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Foundation artificial intelligence models for health
recognition by use of face photographs (FAHR-Face):
a model development and validation study
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Andrew Warrington, Suraj Pai, Dirk De Ruysscher, Christian Guthier, Benjamin H Kann, Vadim N Gladyshev, Hugo JWL Aerts, Raymond H Mak

Summary

Background Facial appearance offers a non-invasive window into health. We built Foundation Artificial Intelligence
for Health Recognition-Face (FAHR-Face), a foundation model trained on more than 40 million facial photographs
and fine-tuned it for two distinct tasks: biological age estimation (FAHR-FaceAge) and survival prediction
(FAHR-FaceSurvival).

Methods FAHR-FaceAge underwent two-stage, age-balanced fine-tuning on ten public image datasets; FAHR-
FaceSurvival was fine-tuned on 34363 photographs of patients with cancer. Model robustness (cosmetic surgery,
make-up, pose, and lighting) and independence (attention mapping) were tested. Both models were clinically
tested in two independent cancer patient datasets with survival analysed by multivariate Cox models and adjusted
for clinical prognostic factors.

Findings For age estimation, FAHR-FaceAge had the lowest mean absolute error of 5-1 years on public datasets,
outperforming benchmark models and maintaining accuracy across the full human lifespan. In patients with
cancer, FAHR-FaceAge outperformed a previous age estimation model in survival prognostication. FAHR-
FaceSurvival showed robust prediction of mortality, and the highest-risk quartile had more than triple the
mortality of the lowest (adjusted hazard ratio 3-23; p<0-0001). These findings were validated in the independent
cohort and both models showed generalisability across age, sex, race, and cancer subgroups. The two algorithms
provided distinct, complementary prognostic information; attention mapping revealed that each model relied on
distinct facial regions. The combination of FAHR-FaceAge and FAHR-FaceSurvival improved prognostic accuracy.

Interpretation A single foundation model can generate inexpensive, scalable facial biomarkers that capture both
biological ageing and disease-related mortality risk. The foundation model enabled effective training by use of
relatively small clinical datasets. Routine quantitative facial analysis could enhance risk stratification when
traditional biomarkers are unavailable.
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Introduction

Facial images have emerged as a promising biomarker for
health assessment, offering a non-invasive and readily
accessible means of capturing physiological changes asso-
ciated with ageing and overall health."? Influenced by
various physiological factors, disease processes, and life-
style choices, the human face might provide valuable
insights into an individual’s health status, reflecting the
cumulative effects of genetic predisposition, environmen-
tal exposures, existing medical conditions, and lifestyle
habits.** These facial changes can mirror the underlying
biological ageing process, connected with the development
of various diseases, particularly cancer, through the time-
dependent accumulation of cellular damage.>® Despite
this potential, effectively quantifying facial appearance for
health assessment has been challenging, because facial
features are complex and difficult to measure objectively.
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Studies have shown the potential of artificial intelligence
(Al)-based approaches to extract health-related information
from facial images, including chronological age estima-
tion,”® biological age estimation,®° cardiovascular risk
assessment,’ and identification of individuals with rare
genetic syndromes.? Biological age here refers to the pre-
dicted age from a facial image that reflects ageing physiology
rather than time lived. Across imaging modalities and ana-
tomical regions, Al-based biological age predictions and
their deviation from chronological age are associated with
survival and other health outcomes." Consistent with pre-
vious studies' and our previous study,'® we interpret higher
biological age, in our case defined as appearing older than
chronological age, as a marker of poorer health and greater
clinical risk of adverse health outcomes, including mortality.
In that study, we developed FaceAge, a deep-learning model
that estimates biological age from facial photographs, and

Lancet Digit Health2026

Published Online
https://doi.org/10.1016/
j-landig.2026.101056

*Joint first authors

Department of Radiation
Oncology, Mass General
Brigham Cancer Institute,
Dana-Farber Cancer Institute,
Harvard Medical School, Boston,
MA, USA (F Haugg MS, G Lee MD,
J He BS, L Nurnberg MS,

D Bontempi PhD,

D S Bitterman MD, V Prudente MS,
A Warrington BS, S Pai PhD,

C Guthier PhD, B H Kann MD,
Prof H) W L Aerts PhD,

Prof R H Mak MD); Artificial
Intelligence in Medicine
Program, Mass General
Brigham, Harvard Medical
School, Boston, MA, USA

(F Haugg, G Lee, L Nirnberg,

D Bontempi, D S Bitterman,

V Prudente, S Pai, C Guthier,

B H Kann, Prof H ] W L Aerts,
Prof R H Mak); Department of
Radiology and Nuclear
Medicine, CARIM & GROW,
Maastricht University,
Maastricht, Netherlands

(L Nurnberg, D Bontempi,

V Prudente, S Pai,

Prof HJ W L Aerts); Department
of Radiation Oncology
(Maastro), Maastricht
University, Maastricht,
Netherlands (L Nurnberg,

D Bontempi); Department of
Biostatistics, Harvard T H Chan
School of Public Health, Boston,
MA, USA (P Catalano ScD);
Department of Data Science,
Dana-Farber Cancer Institute,
Boston, MA, USA (P Catalano);
Brigham and Women's Hospital,
Harvard Medical School, Boston,
MA, USA (D Glubokov MS,
Prof V N Gladyshev PhD);
Department of Radiation
Oncology (Maastro), Maastricht
University Medical Center,
GROW School, Maastricht,
Netherlands

(Prof D De Ruysscher MD);
Department of Radiology,


https://doi.org/10.1016/j.landig.2026.101056
https://doi.org/10.1016/j.landig.2026.101056
http://www.thelancet.com/digital-health

Articles

Brigham and Women's Hospital,
Harvard Medical School, Boston,
MA, USA (Prof HJ W L Aerts)

Correspondence to:

Prof Raymond H Mak,
Department of Radiation
Oncology, Mass General Brigham
Cancer Institute, Dana-Farber
Cancer Institute, Harvard
Medical School, Boston,

MA 02115, USA
rmak@partners.org

or

Prof Hugo JWL Aerts, Artificial
Intelligence in Medicine
Program, Mass General Brigham,
Harvard Medical School, Boston,
MA 02115, USA
haerts@bwh.harvard.edu

See Online for appendix

Research in context

Evidence before this study

We systematically searched PubMed and Google Scholar for
English language studies published from database inception until
May 1, 2025, using terms such as “facial image analysis”,
"biological age estimation”, “FaceAge,” “survival prediction”, and
“foundation model”. Previous research showed the utility of facial
images for chronological and biological age estimation, as well as
associations with health outcomes. However, existing methods
rely heavily on supervised training using incomplete, often biased
datasets and show inconsistent generalisability outside their
training distribution.

Added value of this study

This study introduces Foundation Artificial Intelligence for Health
Recognition-Face (FAHR-Face), the first foundation artificial
intelligence model pretrained via masked autoencoders on over

found that appearing older than chronological age was
associated with poorer survival in patients with cancer.

Building on these Al advancements, foundation models
have revolutionised natural language processing and com-
puter vision, and are now making substantial strides in
medical applications. These models, trained on vast
amounts of data, have shown capabilities in capturing
complex patterns and transferring knowledge across diverse
tasks.” Unlike task-specific models, foundation models
learn reusable representations that transfer across tasks, so
one pretrained backbone can be adapted to many applica-
tions with minimal labels. In medical applications, founda-
tion models have shown promise in clinical natural language
processing, medical image analysis,"* and pathology.”

Among the techniques used to develop such foundation
models, masked autoencoders have emerged as a particu-
larly effective approach for image-based tasks.’® Masked
autoencoders learn by randomly masking and recon-
structing patches in images, creating a challenging self-
supervisory task that requires a holistic understanding of
the input.”” This approach is especially well suited for facial
image analysis, as the face contains many correlated
structures (eg, symmetry and typical spatial relationships
between features), which the model can leverage to capture
higher-level attributes potentially related to health.

Here, we introduce Foundation Artificial Intelligence for
Health Recognition-Face (FAHR-Face), a deep-learning
framework designed to assess health-related attributes
and predict survival outcomes by use of consumer-grade
digital photographs of the face. Our novel approach uses
a masked autoencoder pretrained on over 40 million facial
images to develop a foundation model capable of trans-
forming subtle facial feature variations into quantifiable
imaging biomarkers, and this foundation model can then
be fine-tuned for multiple health-related tasks.

Our study shows the application of this foundation
model in two key areas: FAHR-FaceAge for biological age

40 million diverse facial images, covering the entire human
lifespan. FAHR-Face substantially surpasses previous methods in
accuracy, robustness, and generalisability, reliably fine-tuning
specialised clinical biomarkers, including biological age and
survival risk, from small clinical datasets using only consumer-
grade facial photographs.

Implications of all the available evidence

Clinicians already intuitively assess patient health based on
appearance. FAHR-Face and its derived biomarkers (FAHR-
FaceAge and FAHR-FaceSurvival) provide tools to standardise and
quantify this intuitive practice. Integration of this model into
clinical workflows could enhance prognostic accuracy and clinical
decision making, particularly in settings where traditional
biomarkers or comprehensive assessments are scarce.

estimation and FAHR-FaceSurvival for predicting survival
outcomes.

Methods

Model design and parameters

A foundation model (FAHR-Face) was trained by use of
self-supervised learning on over 40 million unlabelled facial
images from the WebFace42M dataset (see appendix p 1).*
Subsequently, two distinct supervised-learning models
were developed by fine-tuning this foundation model:
FAHR-FaceAge for biological age estimation and FAHR-
FaceSurvival for predicting survival from facial photo-
graphs. The study design and dataset flow are illustrated
in figure 1.

This study was done in accordance with the ethical
principles outlined in the Declaration of Helsinki and was
approved by the independent ethics review boards at Mass
General Brigham (2020P002969) and the Dana-Farber
Harvard Cancer Center (13-055 and 17-669) in Boston,
USA, and Department of Radiation Oncology (Maastro),
Maastricht University (08—06-23/01) in the Netherlands. All
clinical data were handled in compliance with institutional
research policies. For both the Harvard and Maastro
patients, facial images and clinical variables were collected
retrospectively from data acquired during routine clinical
care. For the Harvard datasets the institutional review board
(IRB) approved a waiver of consent (Mass General Brigham
IRB protocol 2020P002969 and Dana—Farber Harvard
Cancer Center IRB protocols 13-055 and 17-669). The IRBs
granted a waiver of written informed consent because the
study involved minimal risk, relied on existing clinical data,
did not influence patient management, and a substantial
fraction of the cohort consisted of deceased patients.

Data sources

FAHR-FaceAge was fine-tuned in a two-step training
process, first by use of eight oversampled public datasets
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Figure 1: Study design and Harvard-RT patient dataset overview

(A) Study design flowchart. The FAHR-Face foundation model is trained on more than 40 million face photographs from the WebFace42M dataset. Two applications are
derived: FAHR-FaceAge for age prediction and FAHR-FaceSurvival for survival prediction. FAHR-FaceAge uses 743 152 face photographs with age labels from ten public

datasets and is evaluated on the public dataset APPA-REAL (n=6783) and the independent Harvard-RT patient dataset (n=38 183). FAHR-FaceSurvival is trained on

34363 patients from the Harvard-RT patient dataset and tested on 3820 patients (90/10 split). Both models are evaluated on the independent Maastro-RT patient
dataset (n=4892). (B) Overview of the Harvard-RT patient dataset. 38 183 patients were treated with radiotherapy from 2008 to 2023. The dataset includes cancer

diagnosis and patient demographics. The pie chart shows sex distribution. The bar chart displays race distribution. The histogram illustrates the age distribution.
FAD=FAHR-FaceAge deviation (FAHR-FaceAge minus chronological age). AFAD=Asian Face Age Dataset. APPA-REAL=Apparent and Real Age. CACD=Cross-Age
Celebrity Dataset. Harvard-RT=Harvard radiotherapy. KANFace=Kinship, Age, geNder. LAGENDA=Layer Age and Gender Dataset. Maastro-RT=Maastro radiotherapy.
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(Figure 2 continues on next page)
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for robustness to image variations. It was evaluated on the
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radiotherapy for cancer or benign conditions at six Harvard-
affiliated sites, and externally validated on the independent
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Figure 2: FAHR-FaceAge and FAD analysis in the clinical dataset (Harvard-RT) and publicly available dataset (APPA-REAL)

(A) MAE and ME per 5-year age bin for age estimation on the public APPA-REAL dataset. This panel shows consistent performance across all age bins, indicating that the model’s accuracy in predicting age is
stable throughout different age groups. (B) FAHR-FaceAge versus chronological age heatmaps for different race groups in the Harvard-RT patient dataset and APPA-REAL datasets (Pearson correlation
0-92). The heatmaps illustrate that although different race groups exhibit different age distributions, the model shows similar diagonal patterns, with high correlations across all groups (White 0-86, Black
0-81, Asian 0-86, other 0-90, and Hispanic 0-91). (C) Concordance index (C-index) for FAD compared with FaceAge'® minus age in the overall Harvard-RT patient dataset and in age and race subgroups.
Error bars indicate 95% Cls obtained from non-parametric bootstrap with 1000 resamples at the patient level. (D) AUC comparison of Age, FaceAge,' and FAHR-FaceAge for survival prediction in those in
the Harvard-RT patient dataset aged 60 years and older (n=23 518). AUC values were calculated at four timepoints: 3 months, 6 months, 1 year, and 2 years. The analysis was restricted to patients aged 60
years and older because the FaceAge® model was optimised for individuals aged 60 years and older. (E) Kaplan-Meier survival curves stratified by FAD groups for the Harvard-RT patient dataset. The FAD
groups range from -10 to 20+ years. Numbers at risk, cumulative censored counts in parentheses, and 5-year and 10-year Kaplan-Meier estimates with 95% Cls are shown below the plot. The sample
density plot shows the relative distribution of patients per FAD group. (F) Percentage of patients with early mortality (within 30, 31-60, and 61-90 days) across different FAD groups. The stacked plot
represents a continuous increase in the proportion of patients who die within 90 days as the FAD value increases. (G) Kaplan-Meier survival curves for the Harvard-RT patient dataset, split by FAD>5 and
FAD<S5, across different race groups (Asian, Black, Hispanic, and other), with two-sided log-rank p values. (H) Kaplan-Meier survival curves for the Harvard-RT patient dataset, split by FAD>5 and FAD<5,
across different age groups (0-40, 40-60, 60-80, and >80 years), with two-sided log-rank p values. AUC=area under the receiver operating characteristic curve. FAD=FAHR-FaceAge deviation (FAHR-

FaceAge minus chronological age). Harvard-RT=Harvard radiotherapy. MAE=mean absolute error. ME=mean error. 1p<0-01. p<0-001. §p<0-0001.

Maastro radiotherapy (Maastro-RT) patient dataset, com-
prising 4892 patients with cancer treated with radiotherapy
in Maastricht, Netherlands (appendix p 6).

FAHR-FaceSurvival was developed by fine-tuning
FAHR-Face on a subset of the Harvard-RT patient data-
set. The Harvard-RT images were randomly partitioned
(90:10 split) to maximise training data while retaining
sufficient data for testing, resulting in a training set of
34363 images and a held-out test set of 3820 images.
Training used a ranking-based loss approach to predict
survival outcomes. The final FAHR-FaceSurvival model
performance was evaluated on the held-out test set and
independently validated by use of the same Maastro-RT
patient dataset (see appendix pp 5-6).

Outcomes

Chronological-age accuracy was summarised with mean
absolute error (overall and averaged across 5-year bins). Bio-
logical age deviation was expressed as FAHR-FaceAge devi-
ation (FAD; defined as FAHR-FaceAge minus chronological
age).” Survival discrimination was assessed with concord-
ance index (C-index), multivariate Cox models, Kaplan—-Meier
curves and time-dependent area under the receiver operating
characteristic curve (AUG; 3, 6, 12, and 24 months).

Statistical analysis

Baseline characteristics were summarised descriptively.
Survival was modelled with Cox proportional hazards;
multivariate models included age (per decade), sex, race or
ethnicity, cancer site, treatment intent, calendar year, and
radiation technique, retaining covariates with p<0-05 in
univariate screening. Discrimination was quantified with
C-index and time-dependent AUCs at 3, 6, 12, and
24 months, comparing chronological age, FaceAge, and
FAHR-FaceAge. Risk stratification used Kaplan—-Meier
curves and log-rank tests; subgroup hazard ratios (HRs)
with 95% Cls were reported. Complementarity and inde-
pendence of the two models were assessed in both feature
and geometric space. Analyses used R 4.3.1; two-sided
p<0-05 was considered significant. Reporting followed
TRIPOD+AI (appendix pp 32-33).

Role of the funding source

The funders of the study had no role in the study design,
data collection, data analysis, data interpretation, or writing
of the report.
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Results

The FAHR-FaceAge model, which was fine-tuned from
the FAHR-Face foundation model, achieved the lowest
mean absolute error of 5-1 years on the public APPA-
REAL dataset of presumed healthy individuals
(figure 2A; appendix p 4). In comparison as a benchmark,
a baseline Vision Transformer (ViT) architecture trained
from random initialisation reached 6-92 years mean
absolute error (see appendix p 5 for additional benchmark
details and results). Fine-tuned with age-balanced data to
reduce bias, FAHR-FaceAge showed generalisability
across diverse age ranges and racial groups in publicly
available, real-world photographs and photographs
obtained in clinical settings (figure 2B). The heatmaps
reveal consistent age estimation accuracy across racial
subgroups with high correlations (White 0-86, Black 0-81,
Asian 0-86, Hispanic 0-91, and other 0-90).

Next, we tested FAHR-FaceAge as a biological age bio-
marker in clinical cohorts and showed its superiority to our
previously published age estimation algorithm (FaceAge').
The clinical application of the FAHR-FaceAge model was
first evaluated by analysing the FAD. FAD was tested as a
clinical biomarker on a large independent cohort of
38183 patients with a diverse range of cancer diagnoses
(Harvard-RT patient dataset). The median FAD was
1-1 years, with 12 610 patients (33-0%) having an FAD of at
least 5 years and 6506 patients (17-0%) having an FAD of
10 years or more—ie, patients appearing much older than
their chronological age. Conversely, 9267 patients (24-3%)
had an FAD of -5 years or less—ie, patients appearing much
younger than their chronological age. FAD was only weakly
correlated with chronological age (R=0-16). The median
follow-up time in this cohort was 4-3 years.* The patient
characteristics are summarised in the appendix (pp 20-21).

Patients with higher FADs exhibited lower survival
probabilities across all chronological age groups, with sig-
nificant differences observed between patients with FAD
differences exceeding 5 years or more; patients appearing
younger than their chronological age showed progressively
higher survival rates, whereas those appearing older had
increasingly poorer health outcomes (figure 2E). This
association between FAD and survival is evident across all
age and race subgroups (figure 2G, H). Additionally, FAD is
a robust early mortality biomarker (figure 2F); patients in
the highest FAD group (>20 years) had a 90-day mortality of
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226 (21-3%) of 1060 patients, compared with 270 (6-4%) of
4195 patients for those with an FAD of —10 years or less.

Benchmarking against the previously published bio-
logical face age estimation model (FaceAge'), in single-
predictor analyses, our new FAD biomarker achieved a
C-index of 0-57, whereas the previous model’s age dif-
ference biomarker (FaceAge' minus chronological age)
achieved 0-52, with FAD maintaining higher C-indices
across age and racial subgroups (figure 2C). Examining
different survival endpoints in patients aged 60 years and
older, FAHR-FaceAge had higher performance for
3 months, 6 months, 1 year, and 2 years survival
prediction than FaceAge and chronological age
(figure 2D).

In univariate Cox regression analyses (table 1), FAD (per
decade) emerged as a significant predictor of survival (HR
1-30, 95% CI 1-27-1-32, p<0-0001). Multivariate analysis
adjusting for age, sex, race or ethnicity, cancer site, treat-
ment intent, treatment year, and radiation technique con-
firmed FAD’s significance (adjusted HR 1-14, 1.12-1-16,
p<0-0001). Notably, a FAD of 5 years or more (vs<5 years)
was linked to a 21% higher hazard (adjusted HR 1-21,
1-17-1-26, p<0-0001). Conversely, FAD -5 years or less was
associated with a 17% lower hazard compared with an FAD
greater than -5 years (adjusted HR 0-83, 0-79-0-86,
p<0-0001).

Subgroup analyses (appendix p 22) were generally con-
sistent. Although both males and females exhibited sig-
nificant FAD-survival associations, females showed higher
HRs. White and Asian patients had stronger FAD-based
risk stratification than Black and Hispanic groups. Across
cancer diagnoses, patients with FAD of 5 years or more (vs
<5 years) consistently had poorer survival (appendix p 12),
and this difference was significant in 18 of 28 cancer diag-
noses, with the remaining subgroups showing the same
directional separation but not reaching statistical
significance.

Lifestyle factors were significantly associated with FAD:
heavy alcohol consumption and drug use corresponded
with increased FAD. The strongest association was
observed with smoking, which showed consistent dose-
dependent relationships across both smoking-related and
non-smoking-related cancers: both in smoking status
(current>former>never smokers) and lifetime exposure
(moderate-heavy>light>never smokers; appendix p 14).

Next, we independently trained the FAHR-FaceSurvival
model from patient photographs by fine-tuning the
FAHR-Face foundation model for survival prediction. The
model was internally validated on a subcohort of
3820 patients from the Harvard-RT patient test dataset. In
the test cohort, the median age was 64-1 years (range
0-8-98-5). The test cohort was 2178 female patients
(57-0%), with a racial distribution of 3255 White (85-2%),
182 Black (4-8%), 116 Asian (3-0%), 59 Hispanic (1-5%),
and 106 other-race patients (2-8%). Most patients had non-
metastatic cancer (2630 patients, 68-8%), followed by
metastatic cancer (1,045 patients, 27-4%), and benign or

ductal carcinoma in situ (DCIS) conditions (145 patients,
3-8%). The median follow-up time was 4-2 years.
The training and test patient characteristics are
summarised in the appendix (pp 20-21).

Higher FAHR-FaceSurvival was associated with more
aggressive cancer risk groups, with a median of 0-13
(IQR 0-02-0-32) for benign or DCIS conditions, 0-25
(0-07-0-46) for non-metastatic cancer, and 0-45 (0-25-0-68)
for metastatic cancer (p<0-0001; figure 3A). Among age
groups, FAHR-FaceSurvival predicts the highest mortality
risk in the age 60-80 years and age 80 years and older
groups (figure 3A). FAHR-FaceSurvival was also signifi-
cantly higher in males (0-36, IQR 0-19-0-56 for males vs
0-23, 0-05-0-48 for females; p<0-0001), with no significant
difference between most races (p>0-05 for all comparisons
except Asian vs White, p=0-036; figure 3A). Higher FAHR-
FaceSurvival quartiles were associated with significantly
lower survival probabilities (figure 3B).

On univariate Cox regression, the continuous FAHR-
FaceSurvival was associated with survival (HR for every
0-1 increase=1-32, 95% CI 1-30-1-35, p<0-0001). Multi-
variate analysis, adjusting for age, sex, race or ethnicity,
cancer site, treatment course intent, year treated, and
radiation technique, confirmed that FAHR-FaceSurvival
remained significantly associated with survival (adjusted
HR 1-17, 1-14-1-20, p<0-0001; table 2).

Subgroup analysis showed FAHR-FaceSurvival associ-
ation with survival across various demographic and clinical
subgroups. As shown in the appendix (p 24), both con-
tinuous (per 0-1 increase) and dichotomised (>0-5 vs <0-5)
FAHR-FaceSurvival was significantly associated with
survival in univariate and multivariate analyses for most
subgroups. Kaplan—-Meier plots of dichotomised FAHR-
FaceSurvival for different racial and age subgroups are
shown in figure 3E and figure 3F, respectively.

FAHR-FaceSurvival was also significantly associated with
early mortality risk. In the highest FAHR-FaceSurvival
group (0-9-1.0), 64 (52-5%) of 122 patients died within
90 days, compared with 20 of 975 patients (2-1%) in the
lowest FAHR-FaceSurvival group (0-0-0-1; figure 3D). The
C-index for race, age, and diagnosis subgroups showed
varied performance with an overall C-index of 0-72 and
ranging from 0-53 to 0-88 across different subgroups
(Figure 3G). Notably, a benchmark model trained on
photographs of patients with cancer alone without the
FAHR-Face foundation model, which used a ViT with
random initialisation, had a C-index of 0-66 (appendix p 7).

The generalisability of both FAHR-Face models was
validated by use of 4892 patients from Maastro-RT. This
cohort had a median age of 66-0 years, with 2309 female
patients (47-2%). Most common cancer sites included
breast, gastrointestinal, genitourinary, and lung (appendix
pp 20-21). The median follow-up time was 4-9 years.

The median FAHR-FaceAge was 70-9 years (range
12-0-97-0), with a median FAD of 4-4 years (range —31.0 to
39-6). 2288 patients (46-8%) had a FADX5 years, and
1103 patients (22-5%) had a FAD>10 years. The mean
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Univariate* Multivariate model 1t Multivariate model 2 Multivariate model 3t
(FAD per decade) (FAD >5 years vs <5) (FAD <-5 years vs >-5 years)
HR (95% CI) pvalue  HR(95% Cl) pvalue HR (95% Cl) pvalue HR (95% Cl) p value

Age, decade 1-19 (1-18-1-21) <0-0001 1-14 (1-13-1-16) <0-0001 1-14 (1-13-1-16) <0-0001 1-15 (1-14-1-17) <0-0001
FAHR-FaceAge, decade

FAD, decade 1-30 (1-27-1-32) <0-0001 1-14 (1-12-1-16) <0-0001

FAD >5 vs <5 1.53 (1-48-1-58) <0-0001 1.21 (1-17-1-26) <0-0001

FAD <-5vs >-§5 0-68 (0-65-0-71) <0-0001 0-83 (0-79-0-86) <0-0001
Sex, male vs female 138 (1-34-1-43) <0-0001  1-12 (1-08-1-16) <0-0001 113 (1-09-1-17) <0-0001 1-10 (1-06-1-14) <0-0001
Race or ethnicityt

White 1 (ref) 1 (ref) 1 (ref) 1 (ref)

Black 0-90 (0-83-0-98) 0-014 1-11 (1-02-1-20) 0-021  1-08 (0-99-1-18) 0-073 1-11 (1-02-1-21) 0-019

Asian 0-83 (0-74-0-92) 0-00040 1-04 (0-93-1-16) 0-48  1.00 (0-89-1-11) 093  1.02 (0-92-1-14) 072

Hispanic 1.01 (0-88-1-15) 0-94 1.22 (1-06-1-40) 0-0041 1-20 (1-05-1-37) 0-0082 1-21 (1-05-1-38) 0-0068

Other 0-96 (0-86-1-07) 0-47 1-14 (1-02-1-28) 0022 114 (1-02-1-28) 0-024  1.15(1-03-1-29) 0-013
Cancer risk group§

Non-metastatic cancer 1 (ref)

Benign conditions or ductal carcinoma in situ 0-18 (0-15-0-23) <0-0001

Metastatic cancer 5-76 (5-57-5-97) <0-0001
Cancer site

Breast 1 (ref) 1 (ref) 1 (ref) 1 (ref)

Benign 2-42 (1-82-3-21) <0-0001 271 (2:02-3-63) <0-0001 2.74 (2:04-3-67) <0-0001 272 (2:03-3-64) <0-0001

Prostate 1-67 (1-44-1-93) <0-0001 173 (1-46-2-05) <0-0001 175 (1-47-2-07) <0-0001  1-75 (1-47-2-07) <0-0001

Lung 15-40 (13-83-17-16) <0-0001 13-72 (12-18-15-45) <0-0001 13-95 (12-39-15-72) <0-0001 14-08 (12-50-15-86)  <0-0001

Gastrointestinal 10-71 (9-56-12-01) <0-0001 9-86 (8-71-11-15) <0-0001 9-91(8-76-11-22) <0-0001 10-00 (8-84-11-31) <0-0001

Gynaecological 5-47 (4-75-6-29) <0-0001 6-69 (5-74-7-81) <0-0001 6-74 (5-78-7-85) <0-0001 6-74 (5-78-7-86) <0-0001

Head and neck 5-54 (4-88-6-28) <0-0001  5-87 (5-09-677) <0-0001 5-92 (5-13-6-83) <0-0001 5-98 (5-18-6-90) <0-0001

Sarcoma 6-26 (5-33-7-35) <0-0001  6-90 (5-81-8-18) <0-0001 6-93 (5-84-8-22) <0-0001 6-91 (5-82-8-20) <0-0001

Haematological 7-53 (6:75-8-41) <0-0001  4-48 (3:96-5-06) <0-0001 4-52 (4-00-5-11) <0-0001 4-52 (4-00-5-11) <0-0001

Skin 6-54 (5-54-7-72) <0-0001  6-62 (5-45-8-04) <0-0001 6-68 (5-50-8-11) <0-0001 6-69 (5-51-8-12) <0-0001

Brain (malignant) 24-57 (21-93-27-52)  <0-0001 24-99 (21-99-28-40)  <0-0001 25-06 (22-05-28-48)  <0-0001 25-05 (22-04-28-47)  <0-0001

Other primary 11-71 (10-05-13-64) <0-0001 10-22 (8-66-12-07) <0-0001 10-34 (8-75-12-21) <0-0001 10-29 (8:71-12-15) <0-0001

Bone metastasis 36-78 (33:21-40-73) <0-0001 12-93 (11-45-14-59) <0-0001 12-98 (11-50-14-65) <0-0001 13-05 (11-56-14-74) <0-0001

Brain metastasis 44-94 (40-58-49-77)  <0-0001 21-45(18-91-24-32)  <0-0001 21.73 (19-16-24-64)  <0-0001 21-81 (19-23-24-74)  <0-0001

Other metastasis 24-59 (22-21-27-24) <0-0001 13-07 (11-61-14-72) <0-0001 13-18 (11-71-14-84) <0-0001 13-29 (11-80-14-97)  <0-0001
Treatment course intent

Curative 1 (ref) 1 (ref) 1 (ref) 1 (ref) -

Oligometastasis ablation 4-18 (3-96-4-42) <0-0001  1-83 (1-69-1-98) <0-0001 1-83 (1-69-1-98) <0-0001 1-83 (1-69-1-98) <0-0001

Palliative 8.77 (8-45-9-10) <0-0001  3-42 (3-23-3-62) <0-0001 3-42 (3-23-3-63) <0-0001 3-44 (3-25-3-64) <0-0001
Year treated

2008-15 1 (ref) 1 (ref) 1 (ref) 1 (ref)

2016-23 074 (0:71-0-76) <0-0001  0-82 (0-79-0-85) <0-0001 0-82 (0-79-0-85) <0-0001 0-82 (0-79-0-85) <0-0001
Radiation techniqueq

Three-dimensional conformal 1 (ref) 1 (ref) 1 (ref) 1 (ref)

Intensity modulated radiotherapy 0-69 (0-66-0-72) <0-0001  0-75 (0-71-0-80) <0-0001 0-75 (0-71-0-80) <0-0001  0-75 (0-71-0-80) <0-0001

Stereotactic body radiotherapy 1-08 (1-00-1-16) 0-061  0-55 (0-50-0-60) <0-0001 0-55 (0-50-0-60) <0-0001  0-55 (0-50-0-60) <0-0001

Stereotactic radiosurgery 2:58 (2:43-2-73) <0-0001 0-71 (0-65-0-77) <0-0001 0-71 (0-65-0-77) <0-0001 0-71 (0-65-0-78) <0-0001

Brachytherapy 0-20 (0-17-0-24) <0-0001 0-31 (0-26-0-39) <0-0001 0-32 (0-26-0-39) <0-0001 0-32 (0-26-0-39) <0-0001

Electrons 0-56 (0-49-0-63) <0-0001  0-61 (0-53-0-71) <0-0001 0-61 (0-52-0-71) <0-0001 0-61 (0-52-0-71) <0-0001

Adaptive 0-72 (0-60-0-86) 0-00029  0-55 (0-45-0-66) <0-0001 0-54 (0-45-0-66) <0-0001 0-54 (0-45-0-66)  <0-0001

p values were derived from a two-sided Wald test. FAD=FAHR-FaceAge deviation (FAHR-FaceAge minus chronological age). HR=hazard ratio. *n=38 183 with 13769 events (63-9% censored), unless otherwise
specified. Tn=34 775 with 12 801 events (63-2% censored). n=37 200. SExcluded from multivariate analysis given significant confounding with cancer site variable. §in=35 706.

Table 1: Univariate and multivariate Cox regression for overall survival—FAHR-FaceAge
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Figure 3: FAHR-FaceSurvival analysis on the Harvard-RT test dataset

(A) Box plots show the variability of FAHR-FaceSurvival across different demographic groups, indicating that the model captures meaningful variations in risk on the basis of these factors (two-sided
Wilcoxon rank-sum test). Boxplots show median and IQR; whiskers indicate 1-5 x IQR. (B) Risk stratification by grouping patients into quartiles on the basis of their FAHR-FaceSurvival. The Kaplan-Meier
survival curves show significant differences in survival probabilities between the quartiles, indicating the model’s ability to effectively stratify patients by risk (two-sided log-rank p values). Numbers at risk,
cumulative censored counts in parentheses, and 5-year Kaplan-Meier estimates with 95% Cls are shown below the plot. (C) Mean attention maps for FAHR-FaceAge and FAHR-FaceSurvival, showing the
facial regions most relevant for each prediction in yellow. Results are displayed on both two-dimensional projections (n=3820) and three-dimensional canonical face models (n=3815). (D) Early mortality
percentages within 30, 31-60, and 61-90 days across different FAHR-FaceSurvival groups, divided into deciles (1/10 steps). The stacked plot shows a continuous increase in early mortality rates with higher
FAHR-FaceSurvival. (E) Kaplan-Meier survival curves for the Harvard-RT patient test dataset, split by FAHR-FaceSurvival higher than and lower than 0.5, across different race groups (Black, Asian, Hispanic,
and other), with two-sided log-rank p values. (F) Kaplan-Meier survival curves for the Harvard-RT patient test dataset, split by FAHR-FaceSurvival higher than and lower than 0-5, across different age groups
(0-40, 40-60, 60-80, and >80 years), with two-sided log-rank p values. (G) Concordance index (C-index) for overall age group, sex, race, and cancer diagnosis. This panel shows the performance of the
FAHR-FaceSurvival model as a single predictor in estimating overall survival across various subgroups, with higher C-index values indicating better predictive accuracy. Error bars indicate 95% Cls obtained
from non-parametric bootstrap with 1000 resamples at the patient level. DCIS=ductal carcinoma in situ. Harvard-RT=Harvard radiotherapy. NS=not significant (p>0-05). *p<0-05. §p<0-0001.

absolute error for FAHR-FaceAge was 6-99 years, and the 6 months, 1year, and 2 years. Among patients aged 60 years
mean error was 4-70 years. and older, FaceAge' minus age (per decade) showed a
Kaplan-Meier survival analysis revealed significant weaker association with mortality (adjusted HR 1.-11,
stratification on the basis of FAD (figure 4A). Multivariate  95% CI 1-01-1-23, p=0-026; figure 4H) than FAD and
analysis, adjusted for age, sex, and cancer site, confirmed FAHR-FaceSurvival. In a combined multivariate model
FAD as a significant predictor of survival (adjusted HR including FAD, FaceAge' minus age, FAHR-FaceSurvival,
1-13, 95% CI 1-06-1-20, p=0-0003; figure 4C). The HR for  age, sex, and cancer site, only FAD (adjusted HR 1-16,
FAD per decade increased after adjustment for age, show-  1-05-1-27, p=0-0026) and FAHR-FaceSurvival (adjusted
ing that FAD adds prognostic information beyond HR 1-08 per 0-1 unit, 1-05-1-11, p<0-0001) remained
chronological age. associated with survival, whereas FaceAge'° minus age was
For FAHR-FaceSurvival, the median was 0-4 in this not significant (adjusted HR 0-93, 0-82-1-05, p=0-22;
cohort. Kaplan—Meier analysis showed significant survival ~ figure 4I).
differences among FAHR-FaceSurvival groups (figure 4B). FAHR-FaceAge model robustness was evaluated by use
Multivariate analysis, adjusted for age, sex, and cancer site, of paired images of the same person captured within short
confirmed FAHR-FaceSurvival (per 0-1 unit) as a signifi- timespans from three distinct public datasets, including
cant predictor of survival (adjusted HR 1.09, 95% CI  before and after plastic surgery; with and without make-up;
1-06-1-11, p<0-0001; figure 4D). and varying facial expressions and photograph illumination
The AUC for patients aged 60 years and older (figure 4G) and angles (appendix p 5). FAHR-FaceAge estimates were
showed that FaceAge'® and FAHR-FaceAge outperformed not significantly different for eyebrow correction, eyelid
chronological age in predicting survival outcomes. At correction, facelifts, or facial bone correction, but were
3 months, FAHR-FaceAge achieved an AUC of higher after nose correction (mean difference 1-11 years,
0-66 compared with FaceAge™ of 0-64 and chronological p<0-0001). No statistical difference was seen with make-up,
age of 0-63. This performance advantage persisted at viewing angle, illumination, or facial expression.
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Univariate* Multivariate model 11 Multivariate model 2t
(FAHR-FaceSurvival continuous) (FAHR-FaceSurvival Quartiles)
HR (95% Cl) pvalue HR (95% Cl) pvalue HR (95% Cl) p value
Age, decade 1-15 (1-11-1-19) <0-0001 1-08 (1-04-1-12) <0-0001 1-08 (1-04-1-13) <0-0001
FAHR-FaceSurvival
Continuous (0-1) 1-32 (1-30-1-35) <0-0001 1-17 (1-14-1-20) <0-0001
Categorised
<0-25 1 (ref) - - - 1 (ref)
0-25-0-49 2-30 (1-99-2-65) <0-0001 - - 1-58 (1-36-1-84) <0-0001
0-50-0-74 4-29 (3-71-4-97) <0-0001 - . 2:24 (1-91-2-63) <0-0001
>0-75 8-75 (7-42-10-31) <0-0001 - . 3-23 (2:70-3-86) <0-0001
Sex, male vs female 1-24 (1-11-1-37) <0-0001 1-03 (0-91-1-15) 0-68  1.03 (0-91-1-16) 0-64
Race or ethnicityt
White 1 (ref) - 1 (ref) . 1 (ref)
Black 0-95 (0-73-1-23) 0-69  1.01(0-78-1-33) 0-92  0-98 (0-75-1-29) 0-91
Asian 0-79 (0-56-1-12) 018  0-72 (0-51-1-02) 0-066  0-73 (0-52-1-04) 0-079
Hispanic 0-88 (0-57-1-37) 057  0-67 (0-42-1-07) 0-095  0-65 (0-41-1-04) 0-071
Other 1-42 (1-06-1-90) 0-019  1-38 (1-02-1-85) 0-035 1-39 (1-03-1-87) 0-031
Cancer risk group§
Non-metastatic cancer 1 (ref)
Benign conditions or ductal carcinoma in situ 0-23 (0-12-0-43) <0-0001
Metastatic cancer 5-42 (4-87-6-04) <0-0001
Cancer site
Breast 1 (ref) - 1 (ref) - 1 (ref)
Benign 1-84 (0-74-4-62) 0-19 1-20 (0-47-3-07) 0-70 137 (0-54-3-49) 0-51
Prostate 1-43 (0-91-2-26) 012 1.68 (1-00-2-84) 0-052  1.75 (1-04-2-96) 0-036
Lung 12-79 (9-22-17-76) <0-0001 9-85 (6-78-14-32) <0-0001 10-26 (7-05-14-93) <0-0001
Gastrointestinal 879 (6-19-12-49)  <0-0001 7-28 (4-96-10-68)  <0-0001 7-66 (5-22-11-24)  <0-0001
Gynaecological 426 (2:78-6-51) <0-0001 3-66 (2:25-5-94) <0-0001 378 (2:33-6-13) <0-0001
Head and neck 4-54 (3-10-6-65) <0-0001 4-47 (2-89-6-93) <0-0001 4-67 (3-01-7-23) <0-0001
Sarcoma 6-94 (434-11-09)  <0-0001 7-18 (4-34-11-87)  <0-0001 7-47 (4-52-12-35)  <0-0001
Haematological 7-31(5-27-10-14) <0-0001 3-41(2:36-4-93) <0-0001 3-51 (2-:43-5-08) <0-0001
Skin 4-11 (2-37-7-13) <0-0001 3-27 (1-66-6-43) 0-0006 3-42 (1-74-6-73) 0-00037
Brain (malignant) 21-87 (15:53-30-81)  <0-0001 16-96 (11-42-25-18) ~ <0-0001 17-37 (11-69-25-80)  <0-0001
Other primary 12-04 (7-54-19-23)  <0-0001 7-46 (4-45-12:53)  <0-0001 802 (4-78-13-47)  <0-0001
Bone metastasis 3427 (25:16-46-67)  <0-0001 8-85 (6:08-12-88)  <0-0001 9:07 (6-23-13-22)  <0-0001
Brain metastasis 35-53 (26-22-48-15)  <0-0001 10-84 (7-33-16-03) <0-0001 11-28 (7-62-16-70) <0-0001
Other metastasis 19-07 (14-02-25-93)  <0-0001 7-96 (5-51-11-50)  <0-0001 8-24 (5-70-11-90)  <0-0001
Treatment course intent
Curative 1 (ref) - 1 (ref) . 1 (ref)
Oligometastasis ablation 3-99 (3:34-4-77) <0-0001 1-62 (1-25-2-10) 0-0003 1-60 (1-23-2-07) 0-00045
Palliative 8-63 (7-69-9-68) <0-0001 3-38 (2-82-4-04) <0-0001 3-42 (2-:86-4-10) <0-0001
Year treated
2008-15 1 (ref) - 1 (ref) . 1 (ref)
2016-23 0-73 (0-66-0-82) <0-0001 0-79 (0-70-0-90) 0-0002 0-80 (0-71-0-91) 0-00061
Radiation techniquedl
Three-dimensional conformal 1 (ref) - 1 (ref) . 1 (ref)
Intensity modulated radiotherapy 0-63 (0-55-0-72) <0-0001 0-67 (0-56-0-80) <0-0001 0-66 (0-55-0-79) <0-0001
Stereotactic body radiotherapy 0-99 (0-76-1-29) 0-94  0-58 (0-43-0-77) 0-0002 0-58 (0-43-0-77) 0-00023
Stereotactic radiosurgery 2:48 (2:08-2-96) <0-0001 0-86 (0-66-1-12) 0-26 0-87 (0-67-1-13) 0-30
Brachytherapy 0-24 (0-14-0-41) <0-0001 0-49 (0-27-0-88) 0017  0-48 (0-27-0-87) 0-016
Electrons 0-38 (0-25-0-60) <0-0001 0-62 (0-37-1-04) 0-069 059 (0-35-1-00) 0-049
Adaptive 0-46 (0-24-0-85) 0-014  0-46 (0-24-0-88) 0-018  0-44 (0-23-0-85) 0-014
p values were derived from a two-sided Wald test. HR=hazard ratio. *n=3820 with 1412 events (63-0% censored), unless otherwise specified. tn=3478 with 1318 events (62-1%
censored). n=3718. SExcluded from multivariate analysis given significant confounding with cancer site variable. 9In=3576.
Table 2: Univariate and multivariate Cox regression for overall survival—FAHR-FaceSurvival
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A FAD for Maastro-RT patients (n=4892) B FAHR-FaceSurvival Maastro-RT patients (n=4892)
100 100
904 90 -
80+ 80
70 704
Z 604 > 60
3 3
£ 50 £ 50
[ [
= =
£ 40 £ 40
g p=0-016 2 p<0-0001
wv wv
30 30
5-year Kaplan-Meier estimate, % (95% Cl) FAD 5-year Kaplan-Meier estimate, % (95% Cl) FAHR-FaceSurvival
20 732 (63-4-84-6) FAD<-10 20 742 (71-4-77-2) [0-00-0-25)
—— 651 (61-8-68-6) —— ~10<FAD<0 —— 656 (63-0-68-3) — [0-25-0-50)
10 — 60-3(58-0-62-6) —— 0<FAD<10 10 — 51-4(48:5-54-5) — [0-50-0-75)
— 597 (56-4-63-2) — 10<FAD — 391(331-4611) — [0:75-1-00]
0 T T T T T 0 T T T T T
0 1 2 3 4 5 0 1 2 3 4 5
Time (years) Time (years)
Number at risk Number at risk
(censored) (censored)
123(0) 90 (26) 68 (44) 55 (54) 40 (64) 32(71) E 1405(0)  1071(259) 899(369)  727(502)  535(653)  413(750)
=) 1161 (0) 890(176)  725(262)  580(354)  453(448) 343 (525) % g —— 1703(0) 1336 (210) 1111(314) 910(433)  724(568)  573(675)
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— 1103 (0) 840(136) 694(186) 560(263) 445(333) 363 (386) £ — 323(0) 246 (37) 173 (65) 132(82) 93(95) 69 (104)
C  HRs for FAD for Maastro-RT patients (n=4892) HR (95% Cl) p value
FAD (years) vs FAHR-FaceSurvival scatter plot for
! E Maastro-RT patients (n=4892)
FAD (decade) Do—a— 1.09 (1-03-1-16) 0-0045
FAD (decade) adjusted by age : —a— 115(1.08-1-22) <0-0001
FAD (decade) adjusted by age and sex : —a— 120 (1-12-1-27) <0-0001
Fad (decade) adjusted by age, sex, and cancer site . e 113 (1-06-1-20) 0-0003
I T T T 1
1.0 11 1.2 13 14
HR with 95% CI =
D HRs for FAHR-FaceSurvival for Maastro-RT patients (n=4892) HR (95% Cl) p value é
w
FAHR-FaceSurvival (0-1) - 117 (115-1-19) <0-0001
FAHR-FaceSurvival (0-1) adjusted by age : - 112 (1-10-1-15) <0-0001
FAHR-FaceSurvival (0-1) adjusted by age and sex : i 112 (1-09-1-14) <0-0001
FAH R—FaceSl_JrvivaI (0-1) adjusted by age, sex, : - 1.09 (1.06-1-11) <0-0001 . R=016 p<0-0001
and cancer site ! 30 ; ; ; ; ;
i . . . . 0 02 0-4 0-6 0-8 1.0
10 11 12 13 14 FAHR-FaceSurvival
HR with 95% ClI
F  HRs for FAD and FAHR-FaceSurvival for Maastro-RT patients (n=4892) HR (95% Cl) p value AUC of age, FaceAge, and FAHR-FaceAge for survival prediction for
- G Maastro-RT patients age =60 years (n=3458)
FAD (decade) i 1.07 (1-01-1-15) 0-030 0-75 066 Predictor
x ival (0- F .08 (1:06-1- ) . [ Age
FAHR-FaceSurvival (0-1) p 108 (1-06-1-10) <0-0001 063 0-64 B FaceAge
Age (decade) P om 135(1-28-1-42) <0-0001 070 I FAHR-FaceAge
Sex (reference female) :
Male | HH 1.29 (1-15-1.45) <0.0001 065
Cancer site (reference breast) H Y
Gastrointestinal P 1:91(1:55-2:35) <00001 0-60
Lung : [ 5-17 (4-24-6-29) <0-0001
Genitourinary l—ll—i 0-98(0-77-124) 0-87
Head and neck ‘ - 225 (1-78-2-85) <0-0001
Other : - 2:91(2:36-3-59) <0-0001
_;_|—|_
1.0 2.0 5.0 3 months 6 months lyear 2 years
HR with 95% CI Time

(Figure 4 continues on next page)
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Attention maps were generated from the trained models
to understand which regions of the face contribute most to
each individual model’s predictions in all patients from the
Harvard-RT patient test dataset (n=3820). The attention
maps for FAHR-FaceSurvival were localised to regions
below the eyes and including the nasal bridge, as visualised
in figure 3C, and three-dimensional projections onto the
canonical face model in the appendix (p 16), indicating that
these areas are important for predicting patient survival
outcomes. In contrast, the FAHR-FaceAge attention maps
(appendix p 16) predominantly highlighted the nasolabial
folds, forehead, and temporalis area, underlining the
importance of age-related changes in these areas. Age-
stratified attention maps (appendix p 16) illustrate further
the distinct attention for each model: for FAHR-FaceAge,
the regions with high amounts of attention shift over
time, including a heavier emphasis on the temporalis and
forehead areas in older age groups (40 years and onwards),
whereas FAHR-FaceSurvival maintains consistent
attention patterns across all age groups.

The independence of the two models is further quanti-
tatively supported by a low correlation between FAD and
FAHR-FaceSurvival (R 0-22; appendix p 16) and minimal
feature space overlap (median cosine similarity=—0-018,
appendix p 16) in the Harvard-RT patient test dataset.
FAD and FAHR-FaceSurvival showed a low correlation
(R 0-16; figure 4E), showing that the models capture dif-
ferent aspects of patient health from face photographs in
the independent Maastro-RT patient dataset, despite a
shared foundation model.

In a combined Cox model, both FAD (adjusted HR 1-07,
95% CI 1.01-1-15, p=0-030) and FAHR-FaceSurvival
(adjusted HR 1-08, 1-06-1-10, p<0-0001) remained inde-
pendent predictors of survival (figure 4F). Separate Cox
models were fitted for FAD and FAHR-FaceSurvival indi-
vidually, as well as for a combined model, each adjusted for
age, sex, and cancer site. The combined model exhibited a
lower Akaike information criterion (AIC; 26560) relative to
the FAD (AIC 26602) and FAHR-FaceSurvival models (AIC
26563), indicating superior model fit.

Discussion

Our study advances non-invasive health assessment by
quantitatively analysing facial images by use of a founda-
tion model trained on over 40 million unlabelled facial
photographs. Leveraging masked autoencoders and self-
supervised learning, our FAHR-FaceAge model showed
superior performance and generalisability in biological age
estimation compared with previous models, and we
showed that the foundation model can enable training of a
clinical outcomes-specific facial health algorithm, FAHR-
FaceSurvival, overcoming limitations related to clinical
dataset size and generalisability. To our knowledge, this is
the first report of an Al algorithm that can directly predict
cancer patient survival from a simple face photograph.
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H FaceAge minus age (per decade) for Maastro-RT patients HR (95% CI) p value
age 260 years (n=3458)
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Figure 4: Prognostic performance of FAD and FAHR-FaceSurvival on the external validation dataset

(A) Kaplan-Meier survival curves stratified by FAD groups. Patients with lower FAD values showed higher survival
probabilities. The 5-year Kaplan-Meier estimates (95% Cl) are provided for each group, with two-sided log-rank
p values. (B) Kaplan-Meier survival curves stratified by FAHR-FaceSurvival. Lower FAHR-FaceSurvival was
associated with higher survival probabilities. The 5-year Kaplan-Meier estimates (95% Cl) are shown for each
group, with two-sided log-rank p values. (C) Forest plot showing HRs with 95% Cls for FAD (per decade) in
univariate and multivariate analyses, with two-sided Wald test p values. FAD remained a significant predictor
of survival after adjusting for age, sex, and cancer site. (D) Forest plot displaying HRs with 95% Cls for FAHR-
FaceSurvival (per 0-1 unit) in univariate and multivariate analyses, with two-sided Wald test p values. FAHR-
FaceSurvival maintained significant prognostic value after adjusting for age, sex, and cancer site. (E) Scatter
plot illustrating the relationship between FAD (years) and FAHR-FaceSurvival. The low but significant
correlation (R=0-16; p<0-0001, two-sided Pearson correlation test) suggests that these measures capture
different aspects of patient health. (F) Forest plot comparing HRs with 95% Cls for FAD, FAHR-FaceSurvival,
age, sex, and cancer site in a multivariate analysis, with two-sided Wald test p values. Both FAD and FAHR-
FaceSurvival remained significant predictors when considered in the same Cox model. (G) AUC of age,
FaceAge,'® and FAHR-FaceAge for survival prediction in those in the Maastro-RT patient dataset aged 60 years
and older (n=3458). AUC values were calculated at four timepoints: 3 months, 6 months, 1 year, and 2 years.
FAHR-FaceAge consistently showed superior predictive performance across all timepoints, followed by
FaceAge,™® with both outperforming chronological age. The analysis was restricted to patients aged 60 years
and older because the FaceAge® model was only trained and validated for individuals aged 60 years and older.
Error bars indicate 95% Cls obtained from non-parametric bootstrap with 1000 resamples at the patient level.
(H) Forest plot showing HRs with 95% Cls for FaceAge™® minus age (per decade) in univariate and multivariate
Cox models among those in the Maastro-RT patient dataset aged 60 years and older (n=3458), with two-sided
Wald test p values. FaceAge minus age (per decade) remained a significant predictor of survival after
adjustment for age, sex, and cancer site, although the effect size was smaller than for FAD and FAHR-
FaceSurvival. (I) Forest plot displaying HRs with 95% Cls from a combined multivariate Cox model including
FAD (per decade), FaceAge® minus age (per decade), FAHR-FaceSurvival (per 0-1 unit), age, sex, and cancer site
for those in the Maastro-RT patient dataset aged 60 years and older (n=3458), with two-sided Wald test

p values. In this joint model, FAD and FAHR-FaceSurvival remained independently associated with survival,
while FaceAge® minus age was no longer significant. AUC=area under the receiver operating characteristic
curve. DCIS=ductal carcinoma in situ. FAD=FAHR-FaceAge deviation (FAHR-FaceAge minus chronological age).
HR=hazard ratio. Maastro-RT=Maastro radiotherapy.
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Unlike previous models, which rely on specialised
imaging,® our approach effectively uses low-cost, easily
acquired consumer-grade facial photographs, which
broadens clinical applicability.

Compared with our previously published FaceAge'
model, which was developed primarily for patients aged
60 years and older in a mostly White cohort, FAHR-
FaceAge is built from a foundation model pretrained on
more than 40 million faces and age-balanced fine-tuning
that spans the full lifespan and all major racial groups.
Across every age group and race subgroup we evaluated, the
FAD biomarker derived from FAHR-FaceAge showed
consistent survival associations for patients who appeared
both younger and older than their chronological age, which
was not achievable with the previous FaceAge model,
particularly in patients younger than 60 years and in Black
and other racial subgroups.

Our findings suggest that facial features encode both
physiological ageing and imminent mortality risk, showing
that consumer-grade photographs carry multiple physio-
logical health signals. Despite their shared backbone,
FAHR-FaceAge and FAHR-FaceSurvival offer non-
overlapping prognostic information, as supported by
attention mapping and multivariate analyses. Attention
maps showed their independence; FAHR-FaceSurvival
concentrates on the area under the eyes and around the
nose, which are regions of the face linked with dying,*
whereas FAHR-FaceAge maps to nasolabial folds and
temples, which are regions associated with ageing.?***
Furthermore, the clinical use cases are complementary as
well: FAD, given in years, is intuitive and can track ageing or
be incorporated into clinical risk stratification tools,
whereas FAHR-FaceSurvival might be best suited for near-
term mortality prediction.

The growing population of older people makes rapid
frailty assessment essential for treatment planning?
FAHR-Face models could complement or enhance trad-
itional risk calculators, especially where formal assess-
ments (eg, frailty scales, grip-strength, or the Timed Up and
Go test)* are impractical. A single facial photograph ana-
lysed by our FAHR-Face models provides a non-invasive,
inexpensive alternative that can flag patients unlikely to
tolerate aggressive therapy, improving resource allocation
and quality of life.?® As facial features also reflect behav-
iours such as smoking and alcohol use,** the same tool can
track lifestyle change or anti-ageing interventions, offering
immediate feedback.

Limitations of our study include cancer-only cohorts from
mainly centres in high-income countries, which might
restrict generalisability to other diseases, regions, and
under-represented racial groups. Image quality, lighting,
and facial expression can still affect accuracy, underscoring
the importance of standardised photograph capture.®
Residual demographic bias across racial, ethnic, and age
groups also remains a risk, so wider representation, clear
regulation and governance, validation in broader cohorts,
integration with other biomarkers, and prospective trials that

confirm clinical benefit and inform practical capture stand-
ards and clinician training are needed. The clinical role of
FAHR-FaceAge and FAHR-FaceSurvival should be refined
in further prospective trials that test their use alongside
standard prognostic models.

In conclusion, our study shows that quantifying imaging
biomarkers from facial photographs through a foundation
model approach offers a transformative and accessible
method for assessing overall health status and predicting
survival outcomes. The foundation model approach provides
the ability to train multiple independent models to predict
health outcomes, even when relatively limited labelled clin-
ical data are used, which will broaden the potential clinical
applications of facial health assessments.
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