 230)

* No ML component (n = 67)
+ No performance metrics (n = 58)

'

« No dietary linkage (n = 49)
* Review w/o primary data (n = 43)
* Other incl. non-obesity I-6 (n = 13)

(n=12)
Spanning 2015 - 2025; n=15ton = 8,677,
cohorts from 17 countries across five continents

Studies included in narrative synthesis

Fig. 1. PRISMA 2020 flow diagram showing study identification, screening, eligibility assessment, and
inclusion. From 1,240 records retrieved from four databases, 12 studies were included in the final

narrative synthesis.

were included in the final narrative synthesis (Fig. 1).
To support transparency and alignment with PRISMA
2020, a study-by-study list of the 230 full-text
exclusions, each with its citation and primary exclusion
reason categorised into the five exclusion groups
reported above (which map to exclusion criteria E-1 to
E-7 and to inclusion criterion 1-6), is provided in
Supplementary Table S2.

B. ML Algorithm Performance Across Included
Studies

The 12 included studies are summarised in Table 1.
The evidence pool was assigned to dominant evidence
families: seven classification or biomarker-modelling
studies with obesity or dietary-stratification relevance
[44]-[50], two dietary or postprandial-response
prediction studies [51], [52], one small blinded
personalised-diet validation within the Zeevi PPGR
cohort [4], and one prospective controlled-feeding
Wang et al. [51] was counted as response-prediction

evidence because its primary contribution was
metabolite-response modelling, although the model
used pooled dietary-intervention source datasets.
Some studies span more than one translational
function, but each was grouped by its dominant
evidentiary role. Sample sizes ranged from n = 15 [53]
ton = 8,677 [44]. Profiling methods included 16S rRNA,
WGS metagenomics, and metatranscriptomics, which
produce distinct feature spaces that require careful
harmonisation [57], [58].

1. Ensemble Methods: XGBoost and Random
Forest

Ensemble methods appeared in 9/12 studies. XGBoost
was the most consistently top-ranked classifier within
the studies that compared it, but this should be
interpreted as within-study comparative evidence
rather than general dominance because datasets,
preprocessing pipelines, feature spaces, and validation
schemes differed [22], [45], [47], [50]. Wu et al. [45]
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reported the highest internal discrimination (AUC 0.90;
accuracy 0.814; precision 0.819; recall 0.848; F1
0.833) using GMrepo-derived 16S data and SHAP
identified negative-BMI
muciniphila,

interpretation.
Akkermansia
onderdonkii, and Bifidobacterium pseudocatenulatum;

including

SHAP

taxa
Alistipes

downstream

experiments
pseudocatenulatum as a mechanistically plausible
probiotic candidate [45]. Liu Y et al. [47] reported AUC
0.85 across a five-country WGS framework and used
deep reinforcement learning to propose minimum-
intervention microbiome modulation strategies.

supported B.

Table 1. Characteristics of the 12 included studies, including study design, sample characteristics, machine-
learning algorithms, microbiome sequencing methods, clinical outcomes, and reported performance

metrics.
ML
Author Design & Sample AIgonthrn; Clinical Output / I-6 Basis Performance Metrics
(Year) Sequencing
Method
Retrospective; n = - . -
W 3,606 (1,563 XGBoost, oy ssification; SHAP taxa and AUC = 0.90; Acc =
u 2025 SVM, LR, DT; . ) 0.814; Precision =
healthy + 2,043 probiotic validation (upstream ! _ .
[45] . 16S rRNA ; e ; 0.819; Recall = 0.848;
overweight); BMI GM DB dietary-stratification evidence) F1=0833
>25 (GMrepo) (GMrepo DB) e
Liu W Cross-sectional; n ixgﬂr_sRl\?\ll:GgF Eq'?ggé?;ﬂg?gggggi%f;?on; Acc =0.716; Rz =
2022 [46] = 2,262 adults ’ X e y 0.485; AUC: NR
metagenomics stratification (upstream evidence)
Classification plus DRL
LiuY Multi-cohort; n = XGBOOSt_+ personalised modulation strategy _
5022 ) . Deep RL; : : - AUC =0.85
[47] 870; 5 countries (computational dietary/probiotic
WGS shotgun .
recommendation)
Benchmarked against
. i LASSO/Ridge/RF for
(';/ilgltal-Stiunq[)érl\?(la_r’ltfison McMLP (DL): Metabolite response prediction metabolite-response
Wang T Ay Ir . * after dietary interventions (direct prediction; no binary
studies, including 16S rRNA + L . ; LT
2025 [51] : - . response-prediction evidence; not  discrimination AUC
overweight/obesity metabolomics besi v RCT b h .
trial obesity-only ) ecause the primary
outcome was
metabolite response.
KPCA- Gut-health classification linked to
Yang - Largescalein= 7D (O ational recommendation.  AUC = 08615 Acc =
2025[44]  8,677; 65 cohorts WGS evidence with obesity/dietary- 0.791
metagenomics stratification relevance)
CV AUC median =
0.67 (range 0.57-
Chanda & Meta-analvsis: n = RF + MetAML; Obesity signatures/pathways; 0.88); CSV median =
De 2024 3329: 17 Zour’mtries 16S rRNA + dietary-stratification relevance 0.60; independent
[48] e WGS (upstream evidence) validation AUC = 0.85
(species), 0.80
(pathway)
7 baseline genus-level
predictors and 8
LASSO, Long-term weight-loss prediction species-level
Bischoff Longitudinal; n = Ridge, Elastic aﬂe?nonsur ic?al thera P (weight- maintenance
2022 [53] 15; BMI = 43.1 Net; WGS g py (welg predictors identified;

metagenomics

management outcome)

no standard
discrimination/calibrati
on metric reported.
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Table 1. (continued)

ML
Author Design & Sample Algorlthm; Clinical Output / I-6 Basis Performance Metrics
(Year) Sequencing
Method
Meta-analysis; n =
G 4,282 (2,236 Random Obesity biomarkers/pathways; diet-
ong controls + 1,152 = oot 465 dulable signat t AUC = 0.83
2022 [49] overweight + 894 orest; modulable signatures (upstream =0.
A V3-V4 DADA2 evidence)
obesity); 8 source
datasets
Adult PPGR Mixed-effects Pearson R = 917 for
, cohort; n =550 LR + ML PPGR prediction translated to ~ pre '
Tily 2022 g0 ) . ; . classification AUC
adults (US; 66% ensemble; dietary recommendations (direct )
[52] : . . because the primary
female; not Metatranscript response-output evidence)
. ; ; outcome was
obesity-only) omics (Viome) )
continuous response.
XGBoost, RF, AUC median = 0.608
. ) . Neural Cross-study obesity signatures; (10-fold CV across all
{‘5'8]2023 gséaileznalyss, 18 Network; 16S  classification benchmark (upstream 18 studies); 0.771 (8
rRNA; 18 evidence) obesity-specific
studies subset)
Cohort + small Gradient I : R = 0.68; significant
Zeevi blinded dietary Boosting; P;Sg]glrizgfé?gtigﬂ ds;tqiilrz t()glr;gitd PPGR reduction in
2015 [4] validation; n =800 WGS + CGM rr')es onse evidence) blinded dietary
+100 + 26 + diet P validation
ML ensemble s .
Berry PREDICT 1; n = (multi-model); Egﬁ_ﬁﬁliggg;ﬁuig;::)ftrospeCtlve Variance explained =
2020 [5] 1,002 adults/twins  WGS + CGM : . 9 . 46%; AUC = 0.73-0.77
+ SNPs (intervention-adjacent evidence)

*NR = Not Reported; NA = Not Applicable to the primary task; AUC = Area Under ROC Curve; Acc = Accuracy;
PPGR = Postprandial Glycaemic Response; DL = Deep Learning; RL = Reinforcement Learning; CL = Contrastive
Learning; KPCA = Kernel PCA; CV = Cross-Validation; CSV = Cross-Study Validation; WGS = Whole-Genome
Shotgun metagenomics; CGM = Continuous Glucose Monitoring; TG = Triglyceridaemia; DT = Decision Tree; LR =
Logistic Regression. To clarify cross-study metric availability and support the metric-reporting interpretation in
Section I11.B.4, AUC-ROC was reported in 7/12 studies [5], [44], [45], [47]-[50], Accuracy in 3/12 [44]-[46], and F1-
Score, Precision, and Recall/Sensitivity in only one of seven classification-capable studies [45]. Specificity was not
reported in any classification-capable study, while calibration plots or Brier scores were absent across all 12 studies.
Studies reporting alternative metrics - Pearson R [4], [5], [62], R? [46], or qualitative model ranking [51] - are flagged
in the Performance Metrics column. This explicit reporting matrix substantiates the metric-reporting deficit highlighted

in the Results and Discussion sections.

Random  Forest/MetAML  showed  variable
secondary performance across pooled and meta-
analytic datasets. Gong et al. [49] reported an AUC of
0.83, while Chanda and De [48] reported a median
within-dataset AUC of 0.67, falling to 0.60 under cross-
study validation, with partial recovery to AUC 0.85 for
species features under independent robust-signature
validation. Lin et al. [50] reported a median AUC of
0.608 across 18 harmonised 16S studies, rising to
0.771 in the obesity-focused subset. In each of these
multi-cohort studies, the cross-study or leave-one-

dataset-out estimate was lower than the corresponding
within-dataset estimate (the interpretation of this
pattern for deployment is considered in Section V).

2. Deep Learning Architectures

Deep learning was less frequent but useful for tasks
beyond static classification. Wang et al. [51] developed
McMLP  for food-microbe-metabolite  response
prediction across six dietary intervention studies. Yang
et al. [44] applied KPCA-contrastive learning to 8,677
metagenomic samples from 65 cohorts, reaching AUC
0.861 and Accuracy 0.791 for gut-health classification
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linked to FGMDI dietary recommendations. Neither
study reported calibration metrics or a prospective
clinical-deployment test.
3. Classical ML: SVM, Regularised Regression,
Mixed-Effects Models
Classical ML methods retained value where
interpretability or small-sample modelling was
prioritised. Liu W et al. [46] reported SVM-RBF
accuracy of 0.716 and R? of 0.485 for BMlI-related
prediction. Bischoff et al. [53] used regularised
regression in a 24-month cohort of 15 adults with
severe obesity, identifying baseline microbial
predictors of long-term weight-loss success. Tily et al.
[52] reported Pearson R = 0.77 for PPGR prediction
using metatranscriptomic data, linking functional
microbiome activity to dietary ranking.
4. Cross-Cohort Generalisation Gap and Metric-
Reporting Deficit
Across the 12-study evidence base, reported
discrimination estimates ranged from peak internal
AUC 0.90 in a single-cohort setting [45] to
approximately 0.60 in cross-study/meta-analytic
benchmarks [48], [50]. These values come from
different studies and validation designs; no single
model was observed to decline directly from AUC 0.90
to AUC 0.60. Metric reporting was incomplete:
specificity was not reported in any classification-
capable study, calibration/Brier score was absent in all
12 studies, and AUC-ROC was available in 7/12
studies. The five non-AUC studies reported non-AUC
classification/regression metrics, response-prediction
correlations, biomarker outputs, or qualitative model
ranking rather than a shared AUC endpoint. F1,
precision, and sensitivity were each reported in only
one of seven classification-capable studies. These
omissions prevented extraction of false-positive rates
and calibrated operating thresholds from the published
reports.

C. Clinical Outcomes in Obesity
1. Obesity/BMI Classification and Obesity-
Relevant Microbiome Stratification

Classification or biomarker-modelling with obesity or
dietary-stratification relevance was the dominant
evidence family (7/12 studies; Section 11I.B). Wu et al.
[45] reported the highest obesity-classification AUC
(AUC = 0.90, SHAP-based feature importance, in vivo
+ in vitro probiotic confirmation). Liu W et al. [46]
reached an accuracy of 0.716 across 2,262 WGS-
profiled Chinese adults. Liu Y et al. [47] achieved an
AUC of 0.85 in cross-country validation across five
nations, identifying 42 geographically conserved
species signatures. Yang et al. [44] reached AUC =
0.861 in a large gut-health classification framework
linked to dietary recommendations and was retained as
computational recommendation evidence rather than
as a direct obesity-treatment trial. Chanda and De [48]
reported CV median AUC 0.67, CSV median AUC

0.60, and independent external validation AUC 0.85 for
a pooled species-level robust signature.
2. Personalised Dietary Recommendations and
Postprandial Response Prediction
Two studies reported prospective or intervention-
adjacent dietary-response evidence. Zeevi et al. [4]
measured 46,898 postprandial glycaemic responses
(PPGRs) via 7-day continuous glucose monitoring
(CGM) in 800 participants, using Gradient Boosting on
WGS microbiota plus blood parameters, dietary logs,
physical activity, and anthropometric measurements to
predict personalised PPGRs at Pearson R = 0.68
(replicated at R = 0.68 in a 100-person validation
cohort). A small blinded personalised-diet validation (n
= 26) showed significantly lower PPGRs on algorithm-
generated favourable diets than on algorithm-identified
unfavourable diets [4].

Berry et al. [5] extended this in PREDICT 1 (n =
1,002 UK/US twins). Multi-omics modelling showed gut
microbiome  composition  explained 7.1%  of
postprandial triglyceridaemia and 6.0% of glycaemic
variance beyond meal macronutrients (3.6%), with the
full multi-omics model explaining 46% of glycaemic
variation [5].

3. Weight Loss

Identification
Three types of weight-management-related evidence
were observed across Bischoff et al. [53], Liu Y et al.
[47], and Wu et al. [45]: baseline microbiota biomarkers
associated with weight-loss success, computational
strategies for microbiota modulation, and experimental
validation of a candidate taxon.

Bischoff et al. [53] showed baseline microbiota
profiles enriched in Akkermansia, Alistipes,
Pseudoflavonifractor, and Symbiobacterium (four of
seven weight-loss-predictive  genera identified)
distinguished participants achieving long-term weight-
loss success (a priori defined as relative weight loss
210% at 24 months; the persistently successful
subgroup achieved a mean relative weight loss of
18.2% versus 0.2% in the non-successful subgroup).
Liu Y et al. [47] reported a DRL modulation framework
identifying minimum dietary or probiotic interventions
across five geographic backgrounds. Wu et al. [45]
validated Bifidobacterium pseudocatenulatum through
in vivo inhibition of lipid accumulation in C. elegans and
in vitro suppression of C3H10T1/2 adipocyte
differentiation.

Prediction and Biomarker

D. Risk of Bias Assessment

Two reviewers independently appraised the 12 studies
using design-appropriate instruments, with
disagreements resolved by consensus and third-
reviewer adjudication. PROBAST was applied to all 12
as prediction-model evidence; the Newcastle-Ottawa
Scale to 4 observational studies [5], [46], [52], [53]; and
Cochrane RoB 2.0 was applied to the Zeevi
personalised-diet validation [4]. RoB 2.0 was not
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Table 2. Risk-of-bias and methodological-quality assessment of the 12 included studies using PROBAST,
the Newcastle—Ottawa Scale, and Cochrane RoB 2.0, as applicable.

RoB 2.0 / source-trial

Study PROBAST (Overall) NOS (Score/9) considerations

Wu 2025 [45] Low NA NA

Liu W 2022 [46] Unclear 7/9 NA

Liu'Y 2022 [47] Low NA NA
RoB 2.0 not directly applicable;

Wang T 2025 [51] High (Part.) NA source-dataset heterogeneity noted
narratively

Yang 2025 [44] Low NA NA

Chanda & De 2024 [48] Unclear NA NA

Bischoff 2022 [53] High (Part.) 6/9 NA

Gong 2022 [49] Unclear NA NA

Tily 2022 [52] Unclear 7/9 NA

Lin 2023 [50] Unclear NA NA

Zeevi 2015 [4] Low NA Low

Berry 2020 [5] Low 8/9 NA

*NA = Not Applicable (instrument not indicated for this study design). NOS maximum possible score =9. PROBAST
overall rating combines assessments across Participants, Predictors, Outcome, and Analysis domains. The RoB
2.0 rating for Zeevi et al. [4] refers to the small blinded personalised-diet validation arm within the PPGR cohort.
RoB 2.0 was not applied directly to Wang et al. [61] because it is a prediction-model paper based on pooled dietary-
intervention datasets; source-dataset heterogeneity was considered narratively.

applied directly to Wang et al. [51] as a prediction-
model paper; heterogeneity in its pooled dietary-
intervention source datasets was noted narratively.
Summary results are in Table 2.

PROBAST across its four domains showed 5
studies [4], [5], [44], [45], [47] at low overall risk
(adequate sample size, pre-specified outcomes,
appropriate cross-validation, transparent
preprocessing reporting); 5 studies [46], [48], [49], [50],
[52] at unclear/moderate risk driven by the Analysis
domain (insufficient cross-validation partitioning
reporting risking data leakage, absent calibration,
incomplete class-imbalance handling); and 2 studies
[51], [53] at high risk in Participants - Wang [51]
because heterogeneity across six independently
designed dietary intervention cohorts constrained
generalisability, and Bischoff [53] because n = 15
limited model stability. Domain-level PROBAST ratings
(Participants/Predictors/Outcome/Analysis) for each
study are shown in Table 5. Newcastle-Ottawa scores
for the 4 observational studies ranged 6-8/9, with
adequate Selection and Outcome but variable
Comparability. Cochrane RoB 2.0 was applied directly
to Zeevi et al. [4], which was rated Low. Five of twelve
studies [4], [5], [44], [45], [47] met combined low-risk
criteria across applicable instruments.

Across the four PROBAST domains, Analysis was

rated Unclear in 7/12 studies, the most frequent driver
of moderate-risk classifications. Recurring
weaknesses (cross-validation partitioning, calibration,
pipeline isolation) are precisely what TRIPOD+AI is
designed to mandate. Read directly from the
standardised reporting matrix (Table 4), AUC-ROC
was the only metric reported by a majority of studies
(7/12), accuracy was reported by 3/12, and external
validation on an independent cohort or via leave-one-
cohort-out was reported by 5/12; among the seven
classification-capable studies, sensitivity, F1, and
precision were each reported by only one (1/7),
specificity by none (0/7), and no study among all twelve
reported a calibration curve or Brier score (0/12). This
row-by-row pattern, rather than any single low score, is
the quantitative basis for the reporting-deficit
conclusion drawn throughout the Results and
Discussion.

IV. Discussion

A. Interpretation of Results

This review indicates that XGBoost-based classifiers
currently have the strongest support for static
obesity/BMI  classification  within the included
comparative evidence, with SHAP improving
interpretability in the best-performing study. No model
should be ftreated as universally preferred. The
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strongest result (AUC 0.90) came from internal
validation in a single large public-database setting [45],
whereas cross-study benchmarks were substantially
lower [48], [50]. The appropriate interpretation is
therefore methodological: model choice must be paired
with leakage-safe preprocessing, external validation,
calibration, and transparent reporting. The consistent
observation that cross-study and leave-one-dataset-
out estimates fell below within-dataset estimates
across the meta-analytic studies [48], [50] implies that,
for deployment, cross-cohort study design and
harmonised obesity case definitions matter more than
an isolated peak AUC obtained in a single cohort. A
model selected on internal performance alone is

therefore likely to overstate its real-world
discrimination.

The combination of tree-based classification and
SHAP explanations is valuable because it links patient-
level predictions to taxa-level contributions and
enables mechanistic follow-up [45], [77], [79].
However, post-hoc interpretability does not establish
causality or clinical safety. Feature attribution should
therefore not be reported in isolation. It should be
accompanied by calibration, external validation, and
decision-curve analysis, and, where possible, by
experimental or prospective dietary validation [33],
[78]-[81]. Deep learning appears most useful for multi-

omics, metabolite-response, and temporal or nonlinear

Table 3. Domain-level PROBAST risk-of-bias assessment for the 12 included studies across Participants,

Predictors, Outcome, and Analysis domains.

Study

Participants Predictors Outcome Analysis

Notes on weakest domain(s)

Wu 2025 [45] L L L

All domains are low risk; the strongest

L classification metric reporting in pool (5/6
metrics + SHAP); specificity remains
unreported

Liu W 2022 [46] L L L

U Analysis: limited CV-fold preprocessing
isolation reporting

LiuY 2022 [47] L L L

L Multi-cohort design with external validation

Wang T 2025
(51]

Participants: 6 independent dietary

U intervention cohorts with non-uniform
inclusion; Analysis: heterogeneity-pooling
justification incomplete

Yang 2025 [44] L L L

L Largest pooled cohort; appropriate CV
strategy

Chanda & De
2024 [48]

Predictors: heterogeneous reference-

U database versions across pooled cohorts;
Analysis: cross-cohort harmonisation not pre-
specified

Bischoff 2022
[53]

Participants: n = 15 limits model stability;
U Analysis: small-sample CV reporting
incomplete

Gong 2022 [49] L U L

Predictors: 16S V-region heterogeneity
U across pooled datasets; Analysis: absent
calibration

Tily 2022 [52] L u L

Predictors: proprietary metatranscriptomic

U platform limits independent reproducibility;
Analysis: no calibration / decision-curve
analysis

Lin 2023 [50] L U L

Predictors: 18-study heterogeneity in
U sequencing and processing; Analysis: CV
partitioning not fully documented

Zeevi 2015 [4] L L L

Small blinded dietary validation arm; reports
L Pearson R and prospective dietary response
rather than standard classification metrics

Berry 2020 [5] L L L

Twin design controls genetic confounding;

L large cohort
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Table 4. Standardised performance-metric reporting matrix across the 12 included studies.

Study AUC Acc Sens Spec F1 Prec Ext. Val

Wu 2025 [45] v v v NR v v NR
Liu W 2022 [46] NR v NR NR NR NR NR
Liu Y 2022 [47] v NR NR NR NR NR v
Wang T 2025 [51] NA NA NA NA NA NA NR
Yang 2025 [44] v v NR NR NR NR NR
Chanda & De 2024 [48] NR NR NR NR NR v
Bischoff 2022 [53] NA NA NA NA NA NA NR
Gong 2022 [49] v NR NR NR NR NR NR
Tily 2022 [52] NA NA NA NA NA NA NR
Lin 2023 [50] v NR NR NR NR NR v
Zeevi 2015 [4] NA NA NA NA NA NA v
Berry 2020 [5] v NR NA NA NA NA v
Total reported (n/12) 712 312 1/7 appl. 0/7 appl. 1/7 appl. 1/7 appl. 5/12

*Note. The matrix is built from explicit metric values disclosed in each primary publication. NR = not reported; NA
= not applicable to the primary task because the outcome was continuous response prediction, metabolite-
response modelling, or longitudinal biomarker discovery rather than threshold-based classification. Specificity was
not reported for any classification-capable study (0 of 7), and calibration/Brier score was reported in 0/12 studies.
AUC-ROC is available in 7/12 studies; among classification-capable studies, F1, Precision, and Sensitivity are
each reported in only one study; and external validation on an independent cohort or leave-one-cohort-out scheme
is reported in 5/12. These deficits support the metric-reporting interpretation in Section 111.B.4.

phenotype modelling, rather than as a default
replacement for tree-based classifiers [29]-[32], [51],
[82], [98]-[100]. Its role in microbiome-guided nutrition
should be evaluated against simpler baselines under
nested cross-validation and external test cohorts,
because sparse compositional datasets remain
vulnerable to overfitting.

B. Comparison with Previous Studies

This synthesis differs from prior precision-nutrition and
microbiome-ML reviews by restricting the included
evidence to adult obesity/BMI-stratified or obesity-
relevant dietary-response microbiome ML studies and
by explicitly separating classification benchmarks from
dietary-response and intervention evidence [30], [31],
[36]-[42]. The low cross-study AUCs observed here are
consistent with broader microbiome-ML benchmarks,
where obesity is among the more difficult phenotypes
to classify reproducibly across cohorts [17], [18]. A
direct comparison of the five most informative
classification studies clarifies why peak accuracy and
deployable accuracy diverge. Wu et al. [45] achieved
the highest internal discrimination (AUC 0.90; accuracy
0.814) but used a single retrospective public-database
cohort (n = 3,606) with an internal split rather than an
external test set, so the value is an upper bound under
favourable conditions. Yang et al. [44] reported a

slightly lower but more robust AUC of 0.861 (accuracy
0.791) using by far the largest pool (n = 8,677 across
65 cohorts) and contrastive deep learning, indicating
that scale and cohort diversity cost little discrimination.
Liu Y et al. [47] reported AUC 0.85 with explicit five-
country external validation (n = 870), the most credible
cross-population estimate in the pool because it was
not derived from a single-cohort split. By contrast, the
two meta-analytic studies that enforced cross-study
validation reported substantially lower values: Chanda
and De [48] fell from a within-dataset median AUC of
0.67 to 0.60 under cross-study validation (n = 3,329; 17
countries), recovering to 0.85 only for a curated
species-level robust signature, and Lin et al. [50]
reported a 10-fold cross-validation median AUC of
0.608 across 18 studies, rising to 0.771 in the obesity-
specific subset. Read together, validation design not
algorithm family or headline AUC is the dominant
determinant of reported performance: single-cohort
internal splits cluster near 0.85-0.90, whereas leave-
one-dataset-out or pooled cross-study designs cluster
near 0.60-0.77 for the same task.

The strongest clinical translation evidence remains
the PPGR work of Zeevi et al. [4] and Berry et al. [5].
Zeevi et al. combined WGS microbiome, CGM, diet,
activity, and clinical data and tested algorithm-derived
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diets in a small blinded personalised-diet validation.
Berry et al. extended this to a larger multi-omics cohort
and showed that microbiome features add predictive
information beyond macronutrients. These studies
support early efficacy signals but are insufficient to
establish broad obesity-treatment CDSS effectiveness.
The generalisation gap also parallels evidence from
broader microbiome disease prediction and multi-
cohort harmonisation studies [17], [18], [57], [58], [60].
None of the included studies fully resolved batch
effects, compositionality, and database-version
heterogeneity prospectively, making cross-cohort
validation a minimum requirement for future
microbiome-ML obesity studies.

1. Review-level limitations.

A formal meta-analysis was not appropriate for the five
reasons specified in Section IL.E: incompatible
outcomes and metrics; confidence intervals absent in
9/12  studies;  non-harmonisable classification
thresholds; heterogeneous validation schemes; and
outcomes ranging from binary obesity status to PPGR
and long-term weight loss. The review was not
prospectively registered, which limits protocol
transparency despite pre-specified PICO and
extraction procedures. The search did not include
Embase, Cochrane Library, trial registries, preprint
servers, or grey-literature sources. Formal inter-rater
agreement statistics were not calculated, although
disagreements were resolved by consensus and third-

Table 5. Recurrent bioinformatics pipeline challenges in microbiome-based machine-learning studies and
recommended mitigation strategies.

Challenge

Mitigation Strategy

Key References

1. Compositionality bias of
OTU/ASYV relative abundances

Apply centred log-ratio (CLR) or additive log-ratio
transformation; consider arcsine-contrast methods under
high zero-inflation

[53], [60], [62],
[14], [15], [20]

2. Cross-study batch effects

Apply ComBat or MMUPHin harmonisation; report
Leave-One-Dataset-Out (LODO) validation as the
minimum cross-cohort benchmark

[17], [48], [50]

3. Reference database
inconsistency (SILVA, RDP,
Greengenes, GTDB)

Adopt species-level genome bin (SGB)-based profilers
such as MetaPhlAn 4 and version-pin reference
databases per study

[57], [58], [64],
[65], [66], [67]

4. Data leakage during
preprocessing

Fit normalisation, feature selection, and dimensionality
reduction inside cross-validation folds; pre-register the
pipeline

[33]

5. Class imbalance (obese vs
healthy-weight)

Apply stratified cross-validation, SMOTE oversampling,
or class-weight adjustment; report minority-class Recall
and F1

[45], [33], [68]

6. Small per-site sample sizes

Adopt federated learning consortia for multi-site training
without centralising patient data

[69], [7Q], [71],
[72], [73], [74],

[75], [76]
7. Absent calibration and Report calibration plots, Brier scores, and decision-curve [33]
decision-curve analyses analysis per TRIPOD+AI guidance

) . . . Adopt longitudinal sampling and temporal-aware deep-

SGSI%S;Sisencstlonal, single-time learning architectures (CNN-LSTM, Transformer-based  [53]
P 9 sequence models)
9. Inadequate performance . . L
metric reporting (Sensitivity, Mandate TRIPOD+AI checklist at journal submission; [43], [33]

Specificity, AUC)

report full confusion matrix and discrimination metrics

10. Opaque feature attribution
(black-box ML)

Integrate SHAP, LIME, and counterfactual explanation
frameworks; pair ML predictions with mechanistic
experimental validation

[77], [45], [47],
[78], [79]

C. Limitations and Weaknesses
The limitations of this work fall into four groups: review-
level, included-study, methodological, and clinical-

translation limitations.

reviewer adjudication.
2. Included-study limitations

platforms,

and

The included studies used heterogeneous sequencing

bioinformatics pipelines, reference
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databases, including 16S rRNA, WGS,
metatranscriptomics, DADA2, QIIME2, MetaPhlAn,
and bioBakery workflows [57], [58], [64]-[67]. In
addition, 11/12 studies used single-time-point profiling,
limiting inference about dietary dynamics.

3. Methodological limitations

Compositional-data handling was inadequately
reported. CLR transformation could be unambiguously
confirmed in only 1/12 studies [53], and CLR alone is
not sufficient unless zero replacement, sequencing-
depth normalisation, sparsity thresholds, and
sensitivity analyses are pre-specified [14], [15], [20],
[60], [62], [63]. Data leakage remains a central
reliability risk. Global normalisation, prevalence
filtering, feature selection, dimensionality reduction,
batch-effect harmonisation, class balancing, or
hyperparameter tuning performed before splitting can
inflate internal performance. Future studies should fit
every data-dependent preprocessing step inside each
training fold, report fold-level pipeline isolation
explicitly, and include at least one external test cohort
never used in preprocessing or model selection [33],
[68].

4. Clinical-translation limitations.

Finally, the body of evidence is not yet sufficient for
clinical deployment. Only one small blinded dietary-
validation arm (n = 26 [4]) and one prospective
controlled-feeding cohort [5] tested algorithm-derived
dietary guidance prospectively; no included study
reported specificity or calibration, no study performed

decision-curve  analysis, and training cohorts
overrepresented  high-income  populations, so
subgroup  performance, false-positive  dietary-

recommendation rates, and operating-threshold safety
remain unquantified. These constraints mean the
present synthesis can establish methodological
readiness but not clinical-deployment readiness.
Synthesising these limitations, ten recurrent
bioinformatics pipeline challenges emerge as priority
targets for next-generation microbiome-ML obesity
research, with evidence-based mitigation strategies
summarised in Table 5.

D. Implications for Clinical Practice and CDSS
The clinical evidence supports cautious translation
rather than immediate deployment. Zeevi et al. [4]
provide a small blinded personalised-diet validation
within a PPGR cohort, while Berry et al. [5] provide
strong prospective controlled-feeding evidence. These
findings support an early signal of efficacy for
microbiome-informed dietary ranking, but safety,
calibration, reproducibility across populations, and
prospective workflow integration remain unproven.
CDSS architecture recommendations should
therefore be treated as implementation considerations
rather than empirical findings from the 12 included
studies. Future systems will require standardised

BIOM-like input  schemas, version-controlled
preprocessing, locked or regulator-approved adaptive
models, interpretable output, uncertainty
communication, and post-deployment monitoring [33]-
[35], [61], [83], [84]. Federated learning is relevant
because microbiome cohorts are small and
geographically biased, but privacy, fairness,
governance, and secure computation remain
unresolved implementation issues [69]-[76], [85], [86].
Regulatory-facing translation should define minimum
external-validation cohorts, sensitivity/specificity floors,
calibration targets, and algorithm-change protocols
before microbiome-guided dietary CDSS can be
evaluated as software as a medical device. Current
included studies do not meet this evidentiary threshold,
so the appropriate conclusion is methodological
readiness, not clinical deployment readiness. Equity is
also central. Gut microbiota varies with geography,
diet, socioeconomic context, medication exposure, and
environment, while current training cohorts
overrepresent high-income settings [87]-[90]. Globally
representative federated consortia and harmonised
metadata standards are therefore needed to avoid
dietary recommendations that generalise poorly to
underrepresented populations.

E. Future Research Directions

Five priorities follow directly from the evidence gaps:
(1) longitudinal multisite WGS cohorts with CGM and
standardised diet records; (2) compositional-data-
aware preprocessing with zero-handling and sensitivity
analyses; (3) multi-omics modelling that integrates
metagenomics, metabolomics, host genetics, and
digital phenotyping; (4) TRIPOD+Al-aligned reporting
of discrimination, calibration, confusion matrices, and
external validation; and (5) privacy-preserving
international consortia for representative training and
prospective testing [5], [33], [43], [57]-[76], [91]-[100].

F. Minimum Reporting Standards for Microbiome-
ML Obesity Studies
Future primary studies and systematic review updates
should make each candidate microbiome-ML study
traceable to an evidence level: classification-only,
response  prediction, intervention-adjacent, or
randomised dietary intervention evidence. This
distinction is essential because obesity classification
models can support stratification but do not by
themselves prove that an ML-derived diet improves
clinical outcomes. For reproducibility, full database
strings, screening counts, deduplication rules, full-text
exclusion reasons, extraction sheets, and risk-of-bias
judgments should be supplied as supplementary files.
In addition, the main manuscript should report included
studies separately from background, methodological,
CDSS, and regulatory references [4], [5], [33], [43]-[56].
For primary studies in this field, the minimum
reporting  panel should include AUC-ROC,
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sensitivity/recall, specificity, precision, F1-score,
confusion matrix, calibration plot or Brier score,
decision-curve analysis, external validation,
preprocessing order, and whether every data-
dependent step was refitted inside each cross-
validation fold. Microbiome-specific reporting should
further specify three things. First, the data should be
characterised by zero-handling, sequencing-depth
distributions, and rare-feature filtering. Second, the
compositional treatment should be stated, namely the
log-ratio or alternative transformation and the
reference-database version. Third, a sensitivity
analysis should be reported across at least two
preprocessing pipelines [14], [15], [20], [33], [57]-[68].
These requirements are not cosmetic; they determine
whether high internal AUC reflects biological signal or
preventable leakage and batch effects. For CDSS
translation, the evidence threshold should be higher
than publication-level prediction performance. A
clinically interpretable microbiome-nutrition CDSS
should report the operating threshold chosen for
recommendation, the false-positive and false-negative
consequences of that threshold, calibration drift across
populations, subgroup performance across geography
and diet pattern, and model-version governance.
Federated learning, privacy-preserving computation,
and post-deployment monitoring may address multi-
site data limitations, but they cannot replace
prospective dietary trials or representative validation
cohorts [69]-[86]. Accordingly, this review treats current
models as promising methodological prototypes rather
than clinically deployable systems.

V. Conclusion

This PRISMA 2020-guided systematic review of 12
studies supports three conclusions. The review set out
to evaluate machine-learning models that use gut
microbiome data for obesity-relevant classification,
dietary-response  prediction, and personalised
nutrition, and to judge their readiness for clinical
decision support. From 1,240 records, 12 studies met
the criteria and were grouped into seven classification
or biomarker-modelling studies, two dietary or
postprandial-response prediction studies, and three
intervention or intervention-adjacent studies. First,
XGBoost-based classifiers currently have the strongest
support for static gut microbiome-based obesity/BMI
classification within heterogeneous comparative
evidence, with SHAP improving interpretability in the
best-performing study; Random Forest/MetAML and
selected deep-learning models show value for
secondary classification, metabolite-response, and
large-scale phenotype tasks. Second, the main barrier
to CDSS translation is not algorithm availability but
reproducibility: published estimates range from a peak
internal AUC of 0.90 in a single-cohort setting down to
cross-study/meta-analytic benchmarks near 0.60, with

specificity reported in none of the seven classification-
capable studies (0/7) and calibration absent from all 12
included studies. Third, future microbiome-guided
personalised-nutrition studies should require leakage-
safe preprocessing, compositional-data sensitivity
analysis, external validation, full metric reporting,
prospective dietary testing, and representative multisite
training before clinical deployment is considered. Until
prospective dietary trials with complete discrimination
and calibration reporting are available, microbiome-ML
models for obesity should be regarded as promising
methodological prototypes rather than clinically
deployable decision-support tools.
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  Accuracy =   T P + T N  T P + T N + F P + F N


  Precision =   T P  T P + F P


  Recall = Sensitivity =   T P  T P + F N


  Specificity =   T N  T N + F P


  F 1 = 2 ×   Precision × Recall  Precision + Recall


  AUC =   ∫ 0 1  TPR  ( FPR )   d  ( FPR )


  MCC =   T P × T N − F P × F N    ( T P + F P )  ( T P + F N )  ( T N + F P )  ( T N + F N )


  RMSE =   1  n   ∑  i = 1  n     (   y  i −     y  i ^ ) 2


  MAE =  1  n   ∑  i = 1  n   |   y  i −     y  i ^ |


  r =     ∑  i = 1  n   (   x  i −   x ¯ )  (   y  i −   y ¯ )     ∑  i = 1  n     (   x  i −   x ¯ ) 2    ∑  i = 1  n     (   y  i −   y ¯ ) 2


  BS =  1  n   ∑  i = 1  n     (   p  i −   o  i ) 2


   RoB overall =  max ⁡   (   d Part ,     d Pred ,     d Out ,     d Anal )

