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Identification of predictive subphenotypes
for clinical outcomes using real world data
and machine learning

Weishen Pan1, Deep Hathi2, Zhenxing Xu1, Qiannan Zhang1, Ying Li2 &
Fei Wang 1

Predicting treatment response is an important problem in real-world appli-
cations, where the heterogeneity of the treatment response remains a sig-
nificant challenge in practice. Unsupervised machine learning methods have
been proposed to address this challenge by clustering patients with similar
electronic health record (EHR) data. However, they cannot guarantee coherent
outcomes within the groups. Here, we propose Graph-Encoded Mixture Sur-
vival (GEMS) as a general machine learning framework to identify distinct
predictive subphenotypes that guarantee coherent survival and baseline
characteristics within each subphenotype. We apply our method to a real-
world dataset of advanced non-small cell lung cancer (aNSCLC) patients
receivingfirst-line immunecheckpoint inhibitor (ICI) therapy topredict overall
survival (OS). Our method outperforms baseline methods for predicting OS
and identifies three reproducible subphenotypes associated with distinct
baseline clinical characteristics and OS. Our results demonstrate that our
method can provide insights in the heterogeneity of treatment response and
potentially influence treatment selection.

Non-small cell lung cancer (NSCLC) is characterized by highly het-
erogeneous pathophysiology driven by differential biomarker
expression in the tumor and surroundingmicroenvironment, immune
response, and histology1. NSCLC constitutes 80-85% of all lung can-
cers, with 75% diagnosed in advanced stages, resulting in a 5-year
survival rate of 26.4%2. Heterogeneity has also been observed across
NSCLC patients in the incidence of underlying conditions, such as
comorbidity burden and concomitant medication use. Despite tre-
mendous progress in improving outcomes through immuno-oncology
and other targeted approaches, the response remains heterogeneous.

To account for the complexity of diseases and individual vari-
abilities, prediction medicine has been proposed with the goal of
providing the right patient with the right treatment at the right time3.
Data at different granularities, including omics, clinical, and environ-
mental data, are required to comprehensively understand patients’
health conditions to achieve precisionmedicine. In addition to several

national and international initiatives, including all-of-us4 and UK
Biobank5, large-scale biomedical data have been collected over the
years of scientific research and clinical practice6–8, and machine
learning methods have been developed and employed for extracting
insights9,10. These efforts have provided unprecedented resources and
opportunities for transforming medicine.

However, there are challenges for developing individualized
treatments arising from the heterogeneity of patient conditions, lim-
ited understanding of disease mechanisms, and imperfect capture of
relevant patient biomarkers. As an intermediate step, stratified
medicine11 is an approach that identifies patient groups according to
existing information, such as genetic markers12–14, to ensure similar
patient characteristics and response to treatment. Alternate approa-
ches for deriving patient groups from data include unsupervised
machine learning15–17, although these methods cannot guarantee
coherent outcomes within the groups.
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In this work, we propose a general machine learning framework
called Graph-Encoded Mixture Survival model (GEMS) to identify
predictive subphenotypes from patient electronic health records
(EHR). Each predictive subphenotype is a group of patients that shares
similar baseline clinical characteristics and coherent within-group
overall survival (OS), while ensuring distinct OS compared to other
subphenotypes. GEMS was applied on a cohort of advanced NSCLC
(aNSCLC) patients derived from a large US oncology EHR database.

Our method yields superior quantitative performance in predicting
individual treatment response compared to existing methods and
identifies three predictive subphenotypes with distinct OS patterns.

Results
Overview of the framework
The overall workflow of our study is illustrated in Fig. 1. We con-
structed a cohort of aNSCLC patients treated with first-line (1 L)
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Fig. 1 | Data curationandthealgorithmpipeline. aConstructionof the full cohort
and development and validation sub-cohorts. b Data preprocessing by extracting
the feature vectors of patients from the EHR data. c Model deployment and deri-
vation of subphenotypes in the development cohort. Our proposed model
extracted efficient patient representations, clustered the patients into sub-
phenotypes, and predicted survival distributions. d Model evaluation and repro-
duction of the subphenotypes on the validation cohort. Further analyses were

conducted to interpret subphenotypes in both development and validation
cohorts. ICI immune checkpoint inhibitor, NSCLC non-small cell lung cancer, GNN
graph neural network. The microscope icon was made by iconnut, the health chart
by Awicon, the medicine, syringe, and standing-up man by Freepik, and the neural
network by pojok d, all obtained from Flaticon (www.flaticon.com) under appro-
priate licenses.
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immune checkpoint inhibitor (ICI)-based therapies using a US oncol-
ogy EHR database (ConcertAI Patient360™ NSCLC dataset; Jan
2015–Jan 2023)18. Each patient is represented by a 104-dimensional
vector, with each dimension representing a variable extracted from
their EHRs, including demographics, laboratory tests, vital signs,
comorbidities, metastases, and medications (Fig. 1b, see Methods for
more details).

Our proposed model (GEMS) identifies patient groups as pre-
dictive subphenotypes associated with distinct real-world OS profiles
(Fig. 1c). GEMS employs a Graph Neural Network (GNN) Encoder19 to
effectively derive patient representations. Encoded patient repre-
sentations are fed into a Clustering Module to cluster patients into
predictive subphenotypes, which are used as base components in a
Mixture Survival Predictor. The trained GEMS model was used to
derive the predictive subphenotypes of ICI-treated aNSCLC
patients (Fig. 1d).

Study cohort
Our study leveraged a retrospective, observational cohort sourced
from deidentified data from the ConcertAI Patient360™ NSCLC
dataset of histologically confirmed NSCLC patients (n = 17,265)
between Jan 2015 and Jan 2023. There were 4666 patients included in
this study, following the application of the inclusion/exclusion cri-
teria and removing patients lacking valid OS records (Supplementary
Fig. 1). This cohort had a mean (standard deviation) age of
68.69 ± 8.50 years, with 43.77% female (n = 2042) and 81.37% white
(n = 3797). The median ([Q1, Q3]) OS was 314 [117, 684] days,

observed among 71.09%of patients (n = 3317) that experienced death
events.

We divided the cohort into model development and validation
sub-cohorts based on US Census Bureau-defined geographic regions
of the clinical institutions. Patients from the Northeast, South, and
West regions were included in the sub-cohort (n = 3225, 69.12%) used
for model development, while patients from the Midwest region
(n = 1441, 30.88%) were used for independent validation. The devel-
opment and validation sub-cohorts had similar demographics,
including age (development, 68.68 ± 8.35; validation, 68.70 ± 8.80
years) and gender (43.54%; 44.27% female), while there was a higher
proportion of white patients (validation, 88.75%; development,
78.08%) and patients from community institutions (93.62%; 84.99%) in
the validation sub-cohort. Detailed summary statistics of the full
cohort and the two sub-cohorts are provided in Table 1.

Quantitative performance
We compared the quantitative performance between GEMS and a set
of baselinemethods for predictingOS using the concordance index (c-
index) as the performancemetric20 (seeMethods formore details).We
also reported the pairwise log-rank score21 for clusteringmethods. The
baseline models included Cox proportional hazards regression
(CPH)22, accelerated failure time (AFT)23, survival support vector
machine (SSVM)24, gradient boosted decision trees (GBDT)25, and
neural survival clustering (NSC)26. Additionally, we compared GEMS to
unsupervised learning approaches, specifically K-means and hier-
archical agglomerative clustering27. For each method, we trained the

Table 1 | Patient characteristics of the full ConcertAI cohort and development and validation sub-cohorts

Variables Full cohort Development sub-cohort Validation sub-cohort
(n = 4666) (n = 3225) (n = 1441)

Age at aNSCLC diagnosis, years, mean ± SD 68.69 ± 8.50 68.68 ± 8.35 68.70 ± 8.80

Gender, n (%)

Female 2042 (43.77%) 1404 (43.54%) 638 (44.27%)

Male 2624 (56.23%) 1821 (56.46%) 803 (55.73%)

Race, n (%)

White 3797 (81.37%) 2518 (78.08%) 1279 (88.75%)

Non-White 869 (18.63%) 707 (21.92%) 162 (11.24%)

Practice type, n (%)

Academic 576 (12.34%) 484 (15.01%) 92 (6.38%)

Community 4090 (87.66%) 2471 (84.99%) 1349 (93.62%)

Smoking status, n (%)

History of smoking 4197 (89.95%) 2890 (89.61%) 1307 (90.70%)

No history of smoking 412 (8.83%) 296 (9.18%) 116 (8.05%)

Stage at initial diagnosis of NSCLC, n (%)

Stage 1 440 (9.43%) 289 (8.96%) 151 (10.48%)

Stage 2 198 (4.24%) 136 (4.21%) 62 (4.30%)

Stage 3 541 (11.59%) 370 (11.47%) 171 (11.87%)

Stage 4 3487 (74.73%) 2430 (75.35%) 1057 (73.35%)

Treatment, n (%)

ICI only 1712 (36.7%) 1210 (37.5%) 502 (34.8%)

ICI + chemotherapy 2919 (62.6%) 1988 (61.6%) 931 (64.6%)

ICI + chemotherapy + other targeted agents (anti-HER2/
anti-VEGF)

35 (0.7%) 27 (0.8%) 8 (0.5%)

Outcome

Overall Survival days, mean ± SD 479 ± 485 489 ± 494 459 ± 464

Overall Survival days, median (Q1-Q3) 314 (117, 684) 320 (122, 696) 299 (109, 654)

Observed events, n (%) 3317 (71.09%) 2,273 (70.48%) 1044 (72.45%)

NSCLC non-small cell lung cancer, aNSCLC advanced non-small cell lung cancer, SD standard deviation, ICI immune checkpoint inhibitor,HER2 human epidermal growth factor receptor-2, VEGF
vascular endothelial growth factor.
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model on the development cohort and evaluated the performance on
the validation cohort.

The GEMS model achieved a mean c-index of 0.665 (95% con-
fidence interval (CI): 0.662 – 0.667), compared to the best baseline
c-index of 0.652 (95% CI: 0.650 – 0.655) achieved by GBDT (Table 2).
The log-rank scoreobtainedbyGEMSwas69.17 (95%CI: 58.98– 76.98),
compared to the best baseline log-rank score of 56.23 (95% CI: 50.36 –

62.77) obtained by NSC. GEMS also outperformed unsupervised clus-
tering baseline methods (K-means and hierarchical agglomerative
clustering), highlighting the effectiveness of our framework in lever-
aging supervision from the data. Similarly, GEMS exhibited higher
cross-validation c-index and pairwise log-rank scores compared to
base methods in the development cohort (Supplementary Table 1).

We also evaluated the models for predicting time to progression
or death from any cause (progression-free survival; PFS). To fit the
GEMS model for PFS, we fine-tuned the survival prediction module to
predict PFS, while keeping the GNN encoder and clustering modules
fixed. TheGEMSmethodoutperformedbaselinemodels in c-index and
pairwise log-rank scores for predicting PFS (Supplementary Table 2).

We conducted a set of ablation studies to evaluate the impact of
each module in the GEMS pipeline (Fig. 1c) and the training loss
function on model performance. We compared the performance
between GEMS and the following variants: (1) directly feeding the
original patient feature vector to the cluster module; (2) replacing the
GNN encoder with a multilayer perceptron (MLP) encoder; (3) elim-
inating clustering and significance loss; or (4) eliminating the sig-
nificance loss from the loss function (see Methods for more details of
the encoder and loss functions). Quantitative performance results of
these ablation studies are shown in Supplementary Table 3. We
observed that GEMS outperformed models without an encoder or
using the MLP encoder, which suggests the value of considering the
graph structure among the patient vectors. The GEMS model also
outperformed models lacking clustering or significance loss terms.

We further characterized the effect of the GNN encoder on GEMS
by visualizing patients and their GNN encoder-derived representations
using uniform manifold approximation and projection28 (UMAP). We
leveraged the scDEED algorithm29 to find the optimal hyperparameters
for UMAP, as UMAP may not preserve global structure with inap-
propriate hyperparameters. Patients with different OS time are dis-
tinctly separated in UMAP space for the GNN encoder representations,
compared to the original feature space where they are inter-
mixed (Fig. 2).

Predictive subphenotypes
We identified three predictive subphenotypes from the development
sub-cohort. Demographics, smoking history, and OS statistics for each
subphenotype are summarized in Table 3, with detailed baseline clin-
ical characteristics in Supplementary Data 1. The OS Kaplan–Meier
curves of the three subphenotypes are shown in Fig. 3a, and the inci-
dence and co-incidence patterns on medications, metastasis, comor-
bidities, as well as clinical lab tests and vital signswith abnormal results
across the 3 subphenotypes, are presented in Fig. 3b–d.

Among the subphenotypes, Subphenotype 1 (n = 1335, 42%) had
the highest proportion of females (55.50%) and the highest mean OS
(688 days) (Table 3). Patients in this group exhibited the lowest med-
ication administration rates for cough suppressants and expectorants
(30.04%), beta-blocking agents (21.62%), general anesthetics (17.56%),
angiotensin-converting enzyme (ACE) inhibitor combinations

Table 2 | Results of overall survival prediction (concordance
index) and clustering (pairwise log-rank score) with 95%
confidence intervals in the validation cohort

Method Clustering Concordance index (↑) Pairwise log-rank
score (↑)

CPH ✖ 0.651 (0.650, 0.652) -

AFT ✖ 0.647 (0.645, 0.649] -

SSVM ✖ 0.651 (0.648, 0.654) -

GBDT ✖ 0.652 (0.650, 0.655] -

K-Means ✓ 0.584 (0.561, 0.593) 41.97 (39.27, 44.33)

HAC ✓ 0.572 (0.568, 0.575) 30.01 (25.07, 36.27)

NSC ✓ 0.650 (0.647, 0.652) 56.23 (50.36, 62.77)

GEMS ✓ 0.665 (0.662, 0.667) 69.17 (58.98, 76.98)

The bold type indicates the best performance.
AFT accelerated failure time, CPH Cox proportional hazard, SSVM survival support vector
machine, GBDT gradient-boosted decision trees, HAC Hierarchical Agglomerative Clustering,
NSC Neural Survival Clustering, GEMS Graph-Encoded Mixture Survival.
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(44.58%), and antithrombotic agents (62.88%) (Fig. 3b). Subphenotype
1 patients also had lowest rates of bone (18.38%), adrenal gland
(10.55%), and brain (18.75%) metastases (Fig. 3c, left). Finally, Sub-
phenotype 1 exhibited the lowest proportion of patients with fluid
electrolyte disorders (3.39%), congestive heart failure (4.13%), and
diabetes (10.04%), and the lowest proportion of patients with abnor-
mal renal clinical results (8.83%) (Fig. 3c, middle-right).

Subphenotype 2 (n = 420, 14%) had the lowest proportion of
females (33.78%) among the three subphenotypes and mean OS of
454 days (Table 3). The hazard rate, or the speed of decrease in OS
probability, for Subphenotype 2 was moderate in the first 500 days
after 1 L initiation and subsequently peaked with disease progression
(500-1000 days) (Fig. 3a). The proportion of patients with liver
metastases (5.17%) was similar to Suphenotype 1 (4.67%) and lower
than Subphenotype 2 (31.20%) (Fig. 3c, left). Patients in Subphenotype
2 exhibited moderate comorbidity burden and abnormal clinical
results compared to the other subphenotypes, although proportion of
patients with congestive heart failure was similar to Subphenotype 3
(8.67% and 8.73%, respectively).

Finally, Subphenotype 3 (n = 1420, 44%) was 35.21% female and
had the lowestmeanOS (321 days) among the subphenotypes. Patients
in this subphenotype had the highest rates of medication administra-
tion (Fig. 3b), metastases to the liver (31.20%), bone (51.48%), adrenal
gland (16.90%), and brain (25.77%), and baseline comorbidity burden
for fluid electrolyte disorders (8.31%) and diabetes (15.14%) (Fig. 3c,
left-middle). The proportion of patients with abnormal inflammatory
(12.81%), hepatic (9.07%), and renal (21.43%) clinical results were
highest for this subphenotype (Fig. 3c, right). Similarly, the co-
incidence rates of metastases, comorbidities, and abnormal clinical
tests in Subphenotype 3 were the highest amongst the sub-
phenotypes (Fig. 3d).

Subphenotype reproducibility in the validation cohort
Subphenotypes were derived in the validation sub-cohort using the
model trained from the development cohort. Demographics, smoking

history, and OS statistics for each subphenotype are summarized in
Table 4, with detailed baseline clinical characteristics in Supplemen-
tary Data 2.

Figure 4 describes the OS Kaplan–Meier curves, the association
and co-incidence of baseline clinical characteristics for the validation
cohort across subphenotypes. Subphenotype 1 (n = 586, 40.67%) had
the highest mean OS (617 days) and the highest proportion of
females (58.02%). Patients in Subphenotype 1 exhibited the lowest
rates of metastasis across all sites, minimal comorbidity burdens for
fluid electrolyte disorders and congestive heart failure, fewest
abnormal values on renal tests, and lowest levels of medication
administration. Subphenotype 2 (n = 224, 15.54%) had a lower pro-
portion of females (40.62%) compared to Subphenotype 1 and
moderate mean OS (473 days). Notably, its hazard rate was lowest
within first 500 days of 1 L initiation and peaked with disease pro-
gression (500-1000 days), mirroring the trend observed in the
development cohort. Subphenotype 2 had a low rate of liver
metastasis (5.80%), while other characteristics, including metastasis
sites, comorbidity burden, and abnormal clinical signs were moder-
ate. Finally, Subphenotype 3 (n = 631, 43.79%) had the lowest mean
OS (307 days) and the lowest proportion of females (32.81%). Patients
in this subphenotype had the highest rates of metastases, comor-
bidity burden, and abnormal clinical results.

In summary, our results in the validation sub-cohort exhibit
similar trends to those derived in the development sub-cohort, indi-
cating stability and reproducibility of the predicted subphenotypes.
OS and baseline clinical and demographic characteristics are also
similar between the sub-cohorts across subphenotypes.

Prediction of subphenotype membership using top features
To further understand the different characteristics across the sub-
phenotypes, we tested the differences of each variable across the
subphenotypes, ranked the variables based on the p-value (Supple-
mentary Data 1), and selected the top 15 features on the development
cohort for analysis. We compared the value distributions of these

Table 3 | Demographics, smoking history, and overall survival (OS) statistics across subphenotypes in the development
sub-cohort

Variables Subphenotype 1 Subphenotype 2 Subphenotype 3 P-value Post-hoc pair-wise analysis with p-value <0.05

Patients, n (%) 1355 (42.0%) 450 (14.0%) 1420 (44.0%)

Age at index date, years, mean ± SD 68.71 ± 9.39 68.77 ± 9.54 68.64± 9.28 0.966 -

Gender, n (%) 1.61E-29 1 vs. 2, 1 vs. 3

Female 752 (55.50%) 152 (33.78%) 500 (35.21%)

Male 603 (44.50%) 298 (66.22%) 920 (64.79%)

Race, n (%) 0.321 -

White 1051 (77.56%) 342 (76.00%) 1125 (79.23%)

Non-White 304 (22.44%) 108 (24.00%) 295 (20.77%)

Practice type, n (%) 3.47E-06 1 vs.2, 2 vs. 3, 1 vs. 3

Academic 209 (15.42%) 100 (22.22%) 175 (12.32%)

Community 1146 (84.58%) 350 (77.78%) 1245 (87.68%)

Smoking status, n (%) 0.181 -

History of smoking 1201 (88.63%) 407 (90.44%) 1282 (90.28%)

No history of smoking 139 (10.26%) 34 (7.56%) 123 (8.66%)

Overall Survival 1.11E-40 1 vs. 2, 2 vs. 3, 1 vs. 3

Survival days, mean ± SD 676 ± 543 454± 446 321 ± 387

Survival days, median (Q1-Q3) 516 (248, 982) 305 (137, 611) 180 (60, 442)

Observed events, n (%) 795 (58.67%) 341 (75.78%) 1137 (80.07%)

P-value: The p value was computed by testing differences of each variable across the three subphenotypes. Continuous normally and non-normally distributed variables were tested using one-way
analysis of variance or Kruskal–Wallis tests, respectively, and categorical variables were tested using the one-sided Fisher’s exact test. Post-hoc pairwise analysis: If the overallp-value across groups
wasstatistically significant (p < 0.05) for a variable, post-hocpairwise analysiswasperformed to identify pairwise significance.Continuousnormal andnon-normal variableswere testedusing Tukeyʼs
honestly significant difference or pairwiseWilcoxon rank sum test, respectively, and categorical variables were tested by pairwise Fisherʼs test. For instance, 1 vs. 2 indicates statistically significant
differences between subphenotypes 1 and 2 on the variable with p <0.05. SD standard deviation.
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features across subphenotypes (Fig. 5a) and employed Shapley Addi-
tive Explanations (SHAP)30 to quantify their impact on predicting
subphenotype memberships (Fig. 5b).

Of these 15 predictors, the Eastern Cooperative Oncology Group
performance status (ECOG-PS) and total metastasis sites were con-
sistently the top predictors for predicting subphenotypemembership.

Among the subphenotypes, Subphenotype 1 had the highest propor-
tion of patients (90.2%) with ECOG-PS < 2 (90.2%) and total metastases
<2 (87.7%), while Subphenotype 3 had highest proportion of patients
with ECOG-PS ≥ 2 (44.0%) and total metastasis sites ≥ 2 (49.04%).
Subphenotype 3 also exhibited a higher rate of liver metastasis
(31.20%) than Subphenotypes 1 (4.67%) and 2 (5.17%). Subphenotype 2
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had the highest proportion of patients with ECOG-PS = 1 (50.1%) and a
single metastasis site (58.6%). Other top predictors included baseline
laboratory test and vital signs. The neutrophil-to-lymphocyte ratio
(NLR) and neutrophil and monocytes to lymphocytes ratio (NMLR)
were key features distinguishing Subphenotype 2 from the other
subphenotypes. Relative to Subphenotype 2, normal albumin levels,
increased proportion of female patients, increased hematocrit, and
reduced serum creatinine were key predictors of Subphenotype 1,
while elevated heart rate, reduced oxygen saturation, increased alka-
line phosphatase, and high white blood cell (WBC) counts were key
predictors of Subphenotype 3.

Discussion
In this study, we developed a general framework called GEMS to derive
predictive subphenotypes that ensure the consistency of clinical
characteristics and survival outcomes for patients in each sub-
phenotype. We applied our framework to an EHR cohort of aNSCLC
patients receiving 1 L ICI-based treatment and derived three distinct
subphenotypes for predicting OS. These subphenotypes were con-
sistent in their demographics, clinical characteristics, and OS between
the geographically distinct development and validation sub-cohorts,
indicating stability and reproducibility of our results.

Subphenotypes 1 and 3 comprised the majority of the patients in
our study and corresponded to subpopulations with mild and severe
baseline clinical characteristics, respectively. Subphenotype 1 (devel-
opment, 42%; validation, 40.67%) had the highest proportion of female
patients, lowest medication usage, lower rates of metastases and
comorbidities, and fewer abnormal clinical test results compared to
the other subphenotypes. Patients in this subphenotype were asso-
ciated with the highest OS. By contrast, subphenotype 3 (44%; 43.79%)
had more male patients with the highest rates of metastases and
comorbidities and exhibited the largest proportion of patients with
abnormal clinical test results. Patients in this subphenotype were
associated with the lowest OS. Finally, Subphenotype 2 (14.40%;
15.54%) had the fewest patients amongst the three subphenotypes,

with moderate baseline clinical characteristics and OS. Interestingly,
the hazard rate in this subpopulation changed from moderate in the
first 500 days following 1 L initiation to the highest amongst the sub-
phenotypes with disease progression (500-1000 days). The identified
subphenotypes were highly consistent across the development and
validation cohorts, which were from different geographical regions.

SHAP analysis of top predictors of subphenotype membership
was further used to understand differences between subphenotypes.
These predictors have also been reported to be correlated with OS31.
ECOG-PS and a total number of metastasis sites were key predictors of
subphenotypes membership. This aligns with existing research indi-
cating ECOG-PS as a prognostic factor for OS in aNSCLC32,33. The pre-
senceofmetastases, especially livermetastases, hasalsobeen linked to
poor OS in aNSCLC patients compared to those without
metastases34,35. NLR andNMLRdistinguishedSubphenotype 2 from the
other subphenotypes and have been reported as indicators of poor
response to ICI therapy. Notably, the median ([Q1, Q3]) of NLR for
Subphenotype 2 was 4.87 (3.57, 6.24), which encompasses previously
reported clinically significant NLR thresholds of 3.9836, 537, and 5.238.
Compared to the other subphenotypes, patients in Subphenotype 2
were associated with poorer renal function, as evidenced by hypoal-
buminuria and high serum creatinine, reduced red blood cell counts,
and better cardiovascular function through normal heart rate and
oxygen saturation. Oxygen saturation is an indicator of hypoxemia,
which can reduce the effectiveness of ICI therapy39. We also observed
alkaline phosphatase as a key predictor for Subphenotype 3, which has
been identified as a biomarker of ICI treatment response in NSCLC
patients that are associated with liver and bone metastases40. The
interactions among these features suggest more complex pathophy-
siological mechanisms within the subphenotypes. For example,
patients with mild to moderate renal insufficiency were observed to
have lower hematocrit, while such association is even larger in men41.
The above findings were consistent with the validation cohort (Sup-
plementary Fig. 2). Similar results were obtainedwhen the analysis was
stratified by ECOG-PS and total metastases (Supplementary Fig. 3-8).

Table 4 | Characteristics of demographic features and survival outcomes across different subphenotypes in the
validation cohort

Variables Subphenotype 1 Subphenotype 2 Subphenotype 3 P-value Post-hoc pair-wise analysis with p-value <0.05

Patients, n (%) 586 (40.67%) 224 (15.54%) 631 (43.79%)

Age at index date, years, mean ± SD 68.37 ± 9.94 68.68 ± 9.23 69.01 ± 9.82 0.628 -

Gender, n (%) 4.59E−17 1 vs. 2, 2 vs. 3, 1 vs. 3

Female 340 (58.02%) 91 (40.62%) 207 (32.81%)

Male 246 (41.98%) 133 (59.38%) 424 (67.19%)

Race, n (%) 0.903 -

White 523 (89.25%) 198 (88.39%) 558 (88.43%)

Non-White 63 (10.75%) 26 (11.61%) 73 (11.57%)

Practice type, n (%) 0.083 -

Academic 30 (5.12%) 11 (4.91%) 51 (8.08%)

Community 556 (94.88%) 213 (95.09%) 580 (91.92%)

Smoking status, n (%) 0.073 -

History of smoking 519 (88.57%) 208 (92.86%) 580 (91.92%)

No history of smoking 59 (10.07%) 13 (5.80%) 44 (6.97%)

Overall Survival 8.53E-17 1 vs. 2, 2 vs. 3, 1 vs. 3

Survival days, mean ± SD 617 ± 490 473 ± 468 307 ± 378

Survival days, median (Q1-Q3) 481 (245, 851) 319 (135, 675)) 164 (61, 383)

Observed events, n (%) 360 (61.43%) 171 (76.34%) 513 (81.30%)

P-value: The p value was computed by testing differences of each variable across the three subphenotypes. Continuous normally and non-normally distributed variables were tested using one-way
analysis of variance or Kruskal–Wallis tests, respectively, and categorical variables were tested using the one-sided Fisher’s exact test. Post-hoc pairwise analysis: If the overall p-value across groups
wasstatistically significant (p < 0.05) for a variable, post-hocpairwise analysiswasperformed to identify pairwise significance.Continuousnormal andnon-normal variableswere testedusing Tukeyʼs
honestly significant difference or pairwiseWilcoxon rank sum test, respectively, and categorical variables were tested by pairwise Fisherʼs test. For instance, 1 vs. 2 indicates statistically significant
differences between subphenotypes 1 and 2 on the variable with p <0.05. SD standard deviation.
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Our study has several strengths. First, the subphenotypes were
derived based on the supervision of the OS outcome. Thus, distribu-
tions of OSwere guaranteed to be coherent within each subphenotype
anddistinct across subphenotypes. Second,we divided the cohort into
development and validation cohorts derived from distinct geographic
regions in the United States. The consistent characteristics of the

subphenotypes across cohorts validated the robustness of the derived
subphenotypes. Third, the identified subphenotypes have distinct and
clinically meaningful characteristics, which are supported by existing
studies in aNSCLC. Finally, as the data format is generalizable as a
feature vector and the training process is data-driven, our proposed
framework can be applied to other disease analyses.
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Fig. 4 | Comparison across the subphenotypes on the validation cohort.
a Kaplan–Meier curves for overall survival (OS) for each subphenotype. The sur-
vival probabilities are shown by solid lines, and the shaded areas represent 95%
confidence intervals around the curves. P-values are indicated in the figures; the
numbers of samples to generate the curves are shown in the figures. b Group
sunburst plot of administration rates of the medications across subphenotypes.
The groups indexed by letters are determined based on the third level of anato-
mical therapeutic chemical (ATC3) class. c Chord diagrams of differences in
metastasis (left), comorbidities (middle), and abnormal clinical feature classes

(right) across subphenotypes. Ribbons indicate the normalized proportion of
patients from a subphenotype to the corresponding feature class. d Graph of co-
incidence patterns across subphenotypes. Each node within the network repre-
sents a specific feature, with its size proportional to the incidence within the par-
ticular subphenotype. The edge connecting a pair of nodes indicates the co-
incidence of a corresponding feature pair, with the thickness proportional to the
co-incidence rate; lines are displayed if the rate exceeds 5%. CHF congestive heart
failure, FED fluid electrolyte disorders, CPD chronic pulmonary disease. Source
data are provided with this paper.
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Our study also had some limitations. First, the subphenotypes
derived from our method were determined based on the association
between the features and the treatment response. Thus, the results did
not lead to any causal conclusions. Identifying causality-based sub-
phenotypes could be a valuable future research direction. Second, our
study on aNSCLC was based on observational EHR data, which cannot
explain the biological mechanisms behind aNSCLC. Third, we extrac-
ted information from structured and curated unstructured data with-
out fully leveraging raw unstructured data such as physician notes,
images, or reports. Fourth, comorbidities were determined using

diagnosis codes, which may be miscoded and may not fully capture a
patient’s actual comorbidity status. Furthermore, it is known that
oncology EHR databases often suffer from under-reporting of con-
comitant medications, comorbidities, and tumor genomic profiling.
Enhancing the current EHR database through tokenization and inte-
gration with claims databases could prove to be valuable. Sixth, due to
lack of access to a non-ICI cohort, our study on aNSCLCwas conducted
exclusively within patients that received 1 L ICI. Consequently, the
analysis is applicable only to patients receiving ICI therapy. Finally, our
method used the most recent lab test and vital sign values prior to the

a

HighLow

Subphenotype 1 (n = 1,355) Subphenotype 3 (n = 1,420)Subphenotype 2 (n = 450)

b Subphenotype 3Subphenotype 1 Subphenotype 2

Fig. 5 | Analysis of the top 15 important features in the development cohort.
a Distributions of the features across the subphenotypes. Bar charts indicate rela-
tive frequency for binary/ordinal features, while box plots are shown for con-
tinuous features. In all boxplots, the central bar in each box represents the median
value of each respective category, the bounds of each box are the interquartile
range (IQR), whiskers extend 1.5*IQR from each box, and the dots are the outliers.
The numbers of samples to derive the statistics are shown in the figure. b Impact of
the features on predicting the subphenotypemembership, using ShapleyAddictive

Explanations (SHAP). Individual values of the features for each sample are colored
according to their relative values, with the blue color representing lower values,
and the red color representing higher values. The features are ranked based on
mean absolute SHAP values. Positive SHAP values (> 0) indicate increased like-
lihoodof subphenotypemembership. ECOGEasternCooperativeOncology Group,
NLR neutrophils-to-lymphocytes ratio, NMLR neutrophils and monocytes to lym-
phocytes ratio, WBC white blood cell. Source data are provided with this paper.
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index date as features. While incorporating longitudinal trends could
enhance performance, most patients (58.6% on average) had ≤1
recorded result during the observation period in the ConcertAI data.
Therefore, we leave the exploration of longitudinal information for
future research using additional datasets with more comprehensive
longitudinal information.

In conclusion, we developed a machine learning framework to
identify the predictive subphenotypes for clinical outcomes. We
evaluated the framework on an EHR-derived aNSCLC cohort with 1 L
ICI treatment. Three reproducible subphenotypes were identified with
distinct and clinically relevant characteristics. These findings offer
valuable insights into the heterogeneity of aNSCLC patients. The
results also demonstrated the effectiveness of our framework, sug-
gesting its potential applicability to diverse disease contexts.

Methods
Ethics statement
The study was exempt from review by an institutional review board,
and nowaiver of authorization was required per USDHHS 45 CFR. Part
46 because it only used deidentified secondary data.

The ConcertAI EHR data repository
This study leveraged an observational, retrospective cohort derived
from the ConcertAI Patient360™NSCLC dataset, which is a U.S.-based,
de-identified, patient-level dataset from the ConcertAI network that
contains human abstracted variables from unstructured records in
patients’ oncology EHR. The ConcertAI network comprises over
8 million unique patients from more than 900 oncology and hema-
tology cancer clinics that leverage over 10 unique EHR environments.
The dataset represents patients treated at both community and aca-
demic practices across all 50 U.S. states. The resulting abstracted data
includes data elements including date and type of disease recurrence,
histology, programmed cell death ligand-1 (PD-L1) testing information,
tumor response, Eastern Cooperative Oncology Group performance
status (ECOG-PS), and comorbidities.

Inclusion/exclusion criteria and outcomes
The study cohort was generated from the ConcertAI Patient360™
NSCLC dataset consisting of histologically confirmed NSCLC patients.
The inclusion criteria for this study included confirmed diagnosis of
locally advanced (stage IIIB/IIIC) ormetastatic (Stage IV) NSCLCwithin
90 days prior to 1 L start, aged ≥ 18 years at aNSCLC diagnosis date,
and ICI-based monotherapy or combination therapies, with start of 1 L
therapy (index date) between January 1, 2015 and January 30, 2023.
Patients that were positive for aberrations to the epithelial growth
factor receptor (EGFR), anaplastic lymphoma kinase (ALK), C-ros
oncogene 1 (ROS1), Kirsten rat sarcoma virus (KRAS), or B-raf proto-
oncogene (BRAF), received targeted therapies for thoseaberrations, or
participated in a clinical trial after the aNSCLCdiagnosiswere excluded
from the study.

Study setting
The observation period is stipulated as the 180 days antecedent to the
index date. Overall survival (OS) is defined as time from the index date
to all-cause death. Progression-free survival (PFS) is defined as time
from the index date to the first real-world progression event or death
from any cause. Real-world progression was derived from information
abstracted by ConcertAI based on physician documentation of disease
response, radiographic evidence, and pathology results42–44. Censoring
was performed at the earliest of the end of the study period or
the patient’s last activity date in the EHR, ascertained from both
structured and unstructured data (OS) or curated unstructured data
only (PFS).

Different categories of variables were considered in our setting to
predict clinical outcomes, including demographics, medical history,

tumor characteristics, comorbidities, metastatic, concomitant medi-
cations, laboratory tests and vital signs. These variables were deter-
mined by clinical experts (Supplementary Data 3), with preprocessing
according to the variable class:

Demographic variables. Demographic variables included age at the
aNSCLCdiagnosis date, gender, race, and practice type (community or
academic).

Concomitant medications. The concomitant medications used dur-
ing the observation period were collected. We categorized medica-
tions based on the third level of the anatomical therapeutic chemical
(ATC3) classes45. Each medication feature denotes the count of medi-
cations from its respective group used during the observation period.

Comorbidities and metastasis. Evaluation of comorbidities and
metastasis was grounded on all documented International Classifica-
tion of Diseases (ICD-9 and ICD-10) diagnoses within the observation
period. The diagnoses were derived by rolling from ICD-9/10 codes to
comorbidity classes provided in the HCUP/AHRQ Elixhauser comor-
bidity index46. The comorbidity classes and their corresponding ICD-9/
ICD-10 codes are presented in Supplementary Data 4.

Laboratory tests and vital signs. Laboratory tests and vital signs were
identified from structured data using Logical Observations Identifier
Names and Codes (LOINC) within the observation period. The LOINC
codes of the lab tests are provided in Supplementary Data 5. For each
test, the most recent value to the index date was utilized in the pre-
sence of multiple measurements.

Medical history. Smoking status (current or former) and baseline
ECOG-PS were included, with most recent status preceding the index
date utilized in the presenceofmultiple recordswithin theobservation
period.

Biomarker status. Biomarker status variables were included. However,
as the ConcertAI data is primarily from the community hospital setting
rather than academic centers, full molecular testing panels are limited
and may not be presented in reports. Thus, we retained biomarker
variables that had at least 100 non-null samples (Supplementary
Table 4).

Tumor characteristics. Tumor characteristics comprised tumor
grade, histology, and PD-L1 expression level, determined through the
comprehensive assessment of all valid PD-L1 percentage stain results
obtained throughout the observation period.

Group stage. Ordinal encodingwas employed for the feature of group
stage, wherein Stage 0/I was designated as 0, Stage II as 1, Stage IIIA as
2, Stage IIIB/C as 3, and Stage IV as 4. As for other categorical variables,
one-hot encoding was utilized, accompanied by the omission of one
category from each variable to mitigate issues related to collinearity.

Considering data availability, we performed the following cleanup
steps for feature selection:

• Removing features with high missing rates. Lab tests/vital signs
with no recorded values for more than 80% patients during the
observation period were excluded. Comorbidities, staging, and
procedures are captured at lower frequencies in the ConcertAI
database. To ensure retention of these feature classes, a more
permissive missingness threshold (features with missingness >
95% were dropped) was used. As full molecular testing panels are
limited and may not be presented in reports provided to the
clinics; thus, the ConcertAI database has limited capture of full
tumor genomic profiling. We retained biomarker variables that
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had at least 100non-null samples to avoidpreferential selectionof
variables, including genomic features.

• Removing highly correlated features. For each pair of features
with correlation greater than 70%, we removed the feature with
thehighermissing rate. If both features had the samemissing rate,
the featurewith the lower variancewas removed. This processwas
repeated iteratively until no pairs of features with correlation
greater than 70% remained.

After constructing and selecting the features, the missing values
were imputed as: (1) zero for all comorbidities and metastases; (2)
mode for categorical and binary features; and (3) mean for continuous
features. The mode and mean values for imputation were calculated
based on the development data and applied to both development and
validation datasets. In order to eliminate the effects of value magni-
tude, all variables were scaled according to the z-score. More specifi-
cally, in the development cohort, z-score is calculated as x0 = x�μ

δ where
x is the value of a specific feature and μ and δ are the mean and
standard deviation of the feature calculated over all samples on the
development cohort, respectively. For the validation cohort, z-score is
calculated using the same equation, with the mean and standard
deviation of the development cohort.

The algorithm
The data we obtained was organized as follows: xi, δi, ti

� �� �N
i= 1 where i

is the patient index and N is the total number of the patients. For the
patient i, xi is the input feature vector, δi is the indicator variable with
δi = 1 representing that an event occurred while δi =0 indicating right-
censoring, and ti is either the time of censoring (δi =0) or time of the
event (δi = 1).

Figure 1c illustrates the structure of the model. It consists of the
following key components: (1) a GraphNeural Network (GNN) Encoder
to learn effective patient representations, with a graph constructed
with patients and their top 5 similar peers; (2) a ClusteringModule that
utilizes the patient representations from the GNN encoder to derive
subphenotypes as graph partitions, resulting in cluster/subphenotype
membership probabilities for each patient as output; (3) a Mixture
Survival Predictor that incorporates the subphenotype membership
probabilities as base components to build a mixture survival
prediction model.

First, a graph was constructed with patients and their nearest
neighbors. The vertices in the graph represent patients and the edges
are connected between each patient and its top-5 nearest neighbors.
The edges are weighted by the similarity between the pair of con-
nected patients. We denote distðxi,xjÞ as the Euclidean distance
between patients xi and xj . The similarity between patients xi and xj is
calculated as follows:

si, j = exp �distðxi,xjÞ
μϵi, j

 !

, ð1Þ

where μ is an empirically tuned hyperparameter and ϵi, j is the nor-
malized term calculated by the averaged distance of xi(xj) and their
neighbors47. The graph and feature matrix are input into a GNN
encoder, which is implemented as a Graph Attention Network (GAT)48,
to derive patient representations. We denote the resulting repre-
sentations for patient i output by the GNN encoder as zi.

The representationzi is then fed into the clustering module to get
the patient-specific cluster/subphenotype membership probabilities

ci = ½c1i , . . . , cKi � as output, where cki indicates the probability of patient i
belonging to the subphenotype k (0≤ c1i ≤ 1,

PK
k = 1c

k
i = 1) and K is the

number of subphenotypes. The clustering module is implemented
with multilayer perceptron (MLP).

Finally, for each patient i, the representation zi and the cluster/
subphenotypemembership ci are input into a survival predictor to get
the predicted survival distributions for the patients. The survival pre-
dictor consists of K survival networks, where each survival network
represents a hazard function gk . gkðzi, tÞ is the estimated hazard rate at
time t for patient i if patient i is in cluster/subphenotype k. Then the
patient’s hazard function is calculated as a weighted sum of these
functions, with weights as the probability belonging to each cluster/
subphenotype. That is, estimated hazard rate at time t for patient i
is
PK

k = 1c
k
i g

kðzi, tÞ.
The model was trained end-to-end to predict OS by minimizing a

loss function composed of a survival prediction loss, which evaluates
the accuracy of the survival prediction, a clustering loss aimed at
ensuring coherence of patient representations within each sub-
phenotype as well as differences across different subphenotypes, and
a significance loss designed to ensure divergence of the averaged
survival distributions across subphenotypes. The loss functions are
calculated as follows:

Survival prediction loss. The survival prediction loss is defined as
the log-likelihood of the survival time. We first denote the
cumulative hazard function for the k cluster asΛkðzi, tÞ=

R t
0g

kðzi,uÞdu.
For the uncensored patients (δi = 1), ti is the time of the
event(death) and the likelihood of survival time being ti is:
luncensori =

PK
k = 1c

k
i g

k zi, ti
� �

expð�Λkðzi, tiÞÞ. For the censoredpatients, ti
is the time of censoring (which means the event(death) has not hap-
pened until ti). The likelihood of surviving up to the censoring time is
lcensori =

PK
k = 1c

k
i expð�Λkðzi, tiÞÞ. Combining the uncensored and cen-

sored patients, the overall survival prediction loss is as follows:

Lpred =
1
N

X

i:δi = 1

luncensori +
X

i:δi =0

lcensori

2

4

3

5: ð2Þ

Clustering loss. We denoteC as the wholemembershipmatrix, whose
i-th row is ci. We also denote S as the matrix of the weights of the
edges. The clustering loss is defined as follows:

Lclus = � 1
2m

traceðCTSCÞ, ð3Þ

wherem is the number of the edges in the patient graph.

Significance loss. For any pair of k1 and k2 (0 ≤ k1, k2 ≤K, k1≠k2), we
use the log-likelihood ratio to quantify the significant difference
between them49. In particular, we first switch the predicted prob-
abilities of clusters k1 and k2 for each ci, resulting in a membership
distribution eci(ec

k1
i = ck2

i ,eck2
i = ck1

i and ecki = c
k
i for k≠k1, k2). Then we can

calculate a log-likelihood loss by replacing ci with eci in Lpred, which is
named Lswitchðk1, k2Þ. If the discrepancy between the estimated survival
functions in clusters k1 and k2 is larger, Lpred � Lswitchðk1, k2Þ is larger.
Thus, we define the significance loss as follows:

Lsign = � 1
KðK � 1Þ

X

k1≠k2

Lpred � Lswitchðk1, k2Þ: ð4Þ

We conduct end-to-end training with a weighted loss function:

L= Lpred + λclusLclus + λsignLsign, ð5Þ

where λclus and λsign are hyper-parameters that could be determined
empirically.

Evaluation
The model hyperparameters were first selected using 5-fold cross-
validation on the training cohort. Since the number of the clusters is
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essential for subphenotype derivation, we tuned the number of the
cluster and other model hyperparameters as follows:

We first set the number of clusters from 2 to 6. With each fixed
number of clusters, we tuned the other hyperparameters by cross-
validation and derived the phenotypes with the optimal hyperpara-
meters. The ‘NbClust’ package was used to compute multiple metrics
for clustering50. The optimal number of clusters was determined by
majority voting (Supplementary Table 5). After setting the number of
clusters at three, we evaluated the performance of other hyperpara-
meters, including a number of neighbors (Supplementary Table 6).
The λclus and λsign determined by 5-fold cross-validation are 0.1 and 1.0,
respectively.

With the determined hyperparameters and number of clusters, a
model was trained on the full training cohort and evaluated on the
independent validation cohort. To mimic the real-world scenario
where thedata fromthedevelopment and validation cohorts couldnot
be directly aggregated together to construct the graph, we trained and
evaluated the model with our method under the inductive setting,
where only patients in the development were used to construct the
graph and train the model. During evaluation, the patients in the
evaluation cohort were added to the graph to infer their predictions.
To protect data privacy, the nearest neighbors were queried by
locality-sensitive hashing (LSH)51.

To evaluate the performance on survival prediction, we utilized
the concordance index (c-index), which assesses the effectiveness of
the model in ranking patients according to their risk scores relative to
the clinical outcomes of interest20. The definition of concordance
index is as follows:

CI =

PN
i = 1

PN
j = 11tj<ti1ηi>ηj

δj
PN

i= 1

PN
j = 11tj<tiδj

, ð6Þ

where ηi is the predicted risk for the patient i.
We used the averaged pairwise log-rank score to quantify the

clustering performance21. The log-rank score is a nonparametric sta-
tistic used to assess the similarity between two survival functions. It
generates high values for curves that are highly unlikely to be similar.
For K clusters, we calculate all possible pairwise comparisons and
report the averaged results.

Baseline methods
We compared our proposed method with the following baselines:

The Cox proportional hazards regression (CPH) model is a semi-
parametric model used to assess the influence of a specified set of
features on the probability of an event happening52. In our study, we
employed a penalized Cox regression approach, during which we fine-
tuned the regularization parameter and selected a method to address
tied event times22,52.

The accelerated failure time (AFT)model is a parametric approach
for survival prediction23. In our analysis, we employed quantile-
quantile (QQ) plots to assess the goodness of fit for our two out-
comes and ultimately selected the log-logistic AFT model. This model
assumes a linear relationship between recovery time and covariates.
We further optimized the rate of false positives and the weights for
penalization.

The Survival Support Vector Machine (SSVM) can effectively
manage right-censored survival data by integrating ranking-based and
regression-based loss functions24. Its computational efficiency was
enhanced through the utilization of kernel functions. We fine-tuned
the weights for penalization, the mixing parameter between ranking
and regression loss, and the choice of optimizers to optimize the
model’s performance.

We also utilized Gradient Boosted Decision Trees (GBDT) in our
study25, using the Cox loss function for GBDT for the survival data.

Learning rate, number of regression trees, maximum depth of the
individual regression estimators, and the fraction of samples to be
used for fitting the individual regression estimators were tuned.

The Neural Survival Clustering (NSC) is a deep learning state-of-
the-art survivalmethod that utilizes clustering for survival prediction26.
The survival distribution is represented with a mixture of positive and
monotone neural networks, which represent the cumulative hazard
functions for the clusters. We tuned hyper-parameters of the learning
rate, number of hidden layers, and number of nodes in each hidden
layer for this method.

The K-means and Hierarchical Agglomerative Clustering (HAC)
are two types of unsupervised clustering methods. To evaluate per-
formance for predicting survival, these methods were first applied to
the baseline data to obtain cluster identity for each patient. Cluster
identities were then used in the mixture survival predictor with the
same model structure as in our framework to derive survival times,
which were trained separately.

For all baselinemethods, we followed the same procedure as with
our proposed method to tune the hyperparameters by cross-
validation.

Statistical analysis
We tested the statistical differences for each variable across sub-
phenotypes by first identifying statistically significance (p <0.05).
Continuous variableswere tested using one-way analysis of varianceor
the Kruskal–Wallis test for normal and non-normally distributed vari-
ables, respectively. Categorical variables were tested using the one-
sided Fisher’s exact test. Post-hoc pairwise analysis between sub-
phenotype pairs was performed for variables where overall p-value <
0.05. For each pair of subphenotypes, continuous variables were
tested usingTukeyʼs honestly significant difference testor the pairwise
Wilcoxon rank sum test for normal and non-normally distributed
variables, respectively, and categorical variables were tested using the
pairwise Fisherʼs test.

Subphenotype visualization
The incidence and co-incidence patterns on medications, metastasis,
comorbidities, as well as clinical lab tests and vital signs with abnormal
results across subphenotypes were visualized using the
following plots.

Group sunburst plot. Group sunburst plots in Figs. 3b and 4b were
generated to illustrate the administration rates of the medications
during the observation period across subphenotypes. The groups
indexed by letters are determined based on the third level of the
anatomical therapeutic chemical (ATC3) class.

Chord diagram plot. Chord diagram plots in Figs. 3c and 4c were
created to visualize the patterns of metastasis, comorbidities, and
abnormal clinical tests (laboratory tests, vital signs) across
subphenotypes.

• We assessed fivemetastasis sites: liver, bone, adrenal gland, brain,
and pleura. Each ribbon in the chord diagram indicates the nor-
malized proportion of patients within a subphenotype who had a
specific metastasis site.

• We assessed four comorbidities: congestive heart failure (CHF),
fluid electrolyte disorders (FED), diabetes, and chronic pulmonary
disease (CPD). Each ribbon in the chord diagram indicates the
normalized proportion of patients within a subphenotype who
had a specific comorbidity.

• We grouped the lab tests and vital signs into the following cate-
gories: (1) Inflammatory markers: white blood cell (WBC) counts,
albumin, lactate dehydrogenase, monocytes percent, basophils
percent, eosinophils percent, albumin/globulin (A/G) ratio; (2)
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Hepatic markers: blood bilirubin total, aspartate aminotransfer-
ase (AST), alanine aminotransferase (ALT), alkaline phosphatase;
(3) Cardiovascular markers: heart rate, systolic blood pressure,
diastolic blood pressure, oxygen saturation; (4) Renal markers:
serum creatinine, blood urea nitrogen, chloride, sodium. (5)
Hematologic markers: serum plasma glucose, platelets,
hematocrit.

Then we used the reference range to determine whether a lab/
vital test is abnormal or not for each patient. Each ribbon in the chord
diagram represents the normalized proportion of patients within a
subphenotype who had at least one abnormal result in the above
clinical group. The reference ranges and abnormality characteristics of
the lab test and vital features are shown in Supplementary Table 7.

Group co-incidence graph. For each subphenotype, we drew a net-
work to show the co-incidence relationships between the features
(Figs. 3d and 4d). On the graph, each node corresponds to a variable
(metastasis, medications, groups of lab tests, and vital signs), each
edge corresponds to co-incidence, with thickness proportional to the
co-incidence rate.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available from
ConcertAI but restrictions apply to the availability of these data, which
were used under license for the current study, and so are not publicly
available. Thesedatamaybemade available upon request toConcertAI
and are subject to a license agreement with ConcertAI (https://www.
concertai.com/contact-us/). The summarized, processed data gener-
ated in this study are provided in the Supplementary Information/
Source Data file. Source data are provided with this paper.

Code availability
For reproducibility, our codes are available at Zenodo https://doi.
org/10.5281/zenodo.15051171 and Github https://github.com/
weishenpan15/graph-encoded-mixture-survival53.
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