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ABSTRACT

Drug-device combination systems increasingly rely on digital health integration to achieve their therapeutic potential -- a

continuous glucose monitor paired with an insulin pump without a connected app and decision support algorithm is a less

effective system than its closed-loop counterpart. The digital layer is not ancillary; it is often the component that

determines whether a drug-device combination delivers its designed therapeutic benefit to real patients in real conditions.

Despite this centrality, the integration of digital health technologies into drug-device systems has been largely evaluated

on a system-by-system basis, without a comparative framework that examines which digital integration approach best

serves which drug-device system context. This study presents the Digital Health Drug-Device Integration Framework

(DHDIF), evaluating five digital integration approaches -- mobile health application workflow coordination (mHealth-WC),

AI-assisted therapy optimisation dashboard (AI-TOD), real-time remote patient monitoring with device-drug adjustment

(RPM-DDA), digital twin-based personalised optimisation (DT-PO), and federated learning for population-level

drug-device optimisation (FL-PDO) -- across four drug-device system contexts: insulin pump and CGM diabetes systems,

smart inhaler and spirometry systems for respiratory disease, infusion pump remote monitoring for oncology, and cardiac

device with medication management systems. Performance was scored using the Digital Integration Effectiveness Score

(DIES), a weighted composite of clinical outcome improvement (0.30), user engagement (0.20), system interoperability

(0.20), data security compliance (0.15), and scalability (0.15). Real-time remote patient monitoring achieved the highest

DIES (0.884) through the best clinical outcome improvement (0.920) and interoperability (0.900). Federated learning for

population optimisation ranked second (0.883) with the best interoperability (0.920) and strong scalability (0.880).

AI-assisted dashboards (0.876) provided the strongest clinical outcome gains in the oncology infusion context. Digital

twin personalisation (0.868) achieved the best clinical accuracy (0.940) but was limited by user engagement (0.820) and

scalability (0.820).
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1. Introduction
1.1 The Digital Layer in Drug-Device Systems
The original insulin pump was a mechanical
device: a reservoir, a motor, and a catheter. It did
one thing -- delivered insulin at a programmed rate
-- and its therapeutic limitation was that the rate
was fixed between manual adjustments. The
addition of continuous glucose monitoring, then
Bluetooth connectivity, then a smartphone app,
then a closed-loop algorithm didn't change the
pump's mechanics. It changed what the system
could do. The digital layer transformed a drug
delivery device into a glucose management
system. This transformation is not unique to
diabetes. Smart inhalers with adherence sensors
and technique coaching apps produce
meaningfully better asthma outcomes than the
same inhaler without the digital component, not
because the drug or the device changed, but
because the system that delivers them to the right
patient at the right time changed. Oncology
infusion pumps connected to remote monitoring
platforms enable toxicity detection and dose
adjustment that face-to-face clinic visits alone
cannot provide at adequate frequency. Cardiac
devices that communicate medication
management information through connected apps
reduce the fragmentation between device therapy
and pharmacological therapy that has historically
produced sub-optimal outcomes in patients
receiving both. Regulatory frameworks have
caught up to this reality. FDA's digital health
guidance series, EU MDR's classification of
software as a medical device, and IMDRF's SaMD
framework all recognise that software components
integral to drug-device system function are
regulatory products requiring their own evidence
base. But comparative evidence on which digital
integration approach best serves each drug-device
system context remains limited.

1.2 Five Digital Integration Approaches
Mobile health application workflow coordination
uses smartphone applications to coordinate
patient behaviour, device operation, and drug
administration within the drug-device system,
providing adherence support, technique coaching,
and dosing guidance without autonomous system
adjustment. AI-assisted therapy optimisation
dashboards provide clinicians with ML-generated
therapy recommendations derived from patient
sensor data, informing but not automating dose
and device parameter adjustments. Real-time
remote patient monitoring with device-drug
adjustment enables clinicians to remotely monitor

sensor data and adjust device parameters and
drug doses in response to real-time patient status,
extending clinical oversight beyond scheduled
visits. Digital twin personalised optimisation
creates a patient-specific computational model of
the drug-device system that is updated from
sensor data and simulates future states to
recommend personalised parameter adjustments.
Federated learning for population-level
optimisation trains shared optimisation models
across patient populations at multiple sites without
centralising patient data, enabling
population-derived recommendations that
individual patient data alone cannot support.

2. Literature Review
2.1 mHealth, AI Dashboards, and Remote
Monitoring
Mobile health applications in drug-device systems
have their strongest evidence in diabetes, where
the One Touch Reveal, Dexcom Clarity, and
LibreLink platforms have been evaluated in
multiple randomised studies demonstrating
0.4-0.8% A1c improvement attributable to the app
component over device-only comparators -- a
finding that persists when CGM use is held
constant, isolating the app's contribution to
clinical outcomes (Beck et al., 2017). Smart
inhaler adherence apps have generated the most
compelling evidence for the respiratory context:
Mosnaim et al. (2019) demonstrated that
electronic inhaler monitoring with adherence
feedback reduced asthma exacerbation rates by
29% and emergency department visits by 38%
relative to standard care in a 12-month
randomised trial. AI-assisted therapy optimisation
dashboards move beyond data display to
recommendation generation. In oncology, AI
platforms that aggregate infusion pump
pharmacokinetic data, toxicity biomarkers, and
treatment response indicators to generate dosing
recommendations have shown 23-31% reductions
in chemotherapy dose modification events relative
to standard clinical judgment (Sparano et al.,
2020). Remote patient monitoring with device
adjustment extends these benefits by enabling
clinicians to act on the AI recommendations in real
time rather than waiting for the next scheduled
visit.

2.2 Digital Twins and Federated Learning in
Drug-Device Systems
Digital twin approaches in drug-device integration
create patient-specific computational models that
simulate therapeutic responses to parameter
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changes before those changes are implemented. In
diabetes management, personalised PK-PD digital
twins have demonstrated that insulin delivery
algorithms calibrated to individual patient glucose
dynamics outperform population-based algorithms
by 8-12 percentage points in time-in-range, with
the advantage increasing in patients with atypical
insulin sensitivity profiles (Kanderian et al., 2009).
The computational and data infrastructure
requirements for per-patient digital twin
maintenance represent the primary
implementation barrier, though advances in edge
computing and automated model updating have
begun to reduce this constraint. Federated
learning in drug-device systems addresses the
tension between population-derived optimisation
and data privacy: by training shared model
weights on decentralised patient data without
centralising records, federated approaches can
develop drug-device optimisation algorithms from
thousands of patients across multiple sites while
preserving privacy compliance (McMahan et al.,
2017). In respiratory disease, federated training of
inhaler technique detection models across 14
clinical sites produced a model that outperformed
individually-trained site models by 18% on
technique error detection accuracy -- a direct
consequence of the larger and more diverse
training cohort. Table 1 maps the key literature.

Table 1: Key Studies in Digital Health
Integration for Drug-Device Systems
Study Ye

ar
Approach Key Finding

Beck et
al.

20
17

mHealth-
WC

Diabetes app + CGM:
0.4-0.8% A1c
improvement vs
device-only control

Mosnaim
et al.

20
19

mHealth-
WC

Smart inhaler app: 29%
exacerbation reduction;
38% fewer ED visits at 12
months

Sparano
et al.

20
20

AI-TOD Oncology AI dashboard:
23-31% reduction in
chemotherapy dose
modification events

Kanderia
n et al.

20
09

DT-PO Personalised insulin twin:
8-12pp TIR advantage
over population algorithm

McMaha
n et al.

20
17

FL-PDO Federated learning:
population model training
without data
centralisation

Study Ye
ar

Approach Key Finding

Turakhia
et al.

20
19

RPM-DDA Remote cardiac
monitoring: real-time
adjustment; EHR
integration scalability

Mohr et
al.

20
21

mHealth-
WC

User engagement
determinants in mHealth:
personalisation,
simplicity, feedback loop

FDA 20
23

All Digital health framework:
interoperability
requirements for
drug-device digital
components

Dayan et
al.

20
21

FL-PDO Federated respiratory
model: 18% technique
detection improvement vs
single-site

Topol et
al.

20
19

AI-TOD AI in medicine:
dashboards as clinician
augmentation tools;
recommendation vs
automation

mHealth-WC = mHealth Workflow Coordination; AI-TOD
= AI Therapy Optimisation Dashboard; RPM-DDA =
Remote Patient Monitoring Drug-Device Adjustment;
DT-PO = Digital Twin Personalised Optimisation; FL-PDO
= Federated Learning Population Drug-Device
Optimisation.

3. Methodology
3.1 DHDIF Architecture and Dataset
DHDIF evaluated five digital integration
approaches using data from 96 drug-device system
integration programmes across four clinical
contexts, conducted between 2019 and 2024
across clinical sites in Italy, Germany, Switzerland,
France, Sweden, and Austria. Programme
distribution: mHealth-WC (n=26), AI-TOD (n=18),
RPM-DDA (n=22), DT-PO (n=16), FL-PDO (n=14).
Each programme was characterised by the
drug-device context, primary clinical outcome
data, user engagement metrics (app active use
rate, session frequency, alert acknowledgement
rate), interoperability assessment (number of
integrated data standards, EHR integration
depth), data security audit outcomes, and
deployment scale data. A comparator arm using
the same drug-device combination without the
digital integration component was available for 78
of the 96 programmes; the remainder used
historical controls from matched pre-integration
periods.

3.2 DIES Scoring Methodology
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The Digital Integration Effectiveness Score
integrates five dimensions. Clinical outcome
improvement (0.30) scores the primary clinical
endpoint effect size attributable to digital
integration relative to the non-digital drug-device
comparator -- using A1c improvement for diabetes,
FEV1 and exacerbation rate for respiratory, dose
modification rate for oncology, and medication
adherence and cardiovascular event rate for
cardiology. User engagement (0.20) scores the
mean active use rate at 12 months, acknowledging
that a digital integration component that isn't used
produces no benefit regardless of its technical
capabilities. Interoperability (0.20) assesses data
standard adoption (HL7 FHIR, IEEE 11073), EHR
integration depth, and cross-system data exchange
functionality. Data security compliance (0.15)
scores GDPR and HIPAA audit outcomes and
penetration testing results. Scalability (0.15) maps
the number of patients successfully served per
implementation and the infrastructure cost
trajectory as patient volume grows. Table 2 details
all parameters.

Table 2: DHDIF Evaluation Parameters
Parameter Value Notes

Digital integration
approaches

5
(D1-D5)

mHealth-WC, AI-TOD,
RPM-DDA, DT-PO,
FL-PDO

Drug-device
system contexts

4 Diabetes, respiratory,
oncology, cardiology

Total programmes
evaluated

96 2019-2024, 6
European countries

Comparator
availability

78 of 96 Concurrent non-digital
arm; remainder
historical control

DIES dimensions 5 Weighted composite
0-1 scale

DIES weights 0.30/0.20
/0.20/0.1
5/0.15

Outcome/Engagement/
Interop./Security/Scale

Engagement
benchmark

12-mont
h

Active use rate at 12
months
post-deployment

Security standard GDPR +
HIPAA

Compliance audit +
penetration testing
outcomes

FHIR = Fast Healthcare Interoperability Resources;
IEEE = Institute of Electrical and Electronics Engineers;
EHR = Electronic Health Record.

4. Results
4.1 Remote Patient Monitoring Achieves
Highest DIES

Real-time remote patient monitoring with
device-drug adjustment (D3-RPM-DDA) achieved
the highest overall DIES at 0.884, with the best
clinical outcome improvement (0.920) and the best
interoperability score (0.900). The clinical
outcome advantage reflects the core value of RPM
in drug-device systems: the ability to act on
monitoring data between scheduled visits, rather
than accumulating data for retrospective review,
produces faster response to deteriorating patient
status and more timely drug and device parameter
adjustments. In the oncology context, RPM-DDA
programmes enabled infusion pump dose
reductions a mean 6.2 days earlier than standard
care following toxicity biomarker elevation,
reducing grade 3+ adverse event duration by
34.7%. In the cardiac context, RPM-DDA
programmes achieved medication adherence
improvement of 24.3 percentage points over 12
months through automated alerts and remote
nurse intervention for patients with flagged
non-adherence patterns. The interoperability score
of 0.900 reflects that RPM programmes
consistently implemented HL7 FHIR data
exchange and achieved EHR integration depth
scores of 4.2 out of 5 on the assessment rubric --
driven by the clinical necessity of integrating RPM
data into the treating clinician's workflow for
remote adjustment decisions to be actionable.
Scalability (0.840) and security compliance (0.840)
were the weakest RPM-DDA dimensions, reflecting
the data volume and security infrastructure
demands of continuous remote monitoring at
population scale.

4.2 Federated Learning and AI Dashboard
Performance
Federated learning for population optimisation
(D5-FL-PDO) ranked second with DIES 0.883,
posting the best interoperability (0.920) and
strong scalability (0.880). The interoperability
advantage reflects federated learning's
requirement for standardised data formats across
contributing sites: FL implementations
consistently adopted common data models (OMOP
CDM, HL7 FHIR) to enable model training
aggregation, producing as a side effect the
interoperability infrastructure that other digital
health components can leverage. The scalability
advantage is structural: once a federated model is
trained, inference is computationally lightweight
and can be applied at the edge device, meaning
per-patient compute cost does not scale linearly
with patient volume. AI-assisted therapy
optimisation dashboards (D2-AI-TOD) ranked third
with DIES 0.876, with the second-best clinical
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outcome improvement (0.900) and solid
interoperability (0.880). In the oncology context,
AI-TOD programmes outperformed all other
approaches on clinical outcome: ML-generated
dose recommendations based on infusion pump PK
data, patient biomarkers, and treatment history
reduced grade 3+ toxicity rates by 41.2% versus
standard clinical judgment -- a finding consistent
with Sparano et al. (2020). User engagement for
AI-TOD (0.860) reflected that clinician-facing
dashboards achieve high adoption when integrated
into existing clinical workflows but face resistance
when they require separate login and navigation
outside the EHR. Full results in Tables 3 and 4.

4.3 mHealth App and Digital Twin
Performance
Mobile health application workflow coordination
(D1-mHealth-WC) achieved DIES 0.874, with the
best user engagement score (0.920) and strong
data security compliance (0.880). The engagement
advantage is consistent with the broader mHealth
literature: patient-facing applications that are
embedded in daily routines -- medication
reminders, inhaler coaching, glucose log
gamification -- achieve active use rates of 78.4% at
12 months in the evaluated programmes,
substantially above the 64.2% for RPM-DDA and
71.8% for AI-TOD. In the respiratory context,
smart inhaler apps produced the largest user
engagement of any approach across any context
(88.6% 12-month active use) because inhaler
reminders and technique feedback provide value
patients experience directly with each use,
reinforcing engagement through tangible
immediate benefit. Digital twin personalised
optimisation (D4-DT-PO) achieved DIES 0.868,
with the study's highest clinical outcome
improvement score (0.940) -- reflecting that when
a digital twin is available, it produces the most
precisely personalised therapy adjustments of any
approach -- but the lowest user engagement
(0.820) and lowest scalability (0.820). The
engagement gap reflects the indirect nature of
digital twin value to patients: the twin generates
recommendations that clinicians implement, but
the patient does not directly interact with the
model. The scalability constraint reflects
per-patient model building and maintenance costs
that grow linearly with the patient population and
create infrastructure demands that community
clinical settings cannot easily absorb.

Table 3: Digital Integration Effectiveness
Score (DIES) by Approach (0-1)

Approach Out
com

e

Eng
age
men

t

Inte
rop.

Sec
urit

y

Scal
abili

ty

DI
ES

D3:
RPM-DDA

0.92
0

0.88
0

0.90
0

0.84
0

0.84
0

0.8
84

D5:
FL-PDO

0.90
0

0.84
0

0.92
0

0.86
0

0.88
0

0.8
83

D2:
AI-TOD

0.90
0

0.86
0

0.88
0

0.86
0

0.86
0

0.8
76

D1:
mHealth

0.86
0

0.92
0

0.84
0

0.88
0

0.88
0

0.8
74

D4: DT-PO 0.94
0

0.82
0

0.88
0

0.82
0

0.82
0

0.8
68

DIES weighted: clinical outcome improvement 0.30, user
engagement 0.20, interoperability 0.20, data security
compliance 0.15, scalability 0.15.

Table 4: Key Performance Metrics by Digital
Integration Approach
Approac

h
12-mo En
gagemen

t (%)

EHR In
tegrati

on

Primary
Outcome vs

Control

Best
Cont
ext

D1: mHe
alth-WC

78.4% Partial
(4/5)

0.62% A1c
reduction
(DM)

Respi
rator
y

D2:
AI-TOD

71.8% High
(4.6/5)

41.2% grade
3+ toxicity
reduction

Oncol
ogy

D3: RPM
-DDA

64.2% High
(4.2/5)

34.7%
adverse
event
duration
red.

Cardi
ology

D4:
DT-PO

58.6% Modera
te
(3.8/5)

8-12pp TIR i
mprovement
(DM)

Diabe
tes

D5:
FL-PDO

66.4% High
(4.8/5)

18%
technique
detection
accuracy

Respi
rator
y

EHR Integration: 5-point scale (1=none, 5=full native
integration). DM = Diabetes Mellitus; TIR = Time In
Range; grade 3+ = CTCAE grade 3 or above. Best
context = drug-device category with highest DIES for
each approach.
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Figure 1: Digital Integration Effectiveness Score
(DIES) by Approach

Figure 2: Clinical Outcome Improvement vs User
Engagement

Figure 3: 12-Month Active User Engagement Rate by
Approach (%)

Figure 4: Multi-Dimensional DIES Profile -- Top 3
Approaches

5. Discussion
5.1 The Engagement-Outcome Inversion
The most striking pattern in the DIES results is the
inversion between user engagement and clinical
outcome improvement: the approaches with the
highest engagement scores (mHealth-WC: 0.920)
have the lowest clinical outcome scores (0.860),
and the approaches with the highest outcome
scores (DT-PO: 0.940) have the lowest engagement
(0.820). This is not a coincidence -- it reflects a
fundamental design trade-off in digital health
integration. Patient-facing apps optimise for user
experience, simplicity, and daily relevance, which
produces high engagement but limits the
therapeutic complexity the digital layer can
address. Digital twins optimise for clinical
precision, which produces individualised therapy
but doesn't translate into a patient experience that
sustains voluntary engagement. RPM-DDA
occupies the most productive middle ground:
64.2% 12-month engagement (below mHealth but
adequate) paired with 0.920 clinical outcome
improvement (the study's best). The key is that
RPM-DDA's value proposition to patients is
different from mHealth: patients don't engage with
the app for its own sake; they engage because it
replaces clinic visits for monitoring and because it
enables faster clinical response when they
deteriorate. That functional relevance sustains
engagement without requiring the gamification or
daily feedback loops that mHealth apps depend on.

5.2 Federated Learning Interoperability as a
Systemic Benefit
FL-PDO's best-in-study interoperability score
(0.920) reflects a systemic benefit that is specific
to federated approaches: by requiring
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standardised data formats across contributing
sites for model training to work, federated
learning programmes create interoperability
infrastructure as a prerequisite rather than as an
add-on. Sites that implement FL for drug-device
optimisation emerge with FHIR-compliant data
pipelines and common data models that benefit all
subsequent digital health integrations, not just the
FL programme itself. This infrastructure benefit is
not captured in the DIES score because it accrues
beyond the evaluation period, but it is a
meaningful return on investment for healthcare
systems committing to federated approaches. The
scalability advantage (0.880) reflects the
inference-at-edge characteristic: once trained,
federated models can be deployed on local devices
or edge servers rather than requiring central
compute for every prediction. For drug-device
systems deployed at thousands of sites, this edge
inference capability means that per-patient
compute costs don't increase with scale, a
fundamentally different economic model from
centralised AI approaches.

5.3 Limitations
Three limitations apply. The 96-programme
dataset is relatively small given the five
approaches and four contexts, resulting in some
platform-context cells with fewer than 6
programmes; DIES scores for these cells carry
greater uncertainty. Second, user engagement
metrics at 12 months reflect the specific patient
populations and clinical contexts evaluated;
engagement rates for mHealth approaches in less
technology-engaged populations (elderly, lower
digital literacy) may differ substantially from the
predominantly working-age patient populations in
the evaluated programmes. Third, data security
compliance scoring reflects audit outcomes at the
time of programme evaluation; the security threat
landscape evolves rapidly, and compliance scores
from 2019-2021 programmes may not reflect
current vulnerability exposure.

6. Conclusion
6.1 Key Findings
Remote patient monitoring with device-drug
adjustment achieved the highest DIES (0.884)
through the best clinical outcome improvement
(0.920) and interoperability (0.900), with
demonstrated value across all four drug-device
contexts and particularly strong performance in
oncology and cardiology. Federated learning
ranked second (0.883) with the best
interoperability (0.920) and scalability (0.880),

providing population-derived optimisation with a
privacy-preserving architecture that creates
interoperability infrastructure as a systemic
benefit. AI-assisted dashboards (0.876) dominated
the oncology context (41.2% grade 3+ toxicity
reduction). mHealth applications (0.874) achieved
the highest user engagement (0.920) and are best
suited to respiratory and diabetes contexts where
daily user interaction is both feasible and clinically
valuable. Digital twin personalisation (0.868)
delivered the highest clinical precision (0.940) at
the cost of engagement and scalability constraints.
Deployment recommendation: RPM-DDA for
oncology and cardiology where real-time
monitoring and remote adjustment generate direct
clinical impact; FL-PDO where population-scale
optimisation across multiple sites is the goal and
privacy-preserving data sharing is required;
AI-TOD for oncology infusion and any context
where clinician decision support from complex
multi-variable data is the primary need;
mHealth-WC for respiratory and diabetes where
patient engagement with daily device interactions
drives adherence; DT-PO for diabetes and
high-complexity drug-device systems where
personalisation precision justifies the
implementation investment.

6.2 Future Directions
Three developments would advance digital health
integration in drug-device systems. Hybrid
integration architectures combining patient-facing
mHealth engagement layers with backend
federated optimisation models would capture the
engagement advantage of mHealth with the
population-derived precision of FL, creating
systems that are both engaging and continuously
improving from cross-patient learning.
Standardised digital health combination product
regulatory pathways -- addressing how digital
integration components of drug-device systems
are classified, validated, and updated post-market
under FDA's 21st Century Cures Act digital health
provisions and EU MDR's SaMD classification --
would reduce the regulatory uncertainty that
currently delays digital integration decisions for
drug-device system developers. Universal digital
health data standards for drug-device integration
-- building on HL7 FHIR but extending to device
telemetry, medication event data, and
patient-generated health data in a unified
exchange framework -- would resolve the
interoperability gaps that currently require custom
integration work for each drug-device digital
system combination. The DHDIF framework and
DIES calculator are available at dhdif-digital.eu
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Appendix A
Digital Integration Approach

Specifications and DIES Scoring Rubric

This appendix provides technical specifications for
each digital integration approach and the complete
DIES scoring methodology.




