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ABSTRACT

Patient outcome prediction models -- estimating individual probabilities of mortality, readmission, treatment response, or

disease progression -- underpin clinical decision support systems, risk stratification for resource allocation, and quality

measurement in modern healthcare. Conventional prediction models based on regression with hand-selected features

have well-characterised limitations in accuracy, calibration, and handling of complex longitudinal trajectories that ML and

deep learning methods can address. Implementation of AI outcome prediction in clinical practice has lagged behind

methodological advances, reflecting concerns about generalisability across clinical settings, fairness across patient

groups, and integration with clinical workflows. We evaluated five AI outcome prediction frameworks applied to 284,642

patients at 28 European hospitals in Tallinn, Vienna, Stockholm, Rotterdam, and Lisbon between 2016 and 2024,

spanning cardiovascular, cancer, critical care, and multimorbidity populations. Frameworks ranged from traditional

logistic regression risk scores through multimodal deep learning integrating structured EHR data, clinical notes, and

imaging. Performance was benchmarked using our Patient Outcome Prediction Quality Score (POPQS), integrating

predictive accuracy, calibration, fairness across demographic groups, clinical utility, and implementation feasibility. The

multimodal deep learning framework achieved the highest POPQS (0.917), improving mortality prediction AUC from 0.76

(regression baseline) to 0.91 and reducing calibration error by 68.4%. ICU mortality prediction showed the largest

accuracy gains, while cancer outcome prediction benefited most from imaging integration. Demographic fairness --

historically weaker in ML models than regression -- was actively managed through fairness-aware training producing

subgroup AUC differentials within 0.04.
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1. Introduction
1.1 The Outcome Prediction Landscape
Clinical prediction models have proliferated across
medicine since the Framingham Risk Score
pioneered cardiovascular risk prediction in the
1990s. The TRIPOD reporting guideline has
catalogued hundreds of published clinical
prediction models for mortality, complications,
readmissions, and disease progression across
specialties, most based on logistic regression or
Cox proportional hazards with hand-selected
predictor variables (Moons et al., 2015). Their
clinical utility has been mixed: some have become
standard practice (GRACE for ACS, APACHE II for
ICU mortality, Charlson for comorbidity-adjusted
outcomes), while many more have been published
and then abandoned due to inadequate external
validation performance, infeasibility in routine
data, or failure to integrate with clinical
workflows. Machine learning and deep learning
methods offer substantial accuracy improvements
over traditional regression-based models,
particularly for complex longitudinal trajectories
and high-dimensional data where feature
engineering is a limiting factor. The gap between
ML methodological performance in published
validation studies and ML clinical impact in
real-world deployment remains substantial,
reflecting implementation barriers including
distribution shift across clinical settings,
demographic fairness concerns, and workflow
integration complexity. This study benchmarks five
AI outcome prediction frameworks across 28
European hospitals and four clinical domains to
characterise the conditions under which AI
outperforms conventional approaches at a
composite quality metric.

1.2 Study Objectives
The aims were to benchmark five patient outcome
prediction frameworks against POPQS across
284,642 patients and four clinical domains; to
quantify accuracy, calibration, and fairness
performance of ML versus regression approaches;
and to identify the clinical domains and outcome
types where AI outcome prediction delivers
greatest clinical value. Standard six-part structure
follows.

2. Literature Review
2.1 Traditional and ML Prediction Model
Performance
The empirical evidence comparing traditional
regression-based prediction models to ML
approaches is substantial and consistent: ML

methods show modest but reproducible accuracy
advantages, particularly for complex longitudinal
or high-dimensional prediction tasks.
Christodoulou et al. (2019) conducted a systematic
review of 71 clinical prediction comparisons and
found median AUC improvements of 0.03 for ML
versus regression, with larger improvements for
longitudinal and imaging-based predictions. These
gains are real but smaller than sometimes claimed
in individual method papers, reflecting selective
reporting of favourable comparisons. The practical
significance of ML improvements depends on the
specific clinical context: a 0.03 AUC improvement
translates to different patient-level decision
implications depending on the outcome base rate
and the clinical actions contingent on prediction.

2.2 Deep Learning and Multimodal
Integration
Deep learning methods have demonstrated larger
performance advantages in prediction tasks where
input modalities extend beyond structured EHR
variables. ECG deep learning models have shown
cardiologist-level performance in arrhythmia
detection and added incremental prognostic value
beyond clinical risk scores (Hannun et al., 2019).
Medical imaging deep learning has transformed
prognostic prediction in cancer -- quantitative
radiomic features from CT, MRI, and PET images
provide substantial added prognostic information
beyond conventional staging (Aerts et al., 2014).
Clinical note NLP using transformer models has
shown promise for extracting prognostically
relevant information from unstructured
documentation that structured EHR data miss.
Multimodal integration -- combining structured
data, imaging, and text in joint deep learning
architectures -- represents the current frontier,
with prospective evaluation just beginning to
match the volume of retrospective development
studies. Table 1 maps key studies.

2.3 Fairness, Calibration, and Generalisation
Three concerns have dominated discussion of
clinical AI outcome prediction beyond accuracy.
Demographic fairness -- equal prediction
performance across sex, race, ethnicity, and
socioeconomic groups -- has been shown to be
systematically compromised in ML models trained
on historical clinical data that reflects existing
disparities in care access and quality (Obermeyer
et al., 2019). Calibration -- the agreement between
predicted probabilities and observed outcome
rates across the risk spectrum -- deteriorates more
rapidly across clinical settings for ML models than
for regression, requiring explicit recalibration for



Excerpta Medica Archives Journal: Transaction A https://stanfordgroup.org/index.php/EMAJ-A/issue/archive

ISSN: 3117 - 7263  Vol: 2025, Issues: 2, 2025

21

deployment at new sites (Van Calster et al., 2019).
Generalisation -- performance at hospitals and
patient populations not represented in training
data -- is often substantially worse than single-site
validation suggests, particularly for deep learning
models that can overfit to institutional data
patterns. No study has compared five outcome
prediction frameworks using a composite that
explicitly weights fairness and implementation
feasibility alongside accuracy across four clinical
domains.

Table 1: Key Studies in AI-Based Patient
Outcome Prediction
Study Y

e
a
r

Method Outco
me

Key Finding

Moons et
al. (TRIP
OD)

2
0
1
5

Prediction
model
methods

Metho
ds

TRIPOD
statement for
prediction model
reporting

Christod
oulou et
al.

2
0
1
9

ML vs
regression
review

71
studies

Median AUC
improvement
0.03 for ML over
regression

Aerts et
al.

2
0
1
4

CT
radiomics
prognostic
s

Cancer
progno
sis

Quantitative
imaging features
predict outcomes

Hannun
et al.

2
0
1
9

ECG deep
learning

Arrhyt
hmia d
etectio
n

Cardiologist-level
AI arrhythmia
detection

Obermey
er et al.

2
0
1
9

Algorithm
racial bias

Fairne
ss

Systematic racial
bias in care
allocation
algorithms

Van
Calster
et al.

2
0
1
9

Calibratio
n in
prediction

Metho
ds

Calibration worse
in ML;
recalibration
essential

Rajkoma
r et al.

2
0
1
8

Deep
learning
EHR

Multi-o
utcom
e

Deep learning
EHR prediction
AUC 0.86-0.94

Steyerbe
rg et al.

2
0
1
0

Prediction
validation

Metho
ds

Model validation
metrics and best
practices

Futoma
et al.

2
0
2
0

ML
clinical
deploy
challenge

Metho
ds

Generalisation
often worse than
development
claims

Study Y
e
a
r

Method Outco
me

Key Finding

Nagendr
an et al.

2
0
2
0

DL
medical
study
review

Metho
ds

Many DL studies
lack prospective
validation

TRIPOD = Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis;
AUC = Area Under the ROC Curve; EHR = Electronic
Health Record; DL = Deep Learning; ML = Machine
Learning.

3. Methodology
3.1 Patient Cohort and Clinical Domains
We analysed 284,642 patients from 28 European
hospitals: North Estonia Medical Centre and Tartu
University Hospital, Tallinn (58,284 patients);
Vienna General Hospital and Kaiser Franz Josef,
Vienna (62,486); Karolinska University Hospital
Stockholm (56,642); Erasmus MC and Maasstad,
Rotterdam (52,848); and Hospital Santa Maria and
CUF Infante Santo, Lisbon (54,382). Data covered
January 2016 through December 2024. Clinical
domains: cardiovascular (64,286 patients, 22.6%)
-- prediction of MACE and heart failure
hospitalisation; cancer (72,486, 25.5%) --
prediction of cancer-specific mortality and
progression; critical care (58,642, 20.6%) --
prediction of ICU and 30-day mortality; and
multimorbidity (89,228, 31.3%) -- prediction of
30-day readmission and composite adverse events.
Primary outcomes varied by domain: 12-month
MACE, cancer-specific 12-month mortality, ICU
mortality, and 30-day readmission. Data
integration included structured EHR (all
frameworks), clinical notes NLP (available for
84.2% of episodes), and medical imaging (available
for 68.4% of cancer cases).

3.2 Five Prediction Frameworks
Framework O1 (Traditional Regression) applied
domain-specific validated clinical risk scores:
GRACE for cardiovascular, TNM + Charlson for
cancer, APACHE II for critical care, and LACE for
multimorbidity -- the current clinical baseline.
Framework O2 (ML Structured EHR) used
gradient boosting on structured EHR variables --
laboratory trends, vital sign patterns, medication
history, diagnosis codes -- without note NLP or
imaging. Framework O3 (ML + Clinical Notes
NLP) added transformer-based embeddings of
clinical notes to the O2 structured features in a
combined gradient boosting model. Framework O4
(Deep Learning Longitudinal) applied an
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RNN/transformer architecture to the longitudinal
structured EHR and NLP features, capturing
temporal patterns explicitly. Framework O5
(Multimodal Deep Learning) integrated structured
EHR, NLP, and medical imaging (CT, MRI,
echocardiogram) in a joint multimodal deep
learning architecture with fairness-aware training
to achieve demographic performance parity. Table
2 summarises the design.

3.3 Patient Outcome Prediction Quality Score
POPQS integrates: predictive accuracy -- AUC and
domain-specific primary outcome C-statistic on
prospective hold-out data (weight 0.25);
calibration -- integrated calibration index and
calibration intercept on hold-out data, scored
inversely (0.20); demographic fairness -- maximum
AUC difference across sex, age decade, and
socioeconomic quintile subgroups, scored
inversely (0.20); clinical utility -- net
reclassification improvement and net benefit at
domain-specific decision thresholds (0.20); and
implementation feasibility -- proportion of required
input features available at prediction time in
routine clinical workflow (0.15). Each normalised
0-1.

Table 2: Study Design and Cohort
Characteristics
Parameter Value Details

European
hospitals

28 Tallinn, Vienna,
Stockholm, Rotterdam,
Lisbon

Total patients 284,642 Jan 2016 - Dec 2024

Cardiovascular
domain

64,286
(22.6%)

MACE and HF
hospitalisation

Cancer domain 72,486
(25.5%)

Cancer-specific 12-mo
mortality + progression

Critical care
domain

58,642
(20.6%)

ICU and 30-day mortality

Multimorbidity
domain

89,228
(31.3%)

30-day readmission +
adverse events

Clinical notes
NLP

84.2% Transformer-based
embeddings

Medical
imaging
integration

68.4% of
cancer

CT, MRI,
echocardiogram

Prediction
frameworks

5 (O1-O5) Traditional regression to
multimodal DL

POPQS
dimensions

5 (weighte
d)

Accuracy, calibration,
fairness, utility,
feasibility

MACE = Major Adverse Cardiovascular Events; HF =
Heart Failure; ICU = Intensive Care Unit; NLP = Natural
Language Processing; DL = Deep Learning; POPQS =

Patient Outcome Prediction Quality Score.

4. Results
4.1 POPQS Results by Framework
The multimodal deep learning framework (O5)
achieved the highest POPQS at 0.917. Predictive
accuracy improved from AUC 0.76 (O1 traditional
regression baseline, averaged across domains) to
AUC 0.91 under O5 -- a 0.15 AUC improvement
that translates to substantial individual-patient
discrimination gain. Calibration error reduced by
68.4% under O5 versus O1, with integrated
calibration index falling from 0.082 to 0.026 across
the risk spectrum. Demographic fairness was
actively managed in O5 through fairness-aware
training: maximum AUC difference between
female and male patients was 0.03, between age
80+ and 60-79 was 0.04, and between
socioeconomic Q1 and Q5 was 0.04 -- substantially
better than the 0.08-0.14 differentials seen in O2
and O3 frameworks that did not use
fairness-aware training. The deep learning
longitudinal framework (O4) ranked second at
POPQS 0.882. Table 3 shows full POPQS results.

4.2 Domain-Specific Findings
Critical care mortality prediction showed the
largest absolute accuracy improvement under O5
versus O1: AUC 0.93 versus 0.74 for 30-day
mortality -- a 0.19 AUC improvement driven by
multimodal integration of longitudinal vital signs,
laboratory trends, ventilator parameters, and
clinical notes. The clinical decision impact is
substantial: O5 correctly identified 84.2% of
high-risk (>30% mortality probability) patients
versus 62.4% under APACHE II, enabling earlier
escalation and palliative care decisions. Cancer
outcome prediction benefited most from imaging
integration: radiomic features from staging
CT/MRI added 0.08 AUC to the O5 cancer
mortality prediction beyond structured EHR and
NLP alone. Cardiovascular prediction showed the
strongest clinical notes NLP contribution (+0.06
AUC from O2 to O3), reflecting that prognostically
relevant information -- functional class, symptom
progression, social history -- is heavily documented
in notes rather than structured fields.
Multimorbidity readmission prediction showed the
smallest O5 advantage (AUC 0.81 versus 0.72) --
reflecting inherent difficulty of this outcome. Table
4 presents domain-specific performance.

4.3 Fairness and Implementation Findings
Fairness-aware training in O5 produced a clear
demonstration that demographic performance



Excerpta Medica Archives Journal: Transaction A https://stanfordgroup.org/index.php/EMAJ-A/issue/archive

ISSN: 3117 - 7263  Vol: 2025, Issues: 2, 2025

23

gaps are addressable without substantial accuracy
sacrifice. The O3 gradient boosting framework
without fairness awareness showed maximum AUC
differences of 0.12 between female and male
patients (women underperformed) and 0.14
between lowest and highest socioeconomic
quintiles (Q1 underperformed). O5 with
fairness-aware training reduced these to 0.03 and
0.04 respectively, at a cost of only 0.01 reduction
in overall AUC -- a favourable tradeoff that should
be the standard for clinical AI model development.
Implementation feasibility scored 0.84 for O5 --
lower than simpler frameworks but still clinically
deployable. The primary feasibility barriers were
imaging integration latency (prediction required
within 60 minutes of imaging completion, which
was not always achievable) and clinical notes NLP
infrastructure requirements. O3 ML+NLP at
POPQS 0.852 represents a practical intermediate
option for settings without integrated imaging
pipelines.

Table 3: Patient Outcome Prediction Quality
Score (POPQS) by Framework

Framewo
rk

Acc
urac

y

Cali
brat
ion

Fair
ness

Clini
cal
Utili

ty

Fea
sibil
ity

PO
PQ
S

O5: Multi
modal DL

0.94 0.94 0.94 0.92 0.84 0.9
17

O4: DL Lo
ngitudinal

0.90 0.90 0.88 0.88 0.82 0.8
82

O3: ML +
NLP

0.86 0.86 0.82 0.84 0.86 0.8
52

O2: ML St
ructured

0.80 0.80 0.78 0.78 0.92 0.8
15

O1: Tradit
ional
Regr.

0.66 0.70 0.88 0.68 0.96 0.7
47

POPQS = 0.25 x Accuracy + 0.20 x Calibration + 0.20 x
Fairness + 0.20 x Utility + 0.15 x Feasibility. Traditional
regression scores high on feasibility and fairness
(simpler models, inherent demographic equity) but lower
on accuracy. All dimensions normalised 0-1.

Table 4: Domain-Specific AUC by Framework
and Primary Outcome

Domain /
Primary
Outcome

O1 R
egres
sion

O2
ML S
truct

.

O3 M
L+N
LP

O4
DL L
ongit

.

O5 M
ultim
odal

Cardiovascular
: 12-mo MACE

0.74 0.80 0.86 0.88 0.90

Cancer: 12-mo
mortality

0.78 0.82 0.86 0.89 0.92

Domain /
Primary
Outcome

O1 R
egres
sion

O2
ML S
truct

.

O3 M
L+N
LP

O4
DL L
ongit

.

O5 M
ultim
odal

Critical care:
30-day
mortality

0.74 0.82 0.86 0.90 0.93

Multimorbidity
: 30-day
readm.

0.68 0.74 0.78 0.80 0.81

Overall
(weighted
mean)

0.76 0.81 0.85 0.88 0.91

AUC on prospective hold-out data (2022-2024). Largest
O1-O5 gap in critical care (+0.19 AUC); smallest in
multimorbidity readmission (+0.13 AUC) reflecting
intrinsic difficulty of readmission prediction.

Figure 1: POPQS Score by AI Outcome Prediction
Framework

Figure 2: Primary Outcome AUC by Domain -- O1
Regression vs O5 Multimodal DL
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Figure 3: Demographic AUC Fairness Gap by
Framework (max subgroup difference)

Figure 4: Multi-Dimensional POPQS Profile -- Top 3
Frameworks

5. Discussion
5.1 Fairness-Aware Training Resolves a Core
AI Concern
The finding that O5 fairness-aware training
narrowed demographic AUC gaps to 0.03-0.04 at a
cost of only 0.01 reduction in overall AUC is
perhaps the most consequential implementation
finding in this study. Demographic fairness gaps in
clinical AI have been the single most frequently
raised concern in ethics and regulatory discussion
of medical AI deployment, and evidence that they
can be actively addressed through architectural
and training choices without meaningful accuracy
sacrifice removes a major implementation barrier.
The 0.12 AUC gap between women and men in the
O3 ML+NLP framework without fairness
awareness -- meaning the model was substantially
worse at predicting outcomes for women than men
-- is a clinically unacceptable disparity that no
model should be deployed with. The O5
fairness-aware approach should become standard

practice for clinical AI prediction model
development, and regulatory frameworks should
require fairness-aware training with documented
subgroup performance as a condition of clinical
deployment approval.

5.2 Clinical Notes Are Underused Prognostic
Data
The +0.06 AUC contribution of clinical notes NLP
to cardiovascular MACE prediction, and the
comparable contributions across other domains,
highlights that prognostic information in clinical
documentation is routinely discarded by prediction
models using only structured EHR data. Patient
functional status, disease symptom trajectory,
social determinants, and clinician clinical
judgement are documented in notes but rarely
coded in structured fields. Modern
transformer-based NLP models extract this
information reliably enough to improve prediction
performance substantially, and the infrastructure
requirements for clinical NLP have become
manageable even for mid-size hospital systems.
The O3 framework at POPQS 0.852 provides a
deployment pathway that captures much of the O5
advantage without requiring imaging integration
infrastructure -- a particularly attractive option for
hospitals where imaging integration latency is the
primary barrier to full multimodal AI deployment.

5.3 Limitations
Three limitations apply. First, framework
assignment was based on hospital technical
infrastructure rather than randomisation;
hospitals with O5 multimodal deep learning
capability have substantial general informatics
maturity that may contribute to performance
independent of the specific prediction model.
Second, the hold-out validation period (2022-2024)
coincided with COVID-19 recovery changes in
healthcare utilisation patterns that may have
affected prediction performance differentially
across frameworks in ways that are difficult to
fully characterise. Third, implementation
feasibility was assessed at participating hospitals
with above-average informatics infrastructure;
generalisation of feasibility assessments to the
broader European hospital landscape would likely
show lower feasibility for O4/O5 frameworks in
resource-constrained settings.

6. Conclusion
6.1 Key Findings
Among five AI outcome prediction frameworks
evaluated across 284,642 patients and four clinical
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domains, multimodal deep learning (POPQS 0.917)
improved prediction AUC from 0.76 (traditional
regression) to 0.91 and reduced calibration error
by 68.4%. Critical care mortality prediction
showed the largest absolute advantage (AUC 0.93
versus 0.74); cancer prediction benefited most
from imaging integration; cardiovascular
prediction benefited most from clinical notes NLP.
Fairness-aware training reduced demographic
AUC gaps to 0.03-0.04 at only 0.01 accuracy cost,
demonstrating that fairness and accuracy are not
inherently in conflict. ML + NLP (POPQS 0.852)
provides a practical intermediate deployment
option for settings without imaging integration
infrastructure.

6.2 Recommendations
Three recommendations follow. First, European
hospital informatics strategy should prioritise
clinical notes NLP infrastructure development as
the highest-value single upgrade from traditional
regression-based outcome prediction -- the +0.09
AUC average improvement from O1 to O3
represents a clinically meaningful performance
gain achievable without the imaging integration
complexity of O5. Second, regulatory frameworks
for clinical AI approval should require
fairness-aware training with documented
demographic subgroup performance, with specific
AUC gap thresholds (e.g. max 0.05 difference
across sex, age, and SES groups) as a condition of
deployment approval -- the O5 fairness-aware
evidence demonstrates that these standards are
technically achievable. Third, critical care units
with deep learning infrastructure should prioritise
implementation of O5-class multimodal ICU
mortality prediction, given the 0.19 AUC
improvement over APACHE II and the clinical
consequence of earlier high-risk patient
identification for escalation and palliative care
decisions. All data, model weights, and the POPQS
calculator are available from the corresponding
author on request.
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Appendix A
POPQS Scoring Rubric and O5

Multimodal Architecture

Full POPQS dimension scoring criteria and technical
specification of the O5 multimodal deep learning
patient outcome prediction framework.




