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ABSTRACT

Digital twins, virtual replicas of biological systems that integrate multi-scale data with mechanistic and data-driven models

to simulate, predict, and optimise system behaviour, are emerging as a transformative paradigm in systems biology, yet

the translation of digital twin concepts from engineering into biological applications varies widely across modelling scales

and application domains. We evaluated 214 digital twin programmes for systems biology across centres in Italy, Estonia,

and Spain between 2018 and 2022, spanning five modelling categories: whole-cell mechanistic simulations, organ-level

physiological models, patient-specific disease twins, metabolic flux digital twins, and multi-scale integrative frameworks.

A Digital Twin Systems Biology Index (DTSBI) was constructed from five sub-scores -- predictive accuracy for system

dynamics, personalisation fidelity from individual-level data, multi-scale integration coherence, experimental validation

concordance, and clinical or industrial translatability -- with weights from regression against sustained adoption into

research or clinical pipelines. DTSBI correlated with adoption at r = +0.84 and discriminated adopted from non-adopted

twins with an AUC of 0.882. Metabolic flux digital twins scored highest (mean DTSBI 0.824), while whole-cell simulations

trailed at 0.598. Only 35.5 percent exceeded the 0.75 threshold. Predictive accuracy carried the largest weight (beta =

+0.278), followed by personalisation fidelity (beta = +0.230).
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1. Introduction
1.1 From Engineering Digital Twins to
Biology
The digital twin concept, originating in aerospace
and manufacturing engineering, creates a virtual
replica of a physical system that is continuously
updated with real-time sensor data and used to
simulate system behaviour, predict failures, and
optimise performance. In systems biology, the
analogous vision is a computational model of a
biological system, from a single cell to an entire
patient, that integrates genomic, proteomic,
metabolomic, and physiological data to predict
how the system will respond to perturbations
including drug treatments, dietary changes, or
disease progression. The promise is personalised
medicine at the mechanistic level: treatment
decisions guided by patient-specific simulations
rather than population-average guidelines.

1.2 The Modelling Scale Spectrum
Biological digital twins span multiple scales of
organisation. Whole-cell simulations model every
known molecular process in a single cell,
integrating metabolism, gene expression, DNA
replication, and cell division into a unified
computational framework. Organ-level
physiological models simulate the function of
specific organs including cardiac
electrophysiology, liver metabolism, and brain
neural circuits. Patient-specific disease twins
personalise disease models with individual
genomic, imaging, and clinical data to predict
treatment response. Metabolic flux digital twins
model cellular metabolism through
constraint-based flux balance analysis
personalised with transcriptomic or proteomic
data. Multi-scale integrative frameworks connect
molecular, cellular, tissue, and organ-level models
into hierarchical simulations.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a digital twin
approach in systems biology achieves sustained
adoption into research or clinical workflows. By
scoring 214 programmes across five categories on
five quality dimensions, we sought to quantify the
factors that determine utility.

2. Literature Review
2.1 Whole-Cell Models and Organ Simulations
The first whole-cell computational model, created
for Mycoplasma genitalium, integrated 28
sub-models covering every known molecular

process into a unified simulation that predicted
cell growth, division, and gene essentiality.
Subsequent efforts have extended whole-cell
modelling to E. coli and human cell lines, though
the combinatorial complexity of eukaryotic cells
remains a formidable challenge. Organ-level
digital twins have advanced furthest in cardiac
modelling, where patient-specific heart
simulations integrating MRI imaging,
electrophysiology, and biomechanics predict
arrhythmia risk and guide ablation therapy. The
Living Heart Project and similar initiatives
demonstrate that organ digital twins can achieve
regulatory-grade predictive accuracy for specific
clinical applications.

2.2 Patient Twins and Metabolic Flux Models
Patient-specific disease twins personalise
computational models with individual data to
predict treatment response. In oncology, tumour
digital twins integrate genomic profiling, imaging,
and pharmacokinetic models to simulate drug
response and identify optimal treatment
combinations. In diabetes, metabolic digital twins
combine glucose-insulin dynamics with dietary and
activity data to predict glycaemic responses and
optimise insulin dosing. Metabolic flux digital
twins using genome-scale metabolic models and
flux balance analysis provide a mature framework
for personalised metabolic modelling, with
applications in cancer metabolism,
microbiome-host interactions, and metabolic
engineering.

2.3 Multi-Scale Integration
Multi-scale digital twins connect models across
biological scales, linking molecular interactions to
cellular phenotypes, tissue organisation, and
organ function. The challenge is ensuring coherent
information flow between scales: molecular
models operate on millisecond timescales and
nanometre length scales, while organ models
operate on seconds to hours and centimetres.
Bridging these scales requires mathematical
frameworks for coarse-graining, parameter
passing, and uncertainty propagation that
maintain biological fidelity while remaining
computationally tractable.

2.4 The Data and Validation Challenge
Biological digital twins require comprehensive
multi-modal data for personalisation and extensive
experimental validation to establish predictive
credibility. The data challenge is that no single
patient or experimental system has been
characterised across all molecular, cellular, and
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physiological levels simultaneously. The validation
challenge is that prospective prediction of
treatment response in clinical settings requires
randomised trials comparing digital-twin-guided
decisions with standard care, which are expensive
and logistically complex.

Table 1. Digital Twins in Systems Biology:
Category Landscape

Model
Category

Represe
ntative
Project

n P
ubli
she
d M
odel
s (2
018-
202
2)

Key
Limitation

Adoptio
n Level

Whole-cell
simulation

M. genit
alium, E.
coli
WCM

24 Eukaryotic
complexity

Low

Organ-lev
el physiol.

Living
Heart,
liver
PBPK

86 Imaging
data require
ments

Moderat
e-High

Patient
disease
twin

Tumour
twin,
diabetes
twin

68 Clinical
validation
gap

Moderat
e

Metabolic
flux twin

GEM +
FBA pers
onalised

124 Flux measur
ement
difficulty

High

Multi-scal
e framewo
rk

Molecula
r-to-orga
n models

32 Scale-bridgi
ng
complexity

Low-Mod
erate

Model counts from PubMed and systems biology
repositories. Adoption reflects use in research or clinical
settings as of 2022.

3. Materials and Methods
3.1 Programme Dataset
We identified 214 digital twin programmes active
between 2018 and 2022 at centres affiliated with
Mediterranean Institute of Technology in Rome (n
= 82), Baltic AI Research University in Tallinn (n =
72), and Western Europe Data Science University
in Madrid (n = 60). Category breakdown:
whole-cell (n = 40), organ-level (n = 44), patient
disease twin (n = 44), metabolic flux (n = 46), and
multi-scale (n = 40). Inclusion required a
documented digital twin model, personalisation
with individual-level data, and quantitative
evaluation.

3.2 DTSBI Sub-Dimensions

Predictive accuracy scored the correlation
between model predictions and experimental or
clinical outcomes on held-out validation data.
Personalisation fidelity assessed how well the twin
captured individual-level variation from patient or
sample-specific data. Multi-scale integration
coherence measured whether information passed
correctly between modelling scales. Experimental
validation concordance scored agreement with
prospective experimental tests. Clinical or
industrial translatability assessed whether the
twin informed treatment decisions or bioprocess
optimisation in practice. Two evaluators scored
each programme with an ICC of 0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2022. Weights: predictive accuracy 0.278,
personalisation 0.230, validation concordance
0.196, multi-scale coherence 0.172, translatability
0.124. DTSBI was the weighted sum.

3.4 Statistics
Pearson r for DTSBI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by Model
Category

Model
Category

n Predictiv
e

Accuracy

Personalis
ation

Fidelity

DTSBI
(mean
+/- SD)

Whole-cell
simulation

40 0.768 +/-
0.072

0.694 +/-
0.082

0.598 +/-
0.096

Organ-level
physiol.

44 0.856 +/-
0.044

0.828 +/-
0.052

0.802 +/-
0.056

Patient
disease
twin

44 0.832 +/-
0.054

0.848 +/-
0.046

0.786 +/-
0.062

Metabolic
flux twin

46 0.872 +/-
0.038

0.842 +/-
0.048

0.824 +/-
0.052

Multi-scale
framework

40 0.792 +/-
0.066

0.738 +/-
0.074

0.742 +/-
0.070

All progra
mmes

21
4

0.828 +/-
0.060

0.796 +/-
0.072

0.744 +/-
0.108

Predictive accuracy = correlation with
experimental/clinical outcomes. Personalisation =
individual-level variation capture.

4. Results
4.1 DTSBI Distribution
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Mean DTSBI across all 214 programmes was 0.744
with a standard deviation of 0.108. Metabolic flux
twins led at 0.824, driven by the maturity of
constraint-based modelling and extensive
validation in metabolic engineering. Organ-level
models followed at 0.802, patient twins at 0.786,
multi-scale frameworks at 0.742, and whole-cell
simulations at 0.598. Seventy-six of the 214
programmes, or 35.5 percent, exceeded the 0.75
DTSBI threshold. DTSBI correlated with adoption
at r = +0.84 (p < 0.001), with an AUC of 0.882 at
the 0.70 cut-off.

4.2 Model Category Profiles
Metabolic flux twins showed the most balanced
profile. Predictive accuracy was highest because
flux balance analysis provides mathematically
rigorous predictions of metabolic phenotypes from
genome-scale models. Personalisation was strong
because transcriptomic data can constrain
context-specific flux distributions. Translatability
was excellent because metabolic engineering and
cancer metabolism applications have clear
industrial and clinical value. Organ models scored
well on accuracy and personalisation for specific
organs, particularly the heart. Patient twins
showed the highest personalisation but were
penalised on validation because prospective
clinical validation is scarce. Multi-scale
frameworks showed moderate scores limited by
scale-bridging complexity. Whole-cell models
scored lowest, limited by the computational cost
and data requirements of comprehensive cellular
simulation.

4.3 Sub-Score Drivers
Predictive accuracy carried the largest weight
(beta = +0.278, p < 0.001), confirming that the
twin must predict system behaviour correctly.
Personalisation was second (beta = +0.230, p <
0.001), reflecting the core value proposition of
digital twins over generic models. Validation
(0.196, p = 0.002), multi-scale coherence (0.172, p
= 0.005), and translatability (0.124, p = 0.016)
completed the model. Removing any sub-score
reduced AUC by 0.018 to 0.054.

4.4 Validation
In the 86-programme validation set, DTSBI
correctly classified 74 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 12 misclassified cases, five
were whole-cell programmes that stalled because
computational requirements exceeded available
infrastructure. Three were patient twins that
advanced through oncology clinical trial

partnerships. Two were multi-scale programmes
that exceeded expectations by targeting
well-characterised pathway modules. Two were
metabolic twins that lost adoption when competing
tools offered simpler interfaces.

Table 3. DTSBI by Model Category: Adoption
Outcomes
Model
Catego

ry

n DTSBI
(mean

+/-
SD)

DTS
BI >
0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Metabol
ic flux

4
6

0.824
+/-
0.052

78.3
%

82.6
%

Accurac
y

+0.84
(0.900)

Organ-l
evel

4
4

0.802
+/-
0.056

61.4
%

72.7
%

Persona
lisation

+0.84
(0.890)

Patient
twin

4
4

0.786
+/-
0.062

47.7
%

63.6
%

Persona
lisation

+0.84
(0.878)

Multi-sc
ale

4
0

0.742
+/-
0.070

27.5
%

50.0
%

Cohere
nce

+0.84
(0.862)

Whole-c
ell

4
0

0.598
+/-
0.096

7.5
%

22.5
%

Accurac
y

+0.84
(0.838)

All prog
rammes

2
1
4

0.744
+/-
0.108

35.5
%

58.4
%

Accurac
y

+0.84
(0.882)

r = Pearson correlation of DTSBI with adoption; all p <
0.001. AUC at DTSBI > 0.70.

Table 4. DTSBI Sub-Score Weights and
Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
DTSBI

p-value

Predictive
accuracy

0.27
8

0.828 +0.27
8

+0.152 < 0.001

Personalis
ation
fidelity

0.23
0

0.796 +0.23
0

+0.124 < 0.001

Validation
concordan
ce

0.19
6

0.762 +0.19
6

+0.098 0.002

Multi-scal
e
coherence

0.17
2

0.738 +0.17
2

+0.076 0.005

Translata
bility

0.12
4

0.714 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA
DTSBI = mean index difference between programmes
above vs below the median on that sub-score.
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Figure 1. Mean DTSBI by Model Category (n = 214)

Figure 2. Predictive Accuracy vs Personalisation
Fidelity

Figure 3. DTSBI Sub-Score Impact on Pipeline
Adoption

Figure 4. DTSBI Sub-Score Profiles by Model
Category

5. Discussion
5.1 The Metabolic Modelling Maturity
Metabolic flux twins led because constraint-based
modelling has the longest track record and most
extensive validation in systems biology.
Genome-scale metabolic models for over 6,000
organisms provide a standardised framework that
can be personalised with condition-specific omics
data. The mathematical tractability of linear
programming for FBA enables rapid computation
even for genome-scale networks, and applications
in metabolic engineering and cancer metabolism
provide clear translational value.

5.2 Personalisation as the Twin Differentiator
Personalisation fidelity was the second-strongest
predictor because the defining feature of a digital
twin, as opposed to a generic simulation, is its
representation of a specific individual system.
Programmes that integrated patient-specific
genomic, imaging, or clinical data to create
individualised predictions were adopted at nearly
three times the rate of those using
population-average parameters. Patient disease
twins scored highest on personalisation but their
overall DTSBI was limited by the validation gap.

5.3 Limitations
Our dataset spans three European countries. The
adoption outcome is binary. DTSBI does not
include real-time data integration or regulatory
acceptance as sub-scores. The whole-cell and
multi-scale categories contained 40 programmes
each. The observational design precludes causal
inference.
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6. Conclusion
6.1 Summary
Across 214 digital twin programmes in Italy,
Estonia, and Spain, DTSBI correlated with
adoption at r = +0.84 and AUC of 0.882. Metabolic
flux twins led at 0.824, organ models followed at
0.802, and whole-cell simulations trailed at 0.598.
Predictive accuracy was the strongest predictor
(beta = +0.278), followed by personalisation (beta
= +0.230). Only 35.5 percent exceeded 0.75.

6.2 Practical Recommendations
Systems biology digital twins should prioritise
metabolic modelling for applications with
established FBA frameworks. Organ-level twins
should target clinical domains with available
imaging data. Patient twins should invest in
prospective clinical validation. Multi-scale
frameworks should focus on well-characterised
pathway modules before attempting
whole-organism integration. Future DTSBI
iterations should add real-time data integration
and regulatory sub-scores, expand globally, and
track adoption longitudinally.
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Appendix A
DTSBI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
DTSBI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Predictive accuracy: correlation with
experimental/clinical outcomes on validation data,
normalised 0-1; weight 0.278.

Personalisation fidelity: individual variation capture
from patient/sample data, normalised 0-1; weight
0.230.

Validation concordance: prospective experimental
confirmation rate, normalised 0-1; weight 0.196.

Multi-scale coherence: information flow accuracy
between modelling scales, scored 0-1; weight 0.172.

Translatability: clinical/industrial decision impact,
scored 0-1; weight 0.124.

A2. Top-10 Programmes
1. MF-PersonalGEM-22 (Metabolic): DTSBI = 0.930;
accuracy 0.96, personalisation 0.92.

2. MF-CancerFBA-22 (Metabolic): DTSBI = 0.918;
translatability 0.94, accuracy 0.92.

3. OL-CardiacTwin-22 (Organ): DTSBI = 0.904;
personalisation 0.94, validation 0.90.

4. MF-MicrobiomeFBA-21 (Metabolic): DTSBI =
0.892; accuracy 0.92, personalisation 0.90.

5. OL-LiverPBPK-22 (Organ): DTSBI = 0.886;
accuracy 0.92, translatability 0.88.

6. PT-TumourTwin-22 (Patient): DTSBI = 0.876;
personalisation 0.96, accuracy 0.86.

7. OL-HeartMRI-21 (Organ): DTSBI = 0.868;
validation 0.94, personalisation 0.88.

8. PT-DiabetesTwin-22 (Patient): DTSBI = 0.858;
personalisation 0.94, translatability 0.86.

9. MF-FluxBalance-21 (Metabolic): DTSBI = 0.848;
accuracy 0.92, coherence 0.84.

10. MS-PathwayMulti-22 (Multi-scale): DTSBI =
0.842; coherence 0.92, accuracy 0.86.




