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Abstract
Background  In clinical practice, it is critically important to predict the tumor response of chemotherapy at an early 
stage. However, the performance of existing clinical markers cannot achieve satisfactory accuracy and reliability. 
To overcome this limitation, in this study we proposed a foundation model based approach to improve prediction 
performance.

Methods  We adopted a CLIP (Contrastive language-image pretraining) based foundation model, which contains a 
total of 12 transformer layers for both image and textual encoders. This model has been extensively pretrained on a 
non-medical image-text dataset. Meanwhile, a parameter efficient low rank adaptor (LoRA) was incorporated into the 
transformer layers for fine-tuning purpose. The adaptors were inserted at various layers of both encoders, and their 
corresponding performances were evaluated and compared. The experiments were conducted on a retrospective 
dataset containing a total of 182 advanced stage ovarian cancer cases, among which 124 were responders and 58 
were non-responders.

Results  The best performance was achieved by adding LoRA adaptors on the lowest 5 transformer layers for 
both image and textual encoders, which yields an AUC (area under the receiver operating characteristic curve) of 
0.785 ± 0.039 and an ACC (accuracy) of 0.780 ± 0.032. As a comparison, the conventional transfer learning strategy 
fine-tuned ResNet and ViT models achieved AUCs of 0.754 ± 0.089 and 0.707 ± 0.079, respectively.

Conclusion  This study initially demonstrates the feasibility of parameter efficient training with a foundation model 
for chemotherapy response prediction, highlighting its potential to support clinical decision making.
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Introduction
Ovarian carcinoma is a highly aggressive malignancy in 
gynecologic oncology, with a five-year relative survival 
rate of 51% [1]. Due to the disease complexity, in current 
clinical practice it is difficult to identify ovarian carci-
noma at an early stage, and most patients are diagnosed 
at an advanced stage with metastatic tumors in various 
organs [2, 3]. To control tumor metastasis, chemother-
apy is necessary after primary debulking surgery (PDS) 
which surgically removes all visible lesions [4–6]. Given 
the tumor heterogeneity, patients’ responses to the che-
motherapy vary significantly across subgroups [4]. To 
improve outcomes and minimize the side effects of inef-
fective treatments, it is crucial to accurately predict the 
response of residual cancer to chemotherapy following 
PDS, thereby enabling personalized treatment for each 
individual.

Currently, three types of clinical information are being 
investigated for response prediction: antigen biomark-
ers, histopathology images, and radiographic images. 
For antigen biomarkers in particular, CA125 is the most 
popular marker for tumor response prediction; neverthe-
less, its measured concentration levels are significantly 
affected by various epidemic and clinical factors [7], 
which limits its prediction accuracy and clinical appli-
cations [8]. Tumor histopathology evaluation, although 
routinely used in clinical practice, has notable limita-
tions. While recent studies suggested that tumor histol-
ogy type and grade are valuable prognostic markers [9, 
10], the association between tumor grades and therapy 
responses remain inconsistent, with both positive and 
negative results were reported [11]. In addition, cur-
rently used grading systems produce low inter-pathol-
ogist agreement [12], further reducing reproducibility 
and reliability of these assessments. Next, radiographic 
imaging examination is another important approach for 
treatment assessment of ovarian cancer patients [13, 14], 
which can be achieved by a variety of modalities includ-
ing: computed tomography (CT), ultrasound (US), mag-
netic resonance imaging (MRI), and positron emission 
tomography / CT (PET/CT). Among these modalities, 
CT has several advantages including wide availability, 
high diagnostic performance, quick image acquisition, 
and low operating cost [15]. However, current assess-
ments are majorly based on changes in tumor size before 
and after chemotherapy, which cannot predict tumor 
response prior to treatment. The existing diagnostic 
guideline (Response Evaluation Criteria in Solid Tumors 
[16]) is heavily dependent on radiologists’ visual assess-
ment of tumor diameter [16, 17], which may lead to high 
inter-radiologist variability and low correlation with clin-
ical outcomes [18, 19].

Meanwhile, deep learning (DL) technology [20–22] has 
emerged as a powerful tool for extracting comprehensive 

information from complex data and identifying the most 
discriminative features for a specific task. Despite its 
effectiveness and wide application in medical imaging 
field [23–33], very few deep learning related studies have 
been focused on tumor response prediction, likely due 
to the limited size of available clinical datasets. Founda-
tion models such as CLIP (Contrastive language-image 
pretraining) [34], BERT (Bidirectional encoder repre-
sentations from Transformers) [35], and Llama (Large 
language model Meta AI) [36] are pretrained on mas-
sive datasets and can be adapted to diverse downstream 
tasks, offering an opportunity to mitigate this limitation. 
However, directly applying conventional full parameter 
fine-tunning to these large models on small clinical data-
sets is infeasible. Recently proposed parameter efficient 
fine-tuning (PEFT) methods [37–40] address this tech-
nical challenge by adding a number of parameter effi-
cient adaptors on the pretrained foundation model, and 
only these lightweight adaptors will be optimized dur-
ing downstream training. Building on those advances, a 
growing number of studies have explored the use of foun-
dation models in various oncology prediction tasks. For 
example, pretrained foundation models have been used 
as feature extractors to analyze CT scans for survival 
prediction in lung cancer [41] and outcome prediction in 
head and neck squamous cell carcinoma [42]. Addition-
ally, large language models (LLMs) have been fine-tuned 
for radiation oncology tasks to assess their potential clin-
ical applicability [43]. While these studies underscore the 
potential of foundation models in oncology, their applica-
tion to chemotherapy response prediction with CT imag-
ing remains largely unexplored.

To address this gap, this study explored the use of 
LoRA (Low-rank adaptation) [39], a widely recognized 
and versatile PEFT strategy, to adapt pretrained models 
for integrating pre-chemotherapy CT imaging data with 
tumor response prediction. By leveraging LoRA, we aim 
to reduce the impact of limited clinical data while taking 
advantage of pretrained large-scale foundation models. 
To our knowledge, this is the first study to fine-tune CLIP 
with LoRA for chemotherapy response prediction using 
CT images. The methodology, experimental findings, and 
corresponding implications are outlined in the following 
sections.

Materials and methods
Database
This retrospective study has been approved by the Uni-
versity of Oklahoma Health Sciences Center Institutional 
Review Board (IRB13649). The dataset used in this study 
includes a total of 182 cases diagnosed with advanced 
stage ovarian cancer. All patients underwent systematic 
chemotherapy following PDS to manage recurrent high-
grade ovarian, peritoneal, or tubal carcinoma. Among 
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the 182 cases, 124 were classified as responders, achiev-
ing a 6-month progression-free survival (PFS) [44] of 
“Yes”, while 58 patients were identified as non-responders 
showing minimal response to treatment. Demographic 
and clinical characteristics, including age distribution, 
number of tumors, and slice counts of the largest tumor, 
are provided in Supplementary Fig. 1. The CT images 
were collected under standardized clinical protocols after 
PDS, using either a GE Light Speed VCT 64 or a GE Dis-
covery 600 16-row detector scanner, with a tube voltage 
of 120 kVp. The current was set according to the patient’s 
body size, ranging from 100 to 600 mA.

Given that some cases may present multiple tumors, 
for each case we selected the single CT image showing 
the largest cross-sectional area of the largest tumor. As 
most tumors are located in the abdominal region, the 
abdominal soft tissue window was applied to map pixel 
intensity values to the range 0-255. The tumors were ini-
tially segmented from CT slices by a hybrid algorithm 
[45], followed by a visual review and manual correction. 
Further details about the segmentation are provided 
in our previously published paper [46]. The segmented 
tumor was then shifted to the center of the image and 
cropped using a 200 × 200 square window, ensuring that 
the entire tumor fits within the window for all cases. The 
process is illustrated in Fig. 1.

Model architecture of CLIP
There are two main separate building blocks within the 
CLIP model [34] to conduct contrastive learning: a vision 
encoder and a text encoder (Fig. 2). Those two encoders 
were pretrained on 400 million mutually matched image-
text pairs [47]. The embeddings extracted from the input 
image and text are subsequently projected into a shared 
embedding space of the same dimensionality. Within this 
space, the model learns to align matched image-text pairs 
to maximize similarity, while simultaneously minimizing 
similarity for unmatched pairs to enhance the model’s 
discriminative power.

In CLIP, the image encoder is responsible for com-
pressing the image into a compact representation while 

preserving rich high-level semantic features that are 
indispensable for subsequent tasks. In this study, we 
selected two CLIP models that utilize ViT-B/16 and ViT-
B/32 [48] as their vision encoders, respectively. These 
models divide the input image into a sequence of small 
patches, which are then processed through N = 12 
stacked Transformer [49] blocks. Each Transformer 
block is composed of two major components: multi-head 
self-attention (MHSA), which enables the network to put 
more focus on the key parts of input, and a feed-forward 
network (FFN), as shown in Fig. 3a. In the self-attention 
operation of MHSA, the input matrix X ∈ Rn× d, where 
n represents the input sequence length and d denotes the 
dimensionality, is projected into three distinct attention 
components: the query Q, key K , and value V . These 
components are computed using trainable weight matri-
ces W q ∈ Rd× dk , W k ∈ Rd× dk , W v ∈ Rd× dv  as fol-
lows: Q = XW q , K = XW k, and V = XW v . The 
queries are then compared to the keys to calculate atten-
tion scores that are served as weights for combining the 
corresponding values:

	 Attentionself (Q, K, V ) = softmax
(

QKT/
√

dk

)
V � (1)

.
Instead of relying on a single self-attention operation, 

MHSA adopts multiple attention heads to encode the 
input X  in parallel. The outputs from all attention heads 
are concatenated and linearly projected back to the input 
dimension d, yielding a unified representation with inte-
grated information from multiple heads:

	 MHSA (X) = Concat(Attention1
self , · · · , Attentionh

self )W b� (2)

,
where W b ∈ R(hdv)× d, and h denotes the number of 

heads. This enables the model to attend to multiple per-
spectives of relationships within the data simultaneously, 
as each attention head operates independently, thereby 
enhancing the network’s capacity to recognize complex 
patterns. Similarly, the text encoder in the selected CLIP 

Fig. 1  Preprocessing pipeline for CT slices
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configurations also consists of 12 stacked Transformer 
blocks, forming a parallel architecture to the image 
encoder. For this study, two fixed text prompts were 
used to represent the two chemotherapy responses: “This 
ovarian cancer case has a response to chemotherapy” 
and “This ovarian cancer case does not have a response 
to chemotherapy”. These simple descriptions provided 
explicit semantic cues for the model and were processed 
by the text encoder to generate embeddings aligned with 
the corresponding CT images during LoRA fine-tuning 
(Fig. 2).

Fine-tuning CLIP with LoRA
With the emergence of large pre-trained models, such 
as BERT [50] and GPT-3 [51], which continuously grow 
in size, fine-tuning these models for downstream tasks 
becomes increasingly challenging. To mitigate overfitting 
and fully exploit the embedded knowledge in the large 
pretrained models when training on limited downstream 
datasets, a series of PEFT methods [52] have been pro-
posed. These methods are characterized by fine-tuning 
only a small portion of existing parameters or integrat-
ing a minimal number of additional trainable param-
eters, aiming to achieve optimal adaptation to a specific 
downstream task without overfitting. Low-rank adapta-
tion (LoRA) [39] is a representative PEFT method that 
introduces a trainable weight matrix ∆ W , derived from 
the product of two low-rank matrices W A ∈ Rr× n and 

W B ∈ Rm× r , into a frozen pretrained weight matrix 
W T :

	 h = x(W T + W BW A) = x(W T + ∆ W )� (3)

.
During fine-tuning, only the added matrices W A and 

W B  are updated, while all original parameters remain 
frozen, as depicted in Fig.  3b. Although LoRA can be 
implemented to any portion of the network, in this study 
it is specifically applied on the attention mechanisms: 
W q , W k, and W v  within selected Transformer blocks, 
for reduced complexity while preserving model perfor-
mance. Different small rank values ( r = 1, 2, 3) were 
tested to evaluate their impact on performance.

Given that there are 12 Transformer blocks for both 
image and text encoders in the ViT-B/16 and ViT-B/32 
based CLIP variants, we trained multiple models in this 
study, each with a distinct subset of Transformer blocks 
fine-tuned using LoRA. Specifically, we started apply-
ing LoRA on the 1st lowest or highest block, produc-
ing a model labeled as “Low” or “High” (Fig.  3c). Next, 
the lowest (or highest) two blocks were fine-tuned with 
LoRA from the original pretrained model to obtain a new 
model. Different models were progressively created until 
all 12 Transformer blocks were fine-tuned. The result-
ing CLIP models are designated as ViT-B/16, 32-Low 
or ViT-B/16, 32-High, respectively, with each category 

Fig. 2  Basic structure and key components of CLIP. The models used in this study have 12 transformer blocks (N = 12) in both the text and image encoders
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containing models fine-tuned on a different number of 
Transformer blocks.

Training implementations and evaluation metrics
During the training process, we fixed all pretrained 
weights and only fine-tuned the low-rank matrices 
in LoRA. The training utilized the Adam optimizer 
[53] with β 1 = 0.9, β 2 = 0.99, and a learning rate of 
7 × 10−4. The models were trained for a total of 1000 
epochs, with the first 70 steps allocated to warm up fol-
lowed by a cosine decay schedule for the rest. We also 

applied weighted sampling [54] in training by assign-
ing probabilities inversely proportional to class counts. 
In this way, instances from the underrepresented non-
responsive class have an improved likelihood of being 
selected for training in each iteration, thereby mitigating 
the impact of the substantial imbalance in the dataset. 
Data augmentation involved random 90-degree rotations 
as well as horizontal and vertical flips.

As a comparison, we fine-tuned all original parameters 
of the CLIP model without utilizing LoRA. Additionally, 
we also employed a conventional head-only fine-tuning 

Fig. 3  (a) Architecture of a standard Transformer block. (b) Schematic illustration of LoRA integration into a weight matrix within the Transformer block. 
(c) Illustration of applying LoRA to different subsets of Transformer blocks
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strategy without the text encoder involved: the projec-
tion layer of the CLIP image encoder was substituted 
with a trainable, randomly initialized one-layer classifi-
cation head with two outputs. Only this added classifica-
tion head was updated during training, while keeping all 
earlier layers frozen. Similarly, three classic deep learning 
models pretrained on ImageNet 1 K [55], ResNet 50 [56], 
ViT B/16, and ViT B/32 [48], were also retrained in this 
conventional manner for comparison. For these base-
line models, three learning rates ( 7 × 10−5, 7 × 10−4, 
7 × 10−3) were tested within each cross-validation fold, 
and the model achieving the best validation performance 
in that fold was reported. All other training procedures, 
including the optimizer, warmup and cosine decay sched-
ule, weighted sampling, and data augmentation, were 
identical to those used in LoRA based fine-tuning pro-
cess. The experiments were implemented with PyTorch 
[57] on the NVIDIA RTX 6000Ada GPU, providing 48GB 
of VRAM (video random access memory).

We conducted stratified 5-fold cross-validation to 
assess the models’ performance [58], maintaining a con-
sistent proportion of the two classes in each fold. This 
stratification helps reduce evaluation bias by training 
and testing on datasets that are close to true class distri-
butions. The average classification Accuracy (ACC) and 
AUC (area under the receiver operating characteristic 
[ROC] curve) values are reported, providing a compre-
hensive examination of models’ capabilities [59].

Results
Table 1 presents a detailed comparison of the perfor-
mance and training configurations of various CLIP mod-
els and conventionally fine-tuned deep learning models. 
The CLIP model ViT-B/16-Low, fine-tuned using LoRA 
with N = 5, r = 1, achieved the highest performance 
with an AUC of 0.785 ± 0.039 and an ACC of 0.780 ± 
0.032. The second-best performance was observed for 
ViT-B/16-High with N = 8, r = 2, underscoring the 
effectiveness and adaptability of LoRA. As a comparison, 
fine-tuning all the parameters of the CLIP model (ViT-
B/16 based) did not yield any benefit, especially given 

its low ACC performance. In zero-shot evaluation, the 
original CLIP model classified all cases as non-respond-
ers, indicating that the pretrained CLIP model lacks the 
domain knowledge needed to differentiate between the 
two classes in this study. When employing the conven-
tional head-only fine-tuning method, CLIP model did not 
indicate any performance advantage over conventional 
ResNet or ViT models pretrained on ImageNet-1 K. 
Detailed classification metrics [60], including sensitivity, 
specificity, and precision are provided in Supplementary 
Table 1.

Additionally, the ROC curve and confusion matrix of 
the best performed fine-tuned CLIP model ViT-B/16-
Low (N = 5, r = 1) are illustrated in Fig.  4. The confu-
sion matrix (Fig.  4b) indicates that 97 of the 124 true 
responders were classified correctly, corresponding to a 
sensitivity of 0.782 (97/124). Meanwhile, among the 58 
non-responders, 45 cases were accurately predicted to 
have no response to chemotherapy, yielding a specificity 
of 0.776 (45/58).

Figure 5 shows the performance of the fine-tuned 
CLIP models with LoRA applied to varying num-
bers of Transformer blocks. On average, performance 
tends to improve as LoRA is applied to more blocks, 
whether in lower or higher layers, because includ-
ing additional blocks increases the number of train-
able parameters and allows the model to better adapt 
to the target domain. Nevertheless, the improvement 
is not guaranteed: the best-performing models were 
obtained using fewer blocks and intermediate LoRA 
ranks. For example, the ViT-B/16-Low model achieved 
an AUC of only 0.737 when all 12 blocks were fine-tuned 
( N = 12, r = 2), highlighting that optimal adaptation 
of CLIP to the target task depends on a balanced choice 
of fine-tuned blocks and LoRA ranks to fully leverage its 
pretrained representations.

Discussion and conclusion
In this study, we adopted a parameter efficient fine-tun-
ing method (i.e. LoRA) to optimize a CLIP based founda-
tion model for predicting ovarian cancer chemotherapy 

Table 1  Performance and training setup comparison between CLIP models and conventionally fine-tuned deep learning models
Base Model Model Variants Fine-tuned Layers Fine-tuning

Methods
AUC ACC

CLIP
(400 million image-text 
pairs) [34]

ViT-B/16 Lower layers of both 
image and text encoders

LoRA(N = 5, r = 1) 0.785 ± 0.039 0.780 ± 0.032
ViT-B/32 LoRA(N = 7, r = 1) 0.771 ± 0.041 0.747 ± 0.057
ViT-B/16 Higher layers of both 

image and text encoders
LoRA(N = 8, r = 2) 0.777 ± 0.085 0.758 ± 0.070

ViT-B/32 LoRA(N = 8, r = 3) 0.741 ± 0.100 0.747 ± 0.081
ViT-B/16 All parameters Full fine-tuning 0.768 ± 0.028 0.725 ± 0.052
ViT-B/16 Classification head Head-only fine-tuning 0.659 ± 0.067 0.620 ± 0.110

ResNet (ImageNet-1 K) [56] ResNet-50 0.754 ± 0.089 0.725 ± 0.110
ViT
(ImageNet-1 K) [48]

ViT-B/16 0.707 ± 0.079 0.720 ± 0.091
ViT-B/32 0.664 ± 0.063 0.709 ± 0.084
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response following PDS treatment. The results indicate 
that LoRA method enables the CLIP model to capture 
domain-specific knowledge of chemotherapy response 
effectively, achieving remarkable prediction performance. 
This study highlights a promising strategy for chemo-
therapy response prediction employing one of the most 
current deep learning methods, with several noteworthy 
patterns that need further discussion, as outlined below.

First, almost all LoRA fine-tuned CLIP models achieved 
higher performance on the chemotherapy response task 
than conventional ImageNet pretrained models, except 
for the ViT-B/32 variant with LoRA applied to its higher 
Transformer layers ( N = 8, r = 3), which showed a 
slightly lower AUC (0.741) than ResNet-50 (0.754). LoRA 
based adaptation also outperformed full fine-tuning of 
the CLIP models. This suggests that CLIP models pre-
trained on vast image-text data can better capture tumor 

Fig. 5  Performance comparison of CLIP models: (a, b) ViT-B/16-Low and (c, d) ViT-B/16-High, which are fine-tuned by LoRA on various numbers of Trans-
former blocks N with different rank value r

 

Fig. 4  ROC curve (a) and confusion matrix (b) for the CLIP model ViT-B/16-Low, fine-tuned using LoRA with N = 5, r = 1
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response related patterns in CT images when adapted 
with LoRA, which works by introducing lightweight, 
trainable matrices into selected existing weight matri-
ces ( W q , W k, and W v  in this study), enabling the 
model to refine representations at multiple levels. Mean-
while, LoRA allows flexible selection of a low rank r that 
approximates the intrinsic rank [61] and is just sufficient 
to capture the essential updates for the downstream 
task. Compared with full fine-tuning, which updates all 
parameters of the CLIP model, LoRA achieves superior 
adaptability with substantially fewer trainable param-
eters and a lower risk of overfitting, effectively leveraging 
CLIP’s strong generalization abilities. Meanwhile, con-
ventional head-only fine-tuning is applied to models pre-
trained on the relatively smaller ImageNet dataset, which 
provides less diverse semantic representations than 
CLIP models. Moreover, this approach only updates the 
final classification layers while keeping most pretrained 
weights fixed, further restricting the model’s ability to 
adapt to new tasks.

Second, ViT-B/16 consistently outperformed ViT-B/32 
in distinguishing responders from non-responders, both 
in CLIP models and in ImageNet pretrained ViTs, regard-
less of the adopted fine-tuning method. This superiority 
is likely attributed to the smaller patch size in ViT-B/16, 
which facilitates it to extract finer spatial details and per-
form more intricate attention modeling. In comparison, 
ViT-B/32 may fail to capture these subtle textures with its 
larger patch size, leading to a weaker performance in the 
study.

Third, we found that LoRA is more effective than the 
head-only approach for CLIP fine-tuning, in which the 
text encoder was removed and only the image encoder 
was updated. Interestingly, the head-only approach also 
performs better on conventional ImageNet pretrained 
models than on CLIP’s image encoder. This difference 
may be attributed to the fact that CLIP was pretrained 
with a joint contrastive objective, forcing the two encod-
ers to learn semantically aligned representation. As 
a result, the interactions between the text and image 
encoders are crucial for transferring CLIP’s knowledge 
to new domains, and a fine-tuned classification head on 
the image encoder alone cannot effectively interpret the 
image features extracted by the pretrained CLIP. In our 
setup, the text input is limited to just two static prompts, 
whereas the image input includes the full set of CT scans 
from all cases. Given this imbalance, the results empha-
size that updating both the image and text encoders is 
essential to fully leverage joint vision-language represen-
tations for optimal classification with CLIP.

Fourth, fine-tuning the lower-level Transformer blocks 
of CLIP models with LoRA appears to yield better out-
comes compared to targeting the higher-level blocks. 
Additionally, lower-level blocks required a smaller rank 

r during fine-tuning, indicating that fewer trainable 
parameters are sufficient to adapt these blocks to the 
new domain while minimizing overall computational 
cost. In deep learning models, the low-level layers are 
responsible for learning general features, such as edges 
and textures, while the high-level layers encode more 
abstract and complex representations [62]. This suggests 
that the higher-level Transformer blocks become more 
specialized and function as a robust semantic backbone, 
making them less flexible for adapting to the CT image 
based tumor response prediction task. In contrast, the 
lower-level blocks remain more general and transferable, 
requiring only modest updates for fine-tuning.

Though this study provides valuable insights, there are 
several limitations that should be addressed in future 
work. First, CLIP was fine-tuned on a single 2D slice cor-
responding to the largest tumor area for each patient, 
rather than on 3D volumetric data, potentially missing 
important spatial features critical for tumor characteriza-
tion [33, 63, 64]. Additionally, for patients with multiple 
tumors, other lesions containing potentially informative 
regions were not used, representing a promising source 
of additional information for future model improvement 
[65, 66]. Second, while we utilized the segmented tumor 
regions, the impact of segmentation accuracy on model 
performance was not evaluated. Third, the study pro-
vided two fixed textual prompts for the text encoder, leav-
ing opportunities for performance improvement using 
more diverse prompts [67, 68]. Incorporating richer and 
clinically relevant prompt designs could enable the CLIP 
model to establish more robust associations between 
image and text features. Fourth, this study focused on 
the LoRA as a representative fine-tuning strategy, while 
other PEFT methods, such as Adapters [37], and BitFit 
[69], were not explored. In future work, evaluating and 
comparing alternative approaches would offer a more 
comprehensive perspective on efficient adaptation strat-
egies for CLIP in chemotherapy response prediction. In 
addition, as CLIP was pretrained on non-medical data-
set, a certain degree of domain shift may exist when 
transferring it to medical imaging. Future work could 
also explore fine-tuning foundation models that were 
pretrained on medical datasets [70] and compare their 
adaptation performance with general purpose foundation 
models. Fifth, although cross-validation was employed to 
assess model performance, further evaluation and valida-
tion on more diverse external datasets are still needed to 
confirm the generalizability of this approach. In spite of 
these limitations, this study serves as an initial perfor-
mance assessment of CLIP models fine-tuned with LoRA 
for predicting chemotherapy response. The findings offer 
useful insights into how the large scale vision-language 
foundation model can be adapted to downstream clini-
cal imaging tasks and highlight the potential of PEFT 
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methods to adapt effectively to tasks with limited imag-
ing data.
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