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Abstract

PURPOSE -—~Patient-Centered Outcomes (PCO) are pivotal in cancer treatment, as they directly
reflect patients’ quality of life (QoL). While multiple studies suggest that factors impacting breast
cancer-related morbidity and survival are influenced by treatment side effects and adherence to
long-term treatment, such data is generally only available on a smaller scale or from a single
center. The primary challenge with collecting these data is that the outcomes are captured as free
text in clinical narratives written by clinicians.

METHODS -—Given the complexity of PCO documentation in these narratives, computerized
methods are necessary to unlock the wealth of information buried in unstructured text notes

that often document PCOs. Inspired by the success of LLMs, we examined the adaptability of
three LLMs: GPT-2, BioGPT, and PMC-LLaMA, on PCO tasks across three institutions, Mayo
Clinic, Emory University Hospital (EUH), and Stanford University. We developed an open-source
framework for fine-tuning LLM that can directly extract the five different categories of PCO from
the clinic notes.

RESULTS -—We found that these LLMs without fine-tuning (zero-shot) struggle with
challenging PCO extraction tasks, displaying almost random performance, even with some task-
specific examples (few-shot learning). The performance of our fine-tuned, task-specific models is
notably superior com- pared to their non-fine-tuned LLM models. Moreover, the fine-tuned GPT-2
model has demonstrated a significantly better performance than the other two larger LLMs.

" Corresponding author Banerjee.Imon@mayo.edu (Imon Banerjee).



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Luo et al.

Keywords

1.

Page 2

CONCLUSION -—Our discovery indicates that although LLMs serve as effective general-
purpose models for tasks across various domains, they require fine-tuning when applied to the
clinician domain. Our proposed approach has the potential to lead more efficient, adaptable
models for PCO information extraction, reducing reliance on extensive computational resources
while still delivering superior performance for specific tasks.

Large language models (LLM); few-shot generalization; patient center outcome (PCO); cancer
treatment; side-effects

Introduction

Breast cancer treatment-related physical and mental health outcomes are not always
detectable by laboratory diagnostic tests, but many can be gathered only through patient
communications and are rarely documented in population-wide cancer registries.! There
are two broad types of documentation strategies for patient-specific outcomes, including
side effects: (1) patient-reported outcomes (PRO) — health outcomes directly reported by
the patient in their language either via survey or questionnaire; and (2) patient-centered
outcomes (PCO)— defined as “outcomes” that can only be tracked through patient-
caregiver communication”, as defined by the PCORI.2 Studies® show that routine collection
of PRO can have a positive impact on patient-provider communication, (shared) decision-
making, and symptom management. However, the collection of relevant PRO on time has
traditionally been an extremely labor-intensive, and thus, it is difficult to scale the collection
of PRO in routine clinic workflows. Some studies*°:6 have assessed the feasibility of
monitoring PRO among oncology patients, and their findings suggest that monitoring PRO
outside of clinic visits can reduce the severity and frequency of adverse symptoms and
decrease the number of emergency room visits and hospitalizations.”

However, engaging oncology patients in such routine traditional monitoring activities (e.qg.,
via apps or phone calls) is resource-intensive, and it only enables the collection of limited
information from adherent patients. PCO, unlike PRO, are documented in a free-text format
by clinicians (e.g., physicians, nurses) in nonverbal, verbal, face-to-face, or non-face-to-face
methods.8 Given the complexity of PCO documentation, computerized methods, including
machine learning and natural language processing (NLP), are necessary to unlock the wealth
of information buried in unstructured textual notes that often document PCO. A few rule-
based and supervised NLP systems were proposed to extract PCO from clinical notes of
cancer patients; 19 however such methods have limited generalizability when applied to
different institutions, given variability in linguistic expression.

Large Language Models (LLMs) are universally built upon the Transformer architecture,1!
incorporating self-attention and multi-head attention mechanisms. This innovative design
empowers LLMSs to master con- textual representation in the free-text, essential for
understanding the nuances of natural language. LLM?2 can be leveraged for the

automatic interpretation of free-text clinical narratives by exploiting distributional semantics
and contextual learning to provide adequate generalizability by addressing linguistic

JCO Clin Cancer Inform. Author manuscript; available in PMC 2025 August 01.
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variability.13:14 The trajectory of clinical information extraction is aligned with the evolution
of LMs from fine-tuning approaches with language models (LMs)1516to zero-shot!7:18 and
few-shot19 approaches without any downstream task training. While LLMs have shown
promise in general clinical information extraction, their application to PCO extraction
remains underexplored, marking our study as a novel contribution to the field. Our work
comprehensively investigates LLMs on PCO tasks by fine-tuning, zero-shot, and few-shots
approaches.

To ensure confidentiality and compliance with privacy regulations, we focus open-source
models such as LLama-2 models2 Based on Llama-2, researchers have adapted these
models to the biomedical or clinical domains.21:22:23 \We explore the application of state-of-
the-art LLMs for PCO extraction tasks without any specific fine-tuning, using one generic
model, GPT-2, and two extensively trained models in the biomedical field: BioGPT and
PMC-LLaMA. We aim to extract five common side effects of breast cancer treatments -
fatigue, nausea, anxiety, depression, and lymphedema. We also devised an efficient LLM
fine-tuning paradigm to extract complex PCO data from clinic notes. We evaluated the
performance of the model on both in-domain (Mayo Clinic) and out-of-domain (Emory
University Hospital (EUH) and Stanford University) data.

Material and Methods

Figure 1 represents the pipeline of our proposed LLM modeling which parsed all the clinic
notes of the patients as input and extracted the five targeted PCOs from the free text clinic
notes for each encounter.

2.1. Annotation protocol

We aim to extract common treatment-related side effects following breast cancer therapy
from multiple types of clinical notes, including nursing notes and oncology notes (see
Supplementary text). We first created a detailed annotation protocol for each category by
discussing with breast oncologists how we should classify text as attributing the PCO to
breast cancer treatment (see Supplement table 1, 2). To create the “ground truth” for PCOs,
three expert clinical readers manually reviewed the free-text notes and annotate if each PCO
is positive or negative.

2.2. Text snippet extraction

To establish the vocabulary for the PCO extraction task, we compiled the following two
complementary dictionaries: the target term list, which was a publicly available terminology
program (Clinical Event Recognizer) extended with 46 additional terms by leveraging a
combination of vocabularies from OBO-approved ontologies - MedDRA, NCIT, and Mental
Health Management Ontology (Supplementary table 2); and the modifier list, which was

a list of modifier terms, including negations (e.g., no, rule out), temporality (e.g., history,
current), family (e.g., mother, sister) and discussion (e.qg., risk of, may introduce). Finally,

a keyword-based sentence retrieval method was applied to each clinic note, which selected
only the sentences that contained at least one of the PCO-related terms as a named entity
and generated a text snippet by combining the sentences extracted from the whole notes as

JCO Clin Cancer Inform. Author manuscript; available in PMC 2025 August 01.
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the PCO documentation can span across multiple sentence. We dropped all PCO that had
historical temporality or discussion modifiers.

2.3. Pretrained Language Models

We investigate three LLMs; all of them are based on decoder-only models, which emphasize
the use of self-attention mechanisms to process sequences in a unidirectional or auto-
regressive manner and predict one-word token at a time. It leverages information only from
previously seen tokens to predict the next token, and this will be fed back to the model input
to predict a new token until the stopping criteria are satisfied, such as the end-of-sentence
token is predicted or the maximum generation length is reached. Selection criteria of these
three models was twofold. Firstly, we assess the significance of domain-specific pretraining
on the performance of the PCO extraction task. GPT-224 serves as a non-domain-specific
model since it has not been trained on clinical datasets. In contrast, BioGPT25 and PMC-
Llama have undergone extensive pretraining on biomedical literature and clinical notes data.
Secondly, we explore how the size of a model influences its performance on the PCO
extraction task. The models vary significantly in size: GPT-2 (0.22 billion parameters) is

the smallest model, BioGPT is mid-sized (2.7 billion parameters), and PMC-Llama2? is

the largest (7 billion parameters). Our approach ensures a balanced examination of both
domain- specific pretraining and model size, enabling us to draw nuanced conclusions about
their respective impacts on the PCO extraction task. We describe each model in detail in
Supplementary text and Supplementary Table 3 presents the comparison of these models.

2.4. In-context learning of LLMs

LLMs have in-context learning ability, which refers to the model’s ability to understand and
perform tasks based on the context provided in the input, without prior specific training

on those tasks.2® This is achieved by interpreting and adapting to the patterns or examples
included in the input prompt, allowing the model to generate relevant responses or perform
specific tasks based on this immediate context. There are two types of in-context learning
that we will describe in the following.

Zero-shot.—In the zero-shot situation, a prompt is constructed as a question using a
predefined template: “Based on the input text, does the patient have X?” Here, ‘X’ is
substituted with each PCO (e.g., ‘fatigue’, ‘depression’, ‘anxiety’, ‘nausea’, ‘lymphedema’),
followed by a clinical note serving as the “input text’. Given the prompt and the input text,
the model will generate an answer, if the answer is “Yes”, it indicates that the presence of
‘X" is confirmed in the clinical note. Conversely, a “No” response signifies that ‘X’ is not
present/confirmed.

Few-shot.—The prompt is the same as in the zero-shot learning case, but for each input
text, we provide a few examples of the same task to the LLM. Each example is composed
of an input text and a response (*Yes” or “No”). We use internal data (from Mayo) as the
pool of in-context examples (see Supplementary Figure 1). Furthermore, we study a range
of in-context examples to see the effects of the number of examples in the context. To
avoid label bias, we evenly sample the examples for each label, for example, if we target
4 in-context examples, we will select 2 examples with a response of “Yes” and 2 examples

JCO Clin Cancer Inform. Author manuscript; available in PMC 2025 August 01.
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with a response of “No”. Previous work has also shown that the model tends to predict the
same answer as the examples that are closer chronologically to the input.2” To avoid such
bias, in each inference, we randomly shuffle the order of the examples. Lastly, we select
the in-context example from the same type of prompt. For example, if the prompt is about
“Fatigue”, then, we only select examples that are also about “Fatigue”.

2.5. Fine-tuning of GPT-2 and BioGPT

2.6.

2.7.

Unlike in-context learning, where the trainable parameters of the models are not changed,
here we update the model parameters by fine-tuning the GPT-2 and BioGPT models on

the internal training dataset. We optimize the loglikelihood of the ground truth answer,
mathematically, ¢ = ¥ logP(a;| h, a.)) where K'is the number of tokens in answer a, ;is the

/" token in a, and & corresponds to a special beginning of sequence (BOS) token, h is the
input sequence token. Specifically, since the label of this task is either “Yes” or “No”, K'is
always 1. We use the same inference strategy discussed in the previous section. We initialize
the model with the pre-trained weight of gpt-2 and BioGPT, the learning rate is set 2e-5,
and the total training epoch is 10, batch size of 16. The optimizer chosen for this task was
AdamWw.28

Efficient Parameters Fine-tuning of PMC-LLaMA

Even the smallest LLama model (7B) is too big to be trained on most academic hardware.
We apply LoRA (Localized Reweighting of Attention),2° one of the state-of-the-art EPFT
techniques, to train our model. We fine-tune PMC-Llama using the same Mayo Clinic
training dataset that is utilized for the full fine-tuning of GPT-2 or BioGPT and applied the
learning rate of le-4, the linear learning rate scheduler, the total training epoch of 5, and the
batch size of 128. Such hyper-parameters are adapted from Alpaca-loral.

Inference Process

We studied three auto-regression models that generate the next tokens by conditioning on
the input text. Theoretically, we use greedy search meth- 0ds3C to generate the answer,
meaning that every generated token is chosen based on the largest probability of the entire
vocabulary. However, if we use auto-regressive generalization methods, the model tends to
predict free-form answers (e.g. instead of answering “No”, the model generates a sentence
“based on the information you provide, the patient does not have fatigue because ...”),
which causes difficulty in the evaluation process since the performance will be dependent
on post-processing of model’s answers. Thus, instead of generalization, following previous
works,3! we get the probabilities of the two labels “Yes” and “No” by first computing their
individual loss values, then applying negative log-likelihood to these values, and finally
using the argmax function to ascertain the model’s final prediction.

1 https://github.com/tloen/alpaca-lora
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3. Result
3.1. Cohort

We obtained IRB approvals with waivers of informed consent at each site for analyzing
clinical notes for breast cancer patients. Table 1 presents the overall characteristics for the
Mayo Clinic, Emory University Hospital (EUH), and Stanford University breast cancer
cohorts. Supplementary Table 4 presents the training and validation datasets; only Mayo
Clinic data are used for training and internal validation and Stanford and EUH datasets are
used for external evaluation. We calculated the agreement (Cohen’s kappa) between two
annotators using 50 Mayo clinic notes and observed an agreement of 0.85. All data were
annotated internally within the institutional firewall following the same annotation protocol
(Sec. 2.1). The performance of the LLM models was assessed on both internal and external
test sets where we calculated Precision, Recall, and F1 scores using the optimal operating
point based on the Youden Index32 derived from each ROC curve (see Supplementary Figure
2,3,4).

3.2. Zero-shot and Few-shots Model Performance

For in-context learning, we evaluate BioGPT, GPT2, and the PMC- Llama performances,
and the results in terms of AUC are presented in Figure 2. First, when observing the zero-
shot inference on these pre-trained LLMs, indicated by the 0 examples (x-axis), it is evident
that the AUC scores frequently fall below 0.5 and the models are more inclined to classify
the text as “No” rather than “Yes” in most cases. This might indicate that models have an
inherent bias that represents the real-world distribution where negative PCO recordings are
appearing much more than the positive ones.

Second, it is often observed that the performance in a few-shot context surpasses that of
the zero-shot scenario. Nevertheless, increasing the quantity of demonstration examples
for PCOs does not consistently lead to enhanced performance which could be due to the
wide variety of ways that PCOs are described. Given the strict vocabulary for describing
lymphedema, it shows consistent improvement across few-shot learning but the trend
does not continue for the EUH as there is only a single positive case. Third, despite

some variations in their performances, BioGPT and PMC- LLaMA showcase relatively
comparable results. This similarity occurs notwithstanding the fact that PMC-LLama has
been trained on a larger dataset and possesses a greater number of parameters. Finally, the
overall zero-shot and few-shot outcomes for both models are inadequate, signifying that
the PCO tasks pose a significant challenge to the LLMs. This underscores the need for
domain-specific fine-tuning to enhance performance for complicated targeted information
extraction tasks.

3.3. Fine-tuned Model Performance

In-domain Performance.—Table 2 presents the in-domain (Mayo test set) performance
of three different LLM models. Among all models, the GPT-2 model achieves the highest
performance across all metrics, despite possessing the least number of trainable parameters
(0.22B). Conversely, the PMC-LLaMA model, despite being the largest model (7B), shows
the worst results. This contrast suggests that an efficient parameter tuning approach (see Sec.

JCO Clin Cancer Inform. Author manuscript; available in PMC 2025 August 01.
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2.6) can tailor a model to a specific task, but it might not be as effective as fully fine-tuning
a smaller model. Delving into the performance of GPT-2, we observe that the recall value is
high while the precision value is moderate. This reflects that the model can capture most of
the positive PCO cases which is very important in the clinical domains, on the other hand,
the model predicts some false positive cases.

Out-of-domain Performance.—Table 2 highlights the performance of the models on
independent data (Emory and Stanford test sets). Overall, both GPT-2 and BioGPT achieve
better performance than PMC-LLaMA, and in terms of recall for PCO, all three models
demonstrate satisfactory performance on the independent test sets. On EUH data, GPT-2

is better than BioGPT, with the best performance on two categories out of five (Fatigue,
Anxiety). Three models show relative poor precision on ‘Anxiety’ as the models are
identified anxiety which is not particularly related to breast cancer treatment outcome, e.g.
‘Patient is anxious about the surgery’. On Stanford data, BioGPT is better than GPT-2,
with the best performance on three category out of five (Fatigue, Depression, Nausea).
Nevertheless, GPT-2 is compatible with BioGPT on four categories except for ‘depression’.
To summarize, BioGPT and GPT-2 achieve similar out-of-domain performance, even though
GPT-2 is much smaller than BioGPT, which demonstrates that fine-tuning a relative small
model on domain-specific tasks is an efficient approach.

3.4. Qualitative Analysis

We visualize the attention map of a set of true-positive and false-positive examples of GPT-2
as being the model with the best performance on both internal and external test sets (Fig.

3). The line in the figures shows the attention between the positive word prediction *Yes’
and all the other words in the input text snippet and wider line width represents a higher
attention value. As seen from true positive examples, the model is assigning more attention
to the PCO-related words (e.g. fatigue, depression) and their confirmation (e.g. patient,
about, procedure). False-positives primarily resulted due to PCO documentation in clinical
notes that are not caused by cancer treatment side-effects, e.g. ‘she is anxious to speak with
the gynecologist.” where the model is attending to the word ‘anxious’ but not to ‘speak
with” and missing the context of the PCO. Such instances, known as hard-negatives, present
significant challenges for only identifying breast cancer treatment related PCOs.

4. Discussion

We designed a fine-tuning framework for LLMs for extracting treatment- related side
effects following breast cancer therapy from multiple types of clinical notes. We compared
the performance of light-weight (GPT2), middle-weight (BioGPT), and heavy- weight
(LLaMA) LLMs for the same extraction task on the in-domain and out-of-domain test
sets. We released our extraction code with the academic open-source license in Github?
for community use to receive some feedback. To our knowledge, this is the first study that
reports LLM frameworks that can extract breast cancer treatment-related side effects from

2 https://github.com/imonban/pco_extraction_man
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clinic notes and appear to generalize to data from independent institutions. Such a tool could
be extremely useful for understanding breast cancer treatment-related side-effects.

Our experimental findings highlight that, although LLMs have shown re- markable
capabilities in general domains, fine-tuning remains crucial for specialized tasks in the
clinical domain. Moreover, fine-tuning enables smaller language models to rival larger ones
in performance. Considering computational resource constraints, fully fine-tuning a smaller
model might be more effective than partially fine-tuning a larger one. The fine-tuning
approach also demonstrated that LLM models trained on data from one institution could
effectively generalize to data from other institutions, although performance varies among
PCO.

We also demonstrated that with the increasing number of in-context examples, the model
performance increases for some PCOs. However, it comes at the cost of longer inference
time and larger GPU memory. An interesting observation is that for some PCO that

have limited variation in terms describing them, such as lymphedema, in-context prompt-
based learning with more samples continuously improves performance; however, with more
generic terms that can be described less specifically (e.g., fatigue), we do not observe the
same improvement.

Our LLM-based targeted information extraction framework directly reads the temporal
sequence of long clinic notes and extracts the targeted 5 PCOs from the free text. Fig.
4 shows a sample patient with 161 clinic notes with 36 notes that mentioned any PCO
recording and 9 positive occurrences, and most of the positive PCO is recorded during
surgery and after the start of hormone therapy.

For the PCO extraction task, there is a potential for use of simpler methods like TF-

IDF with logistic regression to perform this task. However, their effectiveness is limited

by the small training data sets,33 leading us to choose LLMs with zero-shot and fine-
tuning. Previous work34 indicates that without fine-tuning, LLMs can’t independently make
treatment recommendations but can assist oncologists. Our findings suggest that for clinical
applications, LLMs must be fine-tuned to aid in decision-making, aligning with previous
literature that underscores their supportive role in healthcare. \We’ve used attention maps

to highlight keywords in clinical notes, a technique to demystify transformer models (Fig.
3), and SHAP (Shapley Additive exPlanations)3° can be another way to interpret the model
prediction.36

The model has only been trained on five focused PCO labels in a controlled environment.
We will extend the architecture to include additional PCO labels, such as suicidal ideation
and pain. Moreover, our study focuses on extracting binary labels for each PCO, we plan
to expand our analysis to include the severity of each PCO to enable more personalized
healthcare interventions. To address the PCO label imbalance, we implemented down-
sampling of the negative instances through random selection. Although this approach
reduces bias towards predicting the negative label, it also limits the diversity of negative
examples in our training set, potentially overlooking varied negative patterns. In future,
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we plan to add data augmentation as a potential remedy that automatically generates more

positive instances, enabling us to maintain a larger dataset without sacrificing negative data
comprehensiveness. Lastly, our best fine-tuned model, GPT-2 achieves modest precision and
resulted false positives, so the output may still requires manual review.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Context Summary

Key objectives:

Develop an open-source natural language processing system to extract to extract five
common side effects of breast cancer treatments - fatigue, nausea, anxiety, depression,
and lymphedema, from free-text clinic notes.

Knowledge generated:

Although Large Language Models (LLM) have shown re- markable capabilities in
general domains, fine-tuning remains crucial for specialized tasks such as side-effect
extraction in the clinical domain. Moreover, fine-tuning enables smaller LLM to rival
larger ones in performance for the complex extraction task.

Relevance:

Patient-Centered Outcomes (PCOs) are vital in cancer treatment as they offer significant
insights into the quality of life (QoL) of patients. Studies indicates that treatment side
effects impact morbidity and survival rates in breast cancer and influence adherence to
prolonged treatment regimens. However, PCOs are often difficult to access as they are
embedded within clinical notes.

Large Language Models (LLMs) have shown promise in clinical data extraction tasks.
This study presents strategies, including fine-tuning and other advanced approaches,
that are essential for comprehending complex language structures. Zero-shot learning
is insufficient for these tasks, underscoring the need for more tailored methods to
effectively extract and utilize PCOs from clinical documentation.
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Figure2.
The AUC score of the PMC-LLama2, BioGPT, and GPT-2 models on the PCO task -

(top) Mayo test set, (middle) Stanford dataset, and (bottom) on Emory dataset. The X-axis
represents the number of in- context examples and the Y-axis shows the corresponding AUC
value.
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Cohort characteristics: Mayo (internal) and Stanford and Emory (EUH) (external).

Table 1:

Mayo clinic (%) | EUH (%) Stanford (%)
Total patients 26,692 33,077 8,956
No. of clinic notes/patient 6,516,013 2,846,987 1,065,400

Average length of notes (no. of words)

844 (+/- 762)

756 (+/- 643)

1023 (+/- 232)

Age - mean and std 65 (+/- 20) yrs 50 (+/- 10) 54 (+/-13)
Race

White 14,170 (93) 15546 (47) 6,726(75)
Black 343 (2.5) 17,200(52) 325(4)
Asian 245 (1.5) 331 (1%) 1,353(15)
American Indian 82 (0.5) 0 17(1)
Unknown 361 (2.5) 0 486(5)
Ethnicity

Hispanic 326 (2.5) 661 (2%) 842(9)
Non Hispanic 14,547 (95) 32,000097%) | 7649(85)
Unknown 328 (2.5) 416(1.2%) 465(5)
Nuclear grade

1 (well differentiated) 4,003 (26.5) - 1609 (18)
11 (moderately differentiated) 6,683 (44) - 3,363(38)
111 (poorly differentiated) 4,191 (27.5) - 3,984(44)
Unknown 324 (2) - -
Generation chemotherapy

Generation 1 258 (2) - -
Generation 2 1,397 (9) - -
Generation 3 4,231 (28) - -

No chemotherapy 9,315 (61) - -
Train/Test Data Split (note level)

Train 3924 - -

Test 1450 474 525
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AUROC, Precision, Recall, and F1 scores of three models. The optimal operating point is chosen based on the

ROC. 95% confidence interval is calculated using bootstrapping.

GPT-2 BioGPT PMC-Llama
Cohort PCO
AUC Precision Recall F1 AUC Precision Recall F1 AUC Precision Recall F1
0.97 0.66 0.94 0.72 0.96 0.65 0.91 0.71 0.90 0.60 0.84 0.62
Fatigue [0.97,0.98] [0.95,0.98] [0.88,
0.93]
0.99 0.65 0.98 0.72 099 0.61 0.96 0.67 0091 0.55 0.87 0.54
Depression
[0.98,0.99] [0.95,0.98] [0.88,0.93]
Mayo 0.97 0.61 0.92 0.65 0.94 0.61 0.89 0.65 081 0.56 0.78 0.57
in- Anxiety
domain [0.97,0.98] [0.93,0.98] [0.78,0.85]
0.97 0.65 0.91 0.70 0.95 0.60 0.89 0.63 0.92 0.58 0.85 0.59
Nausea [0.96,0.98] [0.94, [0.90,0.94]
0.96]
0.97 0.66 0.95 0.73 097 0.62 0.93 0.66 0.88 0.57 0.83 0.59
Lymphedema
[0.97,0.98] [0.96,0.98] [0.85,0.93]
0.95 0.94 0.97 0.95 0.94 0.91 0.95 093 0.92 0.88 0.91 0.89
Fatigue
[0.95,0.96] [0.94,0.97] [0.91,0.95]
0.90 0.88 0.92 0.90 092 0.90 0.95 092 0.89 0.80 0.86 0.81
Depression
[0.89,0.94] [0.92,0.94] [0.88,0.91]
EUH 0.86 0.62 0.92 0.65 0.85 0.61 0.91 0.63 0.80 0.57 0.80 0.57
out-of-  Anxiety
domain [0.84,0.88] [0.83,0.87] [0.77,0.82]
0.97 0.98 0.94 0.96 0.98 0.93 0.94 094 0.96 0.85 0.90 0.87
Nausea
[0.96,0.98] [0.97,0.99] [0.95,0.97]
1.0 1.00 1.00 1.00 1.0 1.00 1.00 1.00 1.0 1.00 1.00 1.00
Lymphedema
[1.0,1.0] [1.0,1.0] [1.0,1.0]
0.94 0.78 0.89 0.82 0.96 0.71 0.91 0.75 0.90 0.69 0.85 0.72
Fatigue
[0.92,0.98] [0.94,0.97] [0.85,0.94]
0.82 0.74 0.85 0.78 0.97 0.65 0.94 0.70 0.8 0.60 0.85 0.61
Depression
[0.74,0.93] [0.95,0.98] [0.80,0.95]
Stanford 0.95 0.78 0.93 0.83 0.94 0.63 0.88 0.67 0.84 0.60 0.81 0.61
out-of-  Anxiety
domain [0.94,0.98] [0.92,0.97] [0.77,0.92]
0.91 0.75 0.87 0.79 0.96 0.76 0.91 081 0.92 0.64 0.85 0.66
Nausea
[0.88,0.97] [0.94,0.98] [0.86,0.96]
0.92 0.61 0.90 0.64 091 0.58 0.83 0.59 0.8 0.58 0.81 0.59
Lymphedema
[0.88,0.97] [0.85,0.96] [0.79,0.97]
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