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Abstract

Clinical prediction is an essential task in the
healthcare industry. However, the recent suc-
cess of transformers, on which large language
models are built, has not been extended to
this domain. In this research, we explore the
use of transformers and language models in
prognostic prediction for immunotherapy using
real-world patients’ clinical data and molecu-
lar profiles. This paper investigates the poten-
tial of transformers to improve clinical predic-
tion compared to conventional machine learn-
ing approaches and addresses the challenge of
few-shot learning in predicting rare disease ar-
eas. The study benchmarks the efficacy of base-
lines and language models on prognostic pre-
diction across multiple cancer types and inves-
tigates the impact of different pretrained lan-
guage models under few-shot regimes. The
results demonstrate significant improvements
in accuracy and highlight the potential of NLP
in clinical research to improve early detection
and intervention for different diseases.

1 Introduction

Predicting and measuring treatment response is
among the most fundamental tasks in clinical
medicine. Particularly, in cancer immunother-
apy (Pardoll, 2012), antibodies against pro-
grammed death-1/programmed death ligand 1 (PD-
1/PD-L1) have led to US FDA approval of several
PD-1/PD-L1 treatment strategies for patients with
metastatic cancer. However, not all patients derive
clinical benefits (Topalian et al., 2016), empha-
sizing the need to identify who will respond to im-
munotherapy (Chowell et al., 2021). Thus, accurate
treatment response and disease progress forecast
based on the patient’s clinical features and molec-
ular profile will effectively improve the treatment
efficiency and spur the development of precise med-
ication. In order to facilitate medical decision-
making and health outcomes, clinical prediction
models (Steyerberg, 2008; Smeden et al., 2021)
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Figure 1: Pilot study. We evaluate the prediction perfor-
mance (AUC) of a patient’s probability of immunother-
apy response across multiple cancer types under settings
with a small number of training samples on a public clin-
ical dataset from Chowell et al. (2021).

play an increasingly crucial role in contemporary
clinical care by informing professionals, patients,
and their relatives about outcome risks.

Given the fact that most clinical data is stored in
tabular form, current mainstream machine learning
approaches (Topol, 2019; Rajkomar et al., 2019)
to cancer prognosis (Chowell et al., 2021) are
still tree-based ensemble models such as boost-
ing (Chen and Guestrin, 2016; Ke et al., 2017) and
bagging (Breiman, 2004; Ishwaran et al., 2019). In
contrast, transformers (Vaswani et al., 2017) have
revolutionized enormous fields including natural
language processing (NLP) (Devlin et al., 2019;
Brown et al., 2020) and computer vision (Doso-
vitskiy et al., 2021). Many attempts to apply
transformers on tabular modeling (e.g., TabTrans-
former Huang et al., 2020) have also achieved suc-
cess. Considering that the disparity between clini-
cal data and other natural tabular data is not large,
it is appealing that we can also translate this suc-
cess from other domains to clinical prediction. As
such, we seek to answer the first question in this
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Cancer
Type Age Albumin Drug 

Class OS Months

Bladder 74 4.1 PD1/PDL1 9.1

NSCLC 72 4.2 Combo 27.3

Input: A patient has been diagnosed with
Bladder cancer. The age is 74. The albumin is
4.1. The drug class is PD1/PDL1, etc. 

Template: The {attribute} is {value}.

LLM
s    

Encoder    

Finetuning

Multi-Loss
Objetive

Serialization

Figure 2: An illustration of adapting LLMs for clinical prediction. The clinical data entry is first serialized into
sequences of natural language tokens and then fed into the frozen LLMs, followed by a randomly initialized encoder
(transformers or MLPs or identical blocks) to finetune with the multi-loss objective same as Eq. 1.

paper: To what extent can transformers promote
the performance of clinical prediction compared to
conventional machine learning approaches?

Although transformers have advantages in mod-
eling high-dimensional tabular data thanks to the
capacity of long-distance dependency modeling,
their efficacy can still be hampered when labeled
data is scarce given the nature of data-hungry and
low inductive bias (d’Ascoli et al., 2021). This
could be vital to predicting many rare disease areas
where historical patient records are extremely lim-
ited (Haendel et al., 2019). Our pilot investigations
(see Figure 1) also confirmed this. Meanwhile, we
seek to provide a systematic solution to the clini-
cal prediction that functions both in the presence
and absence of much labeled data. Recently, large
language models (LLMs) built as a stack of trans-
formers such as BERT (Devlin et al., 2019), GPT-
3 (Brown et al., 2020) provide a viable direction.
The simple and scalable self-supervised learning
(e.g., masked signal prediction (Devlin et al., 2019;
Chen et al., 2022)) on a nearly unlimited corpus
of text (e.g., PubMed1, PMC2) has led LLMs to
not only continuous performance improvements
but also a surprising emergence of in-context learn-
ing capability, which is especially powerful under
settings with only a small number of learning sam-
ples also known as few-shot learning (Snell et al.,
2017; Sanh et al., 2022). Though recent work has
demonstrated that LLMs are good few-shot clinical
information extractors (Agrawal et al., 2022), this
success has yet not been extended to tasks with a
higher precision requirement, such as cancer prog-
nostic prediction. In this work, we therefore seek
to address this second question: How can language
models boost clinical prediction in few-shot set-
tings?

In addressing these questions, we conduct a

1https://pubmed.ncbi.nlm.nih.gov/
2https://www.ncbi.nlm.nih.gov/pmc/

benchmarking study on a real-world clinical dataset
MSK-IMPACT (Chowell et al., 2021) to assess
the efficacy of a set of baselines and LLMs on
prognostic prediction across multiple cancer types
(melanoma, NSCLC, bladder, etc.). More impor-
tantly, we explore how different pretrained LLMs
using different knowledge resources (domain-
specific or domain-agnostic) may affect the down-
stream performance of clinical prediction, espe-
cially under few-shot settings. Our results show sig-
nificant improvements in accuracy through overall
survival, progression-free survival and best overall
response prediction across multiple disease types.

2 LLMs for Few-Shot Clinical Prediction

Figure 2 is an overview of applying LLMs for clin-
ical prediction. As discussed in Section 1, purely
supervised learning via transformer encoders is of-
ten hampered when training samples are limited.
LLMs provide a viable direction with astonishing
in-context learning capability that exploits knowl-
edge from other resources to downstream tasks
with minimal tuning.

Serialization. To leverage LLMs on clinical tab-
ular data, the feature columns must be serialized
into sequences of natural language tokens that
LLMs can comprehend and encode. Recently, there
have been a few trials (Yin et al., 2020; Bertsi-
mas et al., 2022) investigating various serializa-
tion techniques and exploring the corresponding
performance across different tasks, which turns
out that LLMs for tabular modeling rely more on
the correct values than the structure of the fea-
tures (Hegselmann et al., 2022). To avoid repetitive
work, in this work, we focus more on how dif-
ferent pretrained LLMs using different knowledge
sources may affect the prediction performance by
simply following a manual serialization template,
The {attribute} is {value}., which has been
proven to generate competitive results compared to
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other LLMs prompting-based regeneration meth-
ods by Hegselmann et al. (2022).

Knowledge Sources. The pretraining corpus is
also known as the knowledge source for LLMs.
Clinical language is notably different from the stan-
dard NLP text in terms of vocabulary and syn-
tax (Wu et al., 2019). As a result, following ad-
vancements in language modeling from the larger
NLP community, the clinical NLP sub-community
frequently trains domain-specific models on clin-
ical corpora. Following BERT (Devlin et al.,
2019), various clinical and biomedical versions
appeared quickly, including BioBERT (Lee et al.,
2019), ClinicalBERT (Alsentzer et al., 2019), SciB-
ERT (Beltagy et al., 2019), PubMedBERT (Gu
et al., 2020), etc. However, domain-agnostic LLMs
like GPT-3 have so far been unable to achieve com-
petitive results on biomedical NLP tasks (Moradi
et al., 2021; Gutierrez et al., 2022), revealing the
fact that the relevance and the knowledge reserva-
tion of pretraining sources have a significant impact
to the knowledge migration in downstream tasks
(e.g., finetuning or prompting). Thus, we aim to
evaluate the downstream performance in few-shot
settings with a few different LLMs pretrained on
different resources and benchmark the gaps.

Omnivorous Loss Objective. Compared to con-
ventional machine learning approaches, deep learn-
ing allows efficient end-to-end learning of im-
age/text encoders in the presence of multi-modality
along with tabular data benefiting from the modu-
larized design. More importantly, the customized
loss objectives corresponding to different tasks can
often be combined for joint training, also known
as multi-task learning (Ruder, 2017). The induc-
tive transfer across related tasks can help improve
a model by introducing an inductive bias, which
causes a model to prefer some hypotheses over
others, that generally leads to solutions that gen-
eralize better. In cancer prognostic prediction, we
usually have multiple endpoints to predict. For
example, overall survival (OS), progression-free
survival (PFS), and best overall response (BOR),
etc. As such, in this work, we consistently adopt a
join learning paradigm that merges multiple end-
points into one unified loss objective Lf for all
studies using the following term:

Lf =
I∑

i

αi`i (1)
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Figure 3: An illustration of ClinTaT (right). Com-
pared to original TabTransformer (left), we add a contin-
uous embedding layer for modeling continuous features
(e.g., lab values) and feed the concatenated inputs into
the transformer backbone.

where I is the total number of tasks and αi repre-
sents the soft weight for any task i. More specifi-
cally, in our experiments, we adopt CrossEntropy
loss for BOR and CoxPH loss for OS and PFS pre-
diction following DeepSurv (Katzman et al., 2018).

3 Experiments and Results

Data. This dataset is acquired by Memorial
Sloan Kettering Cancer Center (MSKCC) from a
comprehensively curated cohort (MSK-IMPACT)
with 1,479 patients treated with immune check-
point blockade (ICB) across 16 different cancer
types (Chowell et al., 2021), where patients are
either responder (R) or non-responders (NR) to
the treatment (PD-1/PD-L1 inhibitors, CTLA-4
blockade or a combination) based on Response
Evaluation Criteria in Solid Tumors (RECIST)
v1.1 (Eisenhauer et al., 2009) or best overall re-
sponse on imaging. Each patient was collected
up to 16 biological features, including genomic,
molecular, clinical, and demographic variables.
The train set contains 1,184 patients, and the test
set contains 295 patients. The evaluation target is
to predict clinical response to immunotherapy (bi-
nary classification) and both overall survival and
progression-free survival (regression) in the test
data across different cancer.

Transformers for Tabular Modeling. As we
need to compare with transformer baselines, we
also introduce ClinTaT (see Figure 3 right) with
some improvements based on the original Tab-
Transformer (Huang et al., 2020), including 1)
adding a continuous embedding layer which is con-
sisted of several independent linear layers corre-
sponding to the number of continuous features; 2)
directly concatenating the embedded categorical
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Figure 4: Model performance across multiple cancer types on test data. Comparison of predictive performance
on MSK-IMPACT in terms of ROC curves and AUC between ClinTaT and other baselines in melanoma, NSCLC,
other cancer types and Pan-cancer.
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Figure 5: Model predicts OS and PFS across multiple cancer types on the test data. Comparison of differences
in overall survival between predicted responders and non-responders across multiple cancer types by ClinTaT.

and continuous variables together, and feed them
into the transformer instead of only categorical vari-
ables.

Training settings. For fair comparison, we adopt
a hidden dimensionality of 768 for both ClinTaT
and BERTs (base versions). Specifically, ClinTaT
is a stack of 6 transformer encoder layers with 8
heads. To prevent overfitting, we set the attention
dropout rate to 0.3 and feedforward dropout rate
to 0.1. For BERTs, all layers are frozen while
we add one independent encoder on top of it to
finetune. In the main figures and tables, we utilize
a single linear layer to demonstrate the feasibility
of LLMs for few-shot regimes. In ablation studies,
we also investigate other encoder types such as
another small transformer encoder. The optimizer
of AdamW is adopted consistently for all trainings,
and the basic learning rates for ClinTaT and BERTs
are 1.25e−4 and 1.25e−5 with a weight decay of
0.01, correspondingly. A linear warmup (up to 5
epochs with a total training of 200 epochs) with
cosine annealing strategy (warmup learning rate is
set to 2.5e−7) is also applied. For other machine
learning baselines, we utilize the grid search to find
the optimal hyper-parameters and report the best
results. More details can be found in the appedix.

How do transformers promote clinical predic-
tion performance? We first calculated the area
under the receiver operating characteristic (ROC)
curves using the response probabilities computed
by transformers and other baselines. Our proposed
ClinTaT achieved superior performance on the test
set, as indicated by the area under the curve (AUC),
in predicting responders and non-responders across
cancer types compared to conventional machine
learning models such as logistic regression, ran-
dom forest, and XgBoost, suggesting that the self-
attention mechanism for long-range dependency
modeling contributed to the overall prediction per-
formance. (Figure 4, Table 1 using all samples).
Furthermore, the differences in OS between respon-
ders and non-responders predicted by transformers
were significantly higher than differences between
responder and non-responder groups predicted by
other baselines across various cancer types (Fig-
ure 5). Especially for the predicted non-responders,
the predicted survival curves almost fit the ground-
truth ones perfectly, while it is interesting to ob-
serve that transformers tend to underestimate the
response probability with an attempt to balance out
the prediction performance across different can-
cer types compared to other baselines (0.809 of
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Model
Number of Samples

6 12 18 24 30 36 42 48 all
LogRes 0.534 0.535 0.573 0.511 0.527 0.570 0.601 0.678 0.758
RandomForest 0.643 0.527 0.672 0.539 0.594 0.667 0.651 0.701 0.795
XgBoost 0.500 0.602 0.670 0.586 0.613 0.664 0.651 0.681 0.796
ClinTaTours 0.641 0.619 0.653 0.607 0.584 0.659 0.664 0.676 0.815

Table 1: Test AUC performance on treatment response prediction of ClinTaT and other baselines on MSK-IMPACT.
Each column reports the k-shot performance for different values of k. ClinTaT outperforms other traditional
approaches with all training samples, however not significant in the most few-shot regimes.

Model
Number of Samples

6 12 18 24 30 36 42 48 all
LogRes 0.500 0.503 0.551 0.511 0.545 0.557 0.549 0.564 0.649
RandomForest 0.637 0.502 0.614 0.536 0.591 0.610 0.626 0.631 0.682
XgBoost 0.500 0.555 0.601 0.539 0.618 0.628 0.614 0.609 0.688
ClinTaTours 0.583 0.615 0.614 0.639 0.610 0.647 0.643 0.645 0.724

Table 2: Test C-index performance on Overall Survival prediction of ClinTaT and other baselines on MSK-IMPACT.
ClinTaT generally outperforms other traditional approaches under many settings, however still not significant in the
very-few-shot regime (e.g., ≤ 6 samples).

Model
Number of Samples

6 12 18 24 30 36 42 48 all
LogRes 0.515 0.513 0.538 0.514 0.537 0.549 0.565 0.596 0.648
RandomForest 0.611 0.529 0.612 0.532 0.580 0.619 0.615 0.627 0.666
XgBoost 0.500 0.514 0.594 0.569 0.600 0.619 0.612 0.620 0.671
ClinTaTours 0.585 0.505 0.547 0.520 0.538 0.553 0.555 0.617 0.684

Table 3: Test C-index performance on Progression-free Survival prediction of ClinTaT and other baselines on
MSK-IMPACT. ClinTaT performs better than other approaches only with all training samples.

ClinTaT versus 0.828 of XGB in Fig. 4). It is addi-
tionally beneficial to rare diseases prediction when
the training sample pool is not large.

To test whether our approach could also pre-
dict overall survival (OS) before the administration
of immunotherapy, we further calculated the con-
cordance index (C-index) for OS and PFS, which
ranges between 0 and 1 (0.5 being random perfor-
mance). We found that the C-indices of the ClinTaT
predictions were significantly higher than those
generated by other baselines (Table 2, pan-cancer
C-index 0.724 for ClinTaT versus 0.688 for Xg-
Boost versus 0.682 for Random Forest, p < 0.05;
Table 3, pan-cancer C-index 0.684 for ClinTaT ver-
sus 0.671 for XgBoost versus 0.666 for Random
Forest, p < 0.05). These results demonstrate that
the transformers can accurately forecast response,
OS, and PFS before administering immunotherapy.

However, Table 1, 2 and 3 also show that under
settings with only a small number of samples, the
prediction capability of transformers does not gen-

eralize well (e.g., 0.583 for ClinTaT versus 0.637
for Random Forest with only 6 samples on OS pre-
diction; 0.585 for ClinTaT versus 0.611 for Ran-
dom Forest with only 6 samples on PFS prediction)
due to the nature of data-hungry and low inductive
bias (discussed in Section 1).

How do LLMs boost few-shot learning? Ta-
ble 4 shows the performance of different BERTs
pretrained on different resource corpus followed
by a single linear layer for finetuning using only
[cls] token on MSK-IMPACT test data (averaged
over three seeds). The PubMedBERT (Gu et al.,
2020) outperforms all other variants and the base-
line transformer across all k-shot settings with an
average of improvements over 5%. In the very few
shot settings (4 samples), the language model fine-
tuning shows significant improvements over the
baseline (Table 4, 9.4%), indicating the benefit of
the capability of knowledge transferring to down-
stream tasks brought by LLMs when samples are
insufficient. Also, our results indicate that the sam-
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Model
Number of Samples

4 6 8 10 12 14 16 18

ClinTaTbaseline 0.593 0.641 0.638 0.628 0.619 0.643 0.639 0.653

BERT (Devlin et al., 2019) 0.590 0.618 0.652 0.636 0.633 0.637 0.632 0.631
BioBERT (Lee et al., 2019) 0.570 0.512 0.527 0.532 0.536 0.532 0.524 0.530
SciBERT (Beltagy et al., 2019) 0.506 0.506 0.578 0.577 0.560 0.549 0.513 0.557
ClinBERT (Alsentzer et al., 2019) 0.604 0.550 0.545 0.560 0.567 0.576 0.574 0.558
PubMedBERT (Gu et al., 2020) 0.649(↑9.4%) 0.643(↑0.3%) 0.641(↑0.5%) 0.657(↑4.6%) 0.663(↑7.1%) 0.677(↑5.3%) 0.695(↑8.8%) 0.685(↑4.9%)

Table 4: Few-shot learning AUC performance of ClinTaT and variants of language models pretrained with different
corpus sources on MSK-IMPACT. Best results are in bold and the relative improvements have been marked in
purple. PubMedBERT (Gu et al., 2020) generally outperforms all the other variants across most settings with an
average of improvements over 5%.

Backbone Encoder AUC COS CPFS

BERT
linear 0.725 0.593 0.622
transformer 0.773 0.699 0.657

BioBERT
linear 0.678 0.590 0.625
transformer 0.766 0.707 0.672

SciBERT
linear 0.689 0.588 0.620
transformer 0.786 0.711 0.656

ClinBERT
linear 0.669 0.591 0.616
transformer 0.751 0.719 0.665

PubMedBERT
linear 0.745 0.599 0.634
transformer 0.771 0.700 0.662

Table 5: Ablation study on applying different encoders
for finetuning of treatment response prediction, includ-
ing a simple linear layer and a six-layer transformer
encoder. Best results across backbones are in bold. Best
results across encoders are marked by purple. An addi-
tional transformer encoder on top of LLMs consistently
performs better than a simple linear layer.

ple efficiency of using LLMs’ embeddings is highly
domain knowledge dependent. The performance
of SciBERT is worse than that of BioBERT and
ClinicalBERT as SciBERT was pretrained on all
semantic scholar 1.14M articles towards a more
general scientific knowledge learning.

In contrast, BioBERT and ClinicalBERT were
pretrained on the more domain-specific corpus,
such as PubMed, PMC, and clinical MIMIC III
notes3. However, we cannot claim that domain-
specific pretraining is necessary for all clinical pre-
diction tasks as Table 4 also reveals that vanilla
BERT is the second best and performs even bet-
ter than SciBERT pretrained on medical and com-
puter science articles. As we know, vanilla BERT
learns more general knowledge understanding from
domain-agnostic corpora such as Wikipedia and
Book corpus. One of our preliminary conjectures
is that domain-specific knowledge transfer is su-

3https://mimic.mit.edu/

perior when the pretraining corpus is sufficiently
profound. However, the generalization capability
learned by domain-agnostic models also works un-
der scenarios where the resource knowledge is nei-
ther domain-agnostic nor morally domain-specific.

Additionally, the performance down gradation
on BioBERT and ClinicalBERT compared to Pub-
MedBERT released more interesting findings as
PubMedBERT was pretraining from scratch. At the
same time, the other two models were pretrained
by inheriting vanilla BERT and BioBERT v1.04,
correspondingly. Gu et al. (2020) has also pointed
out that pretraining only sometimes benefits from
more text, including out-domain text. The prior
biomedical-related BERT models have yet to be
pretrained using purely biomedical text. Our Ta-
ble 4 also shows that domain-specific pretraining
from scratch can be superior to mixed-domain pre-
training for downstream applications.

Though all the results in Table 4 are generated
by adding one single linear layer on top of LLMs
for finetuning, we conduct more ablation studies in
Table 5 to evaluate the performance change using
different encoders (see Figure 2). The transformer
in Table 5 consists of only the transformer encoder
of a depth of six layers with a dimension of 768.
The results indicate that adding compute complex-
ity to LLMs can still lift the semantic representa-
tion learning of clinical features, as transformer
architecture performs better than a superficial lin-
ear layer. It also provides an alternative way to
reexamine the right size of LLMs and inspires us
for the next step, which is to adopt more scaled
LLMs such as PubMedGPT5, GPT-3 or T5 (Raffel
et al., 2019) for clinical prediction.

4https://huggingface.co/dmis-lab/biobert-v1.1
5https://crfm.stanford.edu/2022/12/15/

pubmedgpt.html
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4 Limitations

This study is based on a single clinical cohort con-
sisted of 1479 patients, which may limit the gen-
eralizability of the results to other clinical cohorts.
This specific cohort of patients may not be represen-
tative enough of the general population, which may
inject certain level of bias brought by the dissimilar
distributions of gender, age, race, etc. While we en-
vision the generalization capability of the language
models is applicable to other clinical prediction
tasks, the focus of this work is majorly about prog-
nostic prediction of cancer immunotherapy, and we
hereby have not provided solid evidence to prove
that the success can also be extended to other rel-
evant trials. Additionally, we have yet only com-
pared a limited set of transformers and language
models, and it is possible that other models may
perform better on the tasks evaluated in this study.
Finally, it is important to note that while the mod-
els in this study achieve high accuracy in clinical
prediction, the ultimate value of these models in im-
proving patient outcomes will depend on how well
they are integrated into clinical decision-making
processes and the impact they have on patient care.

5 Ethical Considerations

As this work uses real-world patients’ clinical data
and molecular profiles, which may raise concerns
about data privacy and confidentiality. We ensure
that all the patients’ data is de-identified and pro-
tected from unauthorized access and use. The pub-
lic patient data 6 was approved by the Memorial
Sloan Kettering Cancer Center (MSKCC) 7 institu-
tional review board for scientific use. Researchers
have ensured that they obtain proper ethical ap-
proval and informed consent from patients before
using their data. Even though this is a dataset that
has been carefully curated to prevent the negative
impact brought by human bias, there maybe ex-
isting a risk of introducing bias into the clinical
cohort of data we analyze, particularly in the selec-
tion of patients and the choice of clinical features
and molecular profiles. Additionally, the use of pre-
dictive models to guide clinical decision-making
might raise concerns about fair access to healthcare.
We hereby ensure that the use of predictive models
does not result in the inequitable distribution of
healthcare resources and that patients from all so-
cioeconomic backgrounds have equal access to the

6http://www.cbioportal.org/
7https://www.mskcc.org/msk-impact

best possible care. This study uses natural language
processing and machine learning algorithms to pre-
dict disease prognosis, which may raise broader
ethical considerations related to the responsible use
of technology in healthcare. We ensure that the use
of all approaches discussed in this work is guided
by general ethical principles, such as transparency,
accountability, and patient-centered care.

Even though we focus on relatively large scale
language models in this work, our finetuning strat-
egy only requires a considerably small amount of
computation as only the encoder part needs to be
finetuned. In practice, the single linear layer fine-
tuning can be obtained in about 2 hours on a ma-
chine with single Nvidia A10 GPU; training com-
pletes within 5 hours on a machine with one Nvidia
A10 GPU for another transformer encoder with
a depth of 6 and dimensionality of 768. All the
pretrained language model weights are publicly
available (e.g., huggingface).
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