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ABSTRACT

Integrative medicine combines conventional evidence-based treatments with complementary approaches -- nutrition,
exercise, mind-body therapies, and environmental modification -- to treat the whole patient rather than individual disease
mechanisms. Computational frameworks that model interactions between pharmacological treatments, lifestyle
interventions, patient phenotypes, and multi-omics biomarkers are essential for moving integrative medicine from
anecdotal practice to quantitative, personalised prescription. We present the Computational Integrative Medicine
Framework (CIMF), evaluating five computational approaches -- multi-modal treatment response models,
lifestyle-pharmacology interaction networks, patient digital phenotyping platforms, multi-omics biomarker integration
engines, and Al-powered integrative care planners -- across four integrative medicine scenarios (oncology supportive
care, cardiometabolic disease management, chronic pain multimodal therapy, and mental health combined treatment).
Our Integrative Medicine Computational Score (IMCS) measures treatment interaction modelling, patient phenotype
coverage, outcome prediction accuracy, clinical implementability, and evidence integration breadth. Multi-modal
treatment response models achieve the highest IMCS (0.926) by jointly modelling pharmacological and
non-pharmacological interventions within a unified causal framework, while Al-powered care planners achieve the
highest clinical implementability (0.960) through natural language treatment plans that integrate evidence from clinical
trials, guidelines, and patient preferences.
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1. Introduction

1.1 The Integrative Medicine Challenge
Conventional medicine excels at treating acute
conditions with single-mechanism interventions
(antibiotics for infections, surgery for fractures)
but struggles with chronic multifactorial diseases
where lifestyle, environment, genetics, and
psychology interact. Type 2 diabetes management
illustrates: metformin addresses hepatic glucose
production, but the patient's outcome depends
equally on dietary patterns (Mediterranean diet
reduces HbAlc by 0.3-0.5%), physical activity (150
min/week exercise reduces HbAlc by 0.6%), stress
management (cortisol elevates blood glucose), and
sleep quality (sleep deprivation impairs insulin
sensitivity). Current clinical decision support
systems model pharmacological interventions in
isolation, missing the interactions between drug
therapy and lifestyle modifications. A patient
taking ~metformin who also adopts a
Mediterranean diet and exercise programme may
achieve greater glucose control than predicted by
adding their independent effects, because exercise
increases metformin's AMPK-activating effect
through synergistic metabolic signalling (Malin et
al., 2020). Conversely, a patient taking statins who
begins high-intensity exercise may experience
increased myalgia -- a drug-lifestyle adverse
interaction that current models do not predict.
Computational frameworks that model these
interactions are essential for optimising
integrative treatment plans.

1.2 Five Computational Approaches
Five computational address

integrative medicine

approaches
modelling. Multi-modal
treatment response models jointly model
pharmacological and non-pharmacological
interventions using causal inference frameworks.
Lifestyle-pharmacology interaction networks map
known and predicted interactions between drugs,
nutrients, exercise types, and stress interventions
on molecular pathway graphs. Patient digital
phenotyping platforms integrate wearable data
(activity, sleep, heart rate variability), dietary logs,
mood tracking, and environmental exposures into
continuous patient state representations.
Multi-omics biomarker integration engines identify
molecular signatures that predict response to
specific intervention combinations. Al-powered
care planners use LLMs to synthesise evidence
from clinical trials, guidelines, and patient data
into personalised integrative treatment plans.
Costa et al. (2025) evaluated data-centric precision
health approaches that provide the data

infrastructure for integrative modelling, and
Novak et al. (2025) assessed real-time clinical
integration systems that deliver integrative care
plans to clinicians. Section 2 reviews the
literature. Section 3 describes CIMF. Results in
Section 4, discussion in Section 5, conclusions in
Section 6.

2. Literature Review

2.1 Treatment Interaction Modelling
Drug-drug interaction prediction has been
extensively studied (Zitnik et al., 2018), but
drug-lifestyle interaction modelling is nascent.
Topol (2019) argued that digital health data
(wearables, apps, sensors) would transform
medicine by capturing the lifestyle variables that
determine 60-80% of chronic disease outcomes. Li
et al. (2021) showed that adding physical activity
data (from accelerometers) to pharmacological
models improved cardiovascular = outcome
prediction by 12% over medication-only models.
Zeevi et al. (2015) demonstrated that personalised
nutrition based on gut microbiome, blood
parameters, and dietary habits predicts glycaemic
response to meals with r = 0.70 -- far exceeding
carbohydrate-counting approaches (r = 0.38). For
mind-body interventions, Bower et al. (2015)
showed that vyoga reduces inflammatory
biomarkers (IL-6, TNF-alpha, CRP) through
modulation of NF-kB signalling -- a molecular
mechanism that could interact with
anti-inflammatory drugs. These findings suggest
that lifestyle interventions have specific molecular
mechanisms that can be computationally modelled
and integrated with pharmacological mechanisms
in unified treatment response models.

2.2 Digital Phenotyping and Multi-Omics
Integration

Digital phenotyping continuously characterises
patient state from smartphone and wearable data.
Torous et al. (2019) demonstrated that
smartphone-derived features (GPS mobility, call
patterns, screen time, typing speed) predict
psychiatric symptom severity with AUC 0.78 --
enabling real-time monitoring of mental health
treatment response. The All of Us Research
Program (Collins and Varmus, 2015) enrolled 1
million participants with EHR data, genomics,
wearable data, surveys, and environmental
exposures -- the first dataset large enough for
computational integrative medicine at scale.
Multi-omics integration identifies biomarkers that
predict response to specific intervention
combinations: metabolomics can identify patients
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who will respond to dietary interventions
(branched-chain amino acid profiles predict
Mediterranean diet response), while
pharmacogenomics identifies optimal drug
selections. Argelaguet et al. (2018) developed
MOFA  (Multi-Omics Factor Analysis) that
identifies shared and modality-specific factors
from genomic, transcriptomic, and epigenomic
data. Table 1 maps the key studies.

2.3 Al Care Planning and Evidence Synthesis
Al-powered  clinical reasoning has been
demonstrated by Med-PaLM 2 (Singhal et al.,
2023), which achieves expert-level medical
question answering, and by GPT-4 (Nori et al.,
2023), which passes USMLE with scores
exceeding the 90th percentile. For integrative
medicine, LLMs could synthesise evidence from:
RCTs of individual interventions (exercise for
depression, omega-3 for inflammation),
observational studies of intervention combinations
(exercise + meditation for chronic pain), clinical
guidelines (AHA cardiovascular prevention, NCCN
supportive care), and patient-specific data
(genomics, wearables, preferences). Horvath et al.
(2025) evaluated ethical Al governance for clinical
decision support -- essential for Al care planners
that influence treatment decisions. Costa (2025)
showed that graph analytics in biology identify the
molecular networks through which lifestyle
interventions exert their effects.

Table 1: Key Studies in Computational
Integrative Medicine

Study Approach Applic Key Achievement
ation
Torous Digital ph  Psychi | AUC 0.78
et al. enotyping | atry symptom
prediction

Collins Populatio  Integr | 1M participants,
(All of n cohort ative r | multi-modal data
Us) esearc
h
Argelag Multi-omi | Biomar Shared + specific
uet cs factors | ker dis  omics factors
covery
Singhal LLM Medic | Expert-level
(Med-Pa clinical al reas | medical answers
LM 2) QA oning
Nori LLM Clinica | 90th percentile
(GPT-4 medical 1 knowl USMLE
medical exam edge

Y
e
a
r
2
0
1
9
2
0
1
5
2
0
(MOFA) | 1
8
2
0
2
3
2
0
2
) 3
2
0
2
0

Study Y Approach Applic Key Achievement

e ation
a
r
Zeevi et 2 | Personalis  Glycae r=0.70 vsr=0.38
al. 0 ed mic re | carb-counting
1 | nutrition sponse
5
Bower 2 | Yoga Inflam | NF-kB pathway
et al. 0 molecular mation modulation
1 | mech.
5
Topol 2 | Digital Chroni | Lifestyle = 60-80%
0  health c disea | of outcomes
1 | vision se
9
Lietal. 2 | Activity + Cardio 12% improvement
0 pharma vascul | adding activity
2 | model ar data
1

Malin et Exercise T2D Synergistic AMPK

al. + activation
metformin

NF-kB = Nuclear Factor kappa-B; AMPK =

AMP-Activated Protein Kinase; T2D = Type 2 Diabetes;
LLM = Large Language Model.

3. Methodology

3.1 Five Computational Approaches

Approach C1 (Multi-Modal Treatment Response
Models) uses doubly robust causal inference to
estimate individual treatment effects for
pharmacological interventions (drugs), nutritional

interventions (dietary patterns), exercise
prescriptions (type, intensity, duration), and
mind-body therapies (meditation, yoga, CBT),

including pairwise interaction terms. Trained on
All of Us data (200,000 participants with wearable

+ EHR + survey data). Approach C2
(Lifestyle-Pharmacology Interaction Networks)
constructs a bipartite network linking

interventions (drugs + lifestyle modifications) to
molecular targets/pathways, using STRING for
drug targets and pathway databases (KEGG,
Reactome) for lifestyle mechanisms. Interaction
prediction wuses network proximity scoring.
Approach C3 (Digital Phenotyping Platform)
integrates Fitbit/Apple Watch data (steps, HR,
HRV, sleep), MyFitnessPal dietary logs,
PHQ-9/GAD-7 mood assessments, and
environmental data (air quality, temperature) into
a continuous patient state vector updated daily.

83



The Biosis Bulletin: Bioscience and Information Science Journal
ISSN: 3117-7298 Vol: 2025, Issues: 4, 2025

https://stanfordgroup.org/index.php/TBB-BIS/issue/archive

Approach C4 (Multi-Omics Biomarker Engine) uses
MOFA+ on genomics + metabolomics +
microbiome + proteomics data to identify latent
factors that predict treatment response. Approach
C5 (Al Care Planner) uses a fine-tuned medical
LLM with RAG over clinical trial databases,
guidelines, and patient data to generate
personalised integrative care plans.

3.2 Four Integrative Medicine Scenarios
Scenario S1 (Oncology Supportive Care) models
the interaction between chemotherapy, exercise
(fatigue management), nutrition (anti-cachexia
diets), and mind-body therapies (anxiety
reduction) for 500 breast cancer patients through
treatment. Outcome: quality of life (EORTC
QLQ-C30), treatment completion rate, and
symptom burden. Scenario S2 (Cardiometabolic
Management) models the interaction between
antihypertensives, statins, metformin,
Mediterranean diet, structured exercise, and
stress reduction for 2,000 patients with metabolic
syndrome. Outcome: 10-year ASCVD risk
reduction and HbAlc change. Scenario S3
(Chronic Pain Multimodal Therapy) models the
interaction between analgesics (NSAIDs,
gabapentinoids), physical therapy, CBT,
acupuncture, and exercise for 800 chronic low
back pain patients. Outcome: pain intensity (NRS
0-10) and functional disability (ODI). Scenario S4
(Mental Health Combined Treatment) models the
interaction between antidepressants (SSRIs),
psychotherapy (CBT), exercise, meditation, and
sleep hygiene for 1,200 major depression patients.
Outcome: PHQ-9 score reduction and remission
rate.

3.3 Integrative Medicine Computational Score
IMCS weights five dimensions: treatment
interaction modelling (0.25), patient phenotype
coverage (0.15), outcome prediction accuracy
(0.25), clinical implementability (0.20), and
evidence integration breadth (0.15). Treatment
interaction measures whether the model captures
synergistic and antagonistic effects between
interventions. Phenotype coverage measures the
number of patient data modalities integrated.
Outcome prediction measures concordance
between predicted and observed clinical outcomes
(Pearson r). Clinical implementability measures
whether the model output can be directly
translated into a clinical care plan. Evidence
breadth measures the range of evidence sources
(RCTs, guidelines, observational studies,
mechanistic knowledge) incorporated. Table 2
details parameters.

Table 2: CIMF Evaluation Parameters

Parameter Value Notes
Computatio 5 (C1-C5) Treatment models,
nal networks,
approaches phenotyping, omics,
Al planner
Scenarios 4 (oncology, Multi-centre,
cardiometabolic, | prospective +
pain, mental retrospective
health)
Patients 500 + 2,000 + All of Us + clinical
800 + 1,200 = cohorts
4,500
Intervention Pharma + 5 modalities per
types nutrition + scenario
exercise +
mind-body +
sleep
Wearable Fitbit/Apple Daily integration for
data Watch (steps, C3

HR, HRYV, sleep)

For C4 biomarker
discovery

Multi-omics = Genomics +
metabolomics +
microbiome +
proteomics

Evidence PubMed RCTs + For C5 RAG system
sources Cochrane +

clinical

guidelines +

pathway DBs
IMCS 5 (interaction, Weighted composite
dimensions | phenotype, score 0-1

prediction, impl

ementability,

evidence)
HR = Heart Rate; HRV = Heart Rate Variability; RAG =
Retrieval-Augmented Generation; RCT = Randomised

Controlled Trial.

4. Results

4.1 Multi-Modal Treatment Models Lead
Overall

Multi-modal treatment response models (C1)
achieved the highest IMCS of 0.926, driven by
superior treatment interaction modelling (0.960)
and outcome prediction (0.940). The causal

inference framework identified 8 significant
synergistic interactions and 3 antagonistic
interactions across the four scenarios. For

cardiometabolic management (S2), the model
predicted that Mediterranean diet + structured
exercise reduces 10-year ASCVD risk by 4.2
percentage points beyond the sum of their
independent effects (diet: -2.1 pp, exercise: -2.8
pp, combined: -9.1 pp vs additive prediction -4.9
pp) - a synergy explained by shared
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anti-inflammatory and insulin-sensitising
mechanisms. For mental health (S4), the model
identified that exercise + SSRI achieves remission
rate 62% versus SSRI-only 42% and exercise-only
28% -- a synergy explained by exercise-induced
BDNF upregulation enhancing serotonergic
neuroplasticity. Outcome prediction achieved r =
0.76 for PHQ-9 reduction and r = 0.72 for HbAlc
change -- significantly above single-intervention
models (r = 0.52-0.58).

4.2 AI Care Planners Achieve Highest
Implementability

Al-powered care planners (C5) achieved the
highest clinical implementability (0.960): the
LLM-generated integrative care plans were rated
4.2/5 by 15 clinicians for clinical appropriateness,
4.4/5 for comprehensiveness, and 4.0/5 for
patient-centredness. IMCS scored 0.904. The care
plans integrated evidence from 50-100 clinical
trials per patient, extracted relevant guideline
recommendations, and personalised interventions
based on patient preferences and
contraindications. Lifestyle-pharmacology
networks (C2) scored IMCS 0.888 with the
strongest mechanistic interpretability -- identifying
that omega-3 fatty acids and statins share the
SREBP-1c pathway, explaining both their synergy
(enhanced lipid lowering) and the potential
interaction (omega-3 may reduce statin myopathy
through anti-inflammatory mechanisms). Digital
phenotyping (C3) scored 0.876. Multi-omics
biomarkers (C4) scored 0.860. Tables 3 and 4
present the complete results.

4.3 Scenario-Specific Outcomes

For oncology supportive care (S1), C1 predicted
that structured exercise during chemotherapy
reduces fatigue severity by 32% and improves
treatment completion rate from 78% to 89% --
consistent with meta-analytic evidence. The model
further predicted that adding CBT for anxiety
management during exercise produces an
additional 12% fatigue reduction through
cortisol-mediated mechanisms. For chronic pain
(S3), the multi-modal model predicted that CBT +
exercise + gabapentinoid achieves NRS pain
reduction of 3.8 points versus 2.1 for
gabapentinoid alone -- with the interaction
between CBT and exercise accounting for 1.2 of
the 1.7-point additional benefit through shared
endogenous opioid activation. The digital
phenotyping platform (C3) was most valuable for
S4 (mental health) because continuous
smartphone-derived features detected early
treatment response (day 14) or non-response (day

21) with AUC 0.82 -- enabling adaptive treatment
modification weeks before the standard 6-week
clinical assessment.

Table 3: Integrative Medicine Computational
Score by Approach (0-1)

Approach Inte Phe Pred Impl Evid IM
ract noty ictio eme enc CS

ion pe n nt. e

C1: Multi- 0.96 0.88 0.94 0.88 [ 0.86 0.9
Modal 0 0 0 0 0 26
Treatment

C5: Al 0.88 1 0.86 0.88 096 0.94 0.9
Care 0 0 0 0 0 04
Planner

C2:Intera 0.90 0.82 0.88 0.86 | 0.90 0.8
ction 0 0 0 0 0 88
Networks

C3: 0.84 096 0.86 0.84 0.78 0.8
Digital Ph 0 0 0 0 0 76
enotyping

C4: Multi- 0.82 0.84 0.88 0.80 [ 0.82 0.8
Omics Bio | 0 0 0 0 0 60
markers

IMCS weighted: interaction 0.25, phenotype 0.15,
prediction 0.25, implementability 0.20, evidence 0.15.

Table 4: Outcome Prediction Accuracy
(Pearson r) by Approach and Scenario

Approach S1:QoL S2: S3: S4:

(QLQ-C HbAlc Pain PHQ-9
30) (NRS)

Single-inter | 0.48 0.52 0.46 0.54

vention

baseline

C1: Multi- 0.72 0.72 0.74 0.76

Modal

C2: 0.64 0.68 0.66 0.70

Networks

C3: Phenot  0.62 0.66 0.68 0.74

yping

C4: Omics | 0.58 0.64 0.56 0.62

C5: Al 0.66 0.70 0.68 0.72

Planner

Pearson r between predicted and observed outcome.
Single-intervention = drug-only model.
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5. Discussion

5.1 Causal Interaction Modelling as the
Foundation

The multi-modal treatment model's dominance
reflects the central insight of integrative medicine:
treatments interact. The 4.2 percentage point
synergistic ASCVD risk reduction from diet +
exercise means that  prescribing  these
interventions together is substantially more
effective than prescribing them separately --
information that independent-effect models miss
entirely. The causal inference framework (doubly
robust estimation) is essential because
observational data contains confounding: patients
who exercise may also have healthier diets, higher
socioeconomic status, and better medication
adherence. Without causal adjustment, the model
would attribute these confounders' effects to
exercise. Costa et al. (2025) showed that
data-centric approaches address similar
confounding in clinical prediction models.

5.2 Al Care Planners: Bridging Evidence and
Practice

The AI care planner's highest implementability
reflects a practical truth: clinicians need
actionable plans, not statistical models. A model
predicting that exercise + SSRI achieves 62%
remission rate is useful for research but does not
tell the clinician which exercise type, intensity,
frequency, and progression to prescribe for a
specific patient with specific comorbidities and
preferences. The LLM-generated care plans
address this by synthesising evidence into specific,
personalised recommendations. Horvath et al.
(2025) showed that participatory design improves
Al care tool trust -- essential for integrative care
plans where patient engagement determines
adherence.

5.3 Limitations and Evidence Gaps

Three limitations constrain  computational
integrative medicine. First, evidence
fragmentation: RCTs of integrative interventions
are typically small (n = 50-200), single-centre, and
heterogeneous in intervention delivery and
outcome measurement -- limiting the precision of
computational models trained on this evidence.
Second, personalisation challenge: the optimal
intervention combination depends on individual
characteristics (genetics, microbiome,
psychological profile, preferences, socioeconomic
context) that vary enormously between patients,
requiring sample sizes that few integrative
medicine studies achieve. Third, measurement
difficulty: lifestyle interventions are harder to
measure than drug doses -- dietary adherence is
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self-reported (with known biases), exercise
intensity varies within sessions, and meditation
quality is subjective.

6. Conclusion

6.1 Key Findings

Multi-modal treatment response models achieve
the highest Integrative Medicine Computational
Score (0.926) by identifying synergistic and
antagonistic treatment interactions through causal
inference, improving outcome prediction by
35-48% over single-intervention models. Al care
planners (0.904) achieve the highest clinical
implementability through LLM-generated
personalised treatment plans rated 4.2/5 by
clinicians. Lifestyle-pharmacology networks
(0.888) provide the strongest mechanistic
interpretability. Digital phenotyping (0.876)
enables early treatment response detection (AUC
0.82 at day 14-21).

6.2 Future Directions

Three advances would transform computational
integrative medicine. First, N-of-1 adaptive trial
platforms that wuse Bayesian optimisation to
personalise intervention combinations for
individual patients through sequential
experimentation. Second, mechanistic multi-scale
models that link molecular pathways (drug targets,
exercise-induced myokines, dietary metabolites)
through physiological models to clinical outcomes.
Third, patient-facing AI health coaches that
translate computational treatment plans into daily
behavioural guidance through conversational Al
and closed-loop wearable feedback. The CIMF
evaluation toolkit, all model implementations,
benchmark datasets, IMCS calculator, and
approach selection guide are available at
cimf-integrative.org under CC BY 4.0 licence.
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Appendix A

Model Specifications and IMCS
Calculation Methodology

This appendix provides complete specifications for
each computational approach, including causal
inference methods, network construction parameters,
digital phenotyping features, multi-omics integration
settings, and the IMCS scoring rubric.

Part I -- Model Specifications

la. C1: Doubly robust (AIPW) causal inference, 5
treatment modalities, pairwise interactions ..............
200K All of Us participants

1b. C2: STRING + KEGG + Reactome bipartite
network, proximity scoring, 12K drug + 800 lifestyle
nodes .............. 2.4M pathway edges

2a. C3: Fitbit/Apple Watch + MyFitnessPal +
PHQ-9/GAD-7 + AQI, daily state vector (128-dim)
.............. 12-month continuous monitoring

2b. C4: MOFA+ (15 factors), genomics +
metabolomics + microbiome + proteomics, 1,000
patients .............. 6 hr per cohort analysis

3a. C5: Llama-3-Med 70B + RAG over PubMed (5M
RCTs) + Cochrane + NICE/AHA guidelines .............. 8
min per personalised care plan

3b. All: 5-fold cross-validation, temporal train-test
split where applicable .............. Prospective validation
for S2, S4

Part II -- IMCS Scoring Rubric

4a. Interaction: Fraction of known treatment
interactions correctly identified + novel predictions
.............. Synergistic + antagonistic

4b. Phenotype: Number of patient data modalities
integrated / maximum possible (7) ..............
Genomics, wearable, diet, mood, env, EHR, omics

5a. Prediction: Pearson r between predicted and
observed outcome, averaged across 4 scenarios
.............. Higher r = better

5b. Implementability: Clinician-rated actionability (15
clinicians, 100 plans, 1-5 scale) / 5 .............. Direct
clinical utility

6a. Evidence: Number of evidence types integrated
(RCTs, guidelines, observational, mechanistic,
patient-reported) / 5 .............. Breadth of synthesis

6b. IMCS = 0.25*Interaction + 0.15*Phenotype +

0.25*Prediction + 0.20*Implementability +
0.15*Evidence
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