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Abstract

This study assesses semi-supervised deep anomaly detection (AD) methods and
novel zero-shot LLM prompts for identifying prostate cancer patients at risk of se-
vere radiotherapy-induced symptoms via patient-reported outcomes (PROs). While
LLMs underperformed compared to semi-supervised AD models in key metrics
(e.g., precision, recall, and F1-score), they provided valuable decision explanations
and required no training data. This highlights their potential for straightforward
clinical deployment without the need for extensive model development.

1 Introduction

The integration of patient-reported outcomes (PROs) [15, 21] in radiation therapy addresses the
critical need to capture the subjective patient experience, including symptom burden and quality of
life [6], which traditional clinician-reported metrics often miss. This shift toward patient-centered
care, driven by regulatory mandates and validated instruments, is essential for evaluating treatment
efficacy, guiding personalized decisions, and improving supportive care throughout treatment and
survivorship.

To analyze PROs, machine learning [12, 20, 18, 19] is increasingly employed. While traditional
models like ensemble methods and deep learning architectures [4, 7, 17] predict high-risk symptoms,
they face limitations including data scarcity. This work introduces zero-shot Large Language Model
(LLM) prompts under anomaly detection settings. This approach leverages pre-trained clinical
reasoning to interpret PRO data without task-specific training, enabling explainable, adaptable, and
real-time identification of high-risk patients for proactive intervention.
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2 Related Work

While PRO analysis methods specific to RT remain underdeveloped, ML/DL approaches [20] have
shown promising applications in PRO research across related domains. For example, Grover et al.
[5] compared patient-reported toxicities across prostate cancer treatments, revealing that surgery
was associated with higher rates of urinary and sexual side effects compared to RT. Confirmatory
factor analysis was employed to identify clinically relevant symptom clusters and their relationships
with radiation dose distributions [8]. Brocas et al. [2] further investigated functional outcomes
and adverse effects across treatment modalities, including radical prostatectomy, RT, and active
surveillance, highlighting differences in patient experiences. Exploratory work by Arbab et al. [1]
identified distinct subgroups of cancer patients undergoing RT with divergent mental health and
well-being trajectories, alongside their socio-demographic and clinical predictors. Beyond oncology,
Staartjes et al. [13] developed deep neural networks and logistic regression models to predict PROs
following lumbar discectomy, demonstrating the versatility of ML in surgical outcomes research.
Similarly, Tschuggnall et al. [14] applied ML to a multi-modal dataset of over 1,000 patients to
predict rehabilitation success, underscoring its utility in post-treatment care. In breast cancer research,
Pfob et al. [10] validated ML algorithms to predict clinically significant differences in long-term
breast satisfaction using BREAST-Q scores, offering tools for personalized outcome forecasting.
Finally, Yang et al. [23] combined ML with traditional statistical modeling to explore associations
between radiation treatment parameters and post-therapy gastro-urinary function, bridging technical
and patient-centered perspectives.

3 Proposed Method

3.1 Problem Statement

Predicting patients with severe health status undergoing radiotherapy can be framed as an anomaly
detection problem (binary classification) by treating the minority of high-risk patients as rare devi-
ations from the majority of patients who respond typically to treatment. In this context, “normal”
data corresponds to patients with mild symptoms, while “anomalies” represent those at risk of acute
adverse effects, unexpected deterioration or life-threatening reactions. Anomaly detection models
can be trained on non-severe cases to learn baseline patterns in features like treatment parameters,
biomarkers, or patient history. Deviations from these patterns signal potential high-risk patients,
addressing class imbalance inherent in severe outcomes. Challenges include ensuring model sensitiv-
ity to clinically meaningful anomalies, minimizing false positives, and integrating temporal data to
enable early intervention and timely clinical adjustments.

3.2 Semi-supervised Deep Anomaly Detection Approaches

Deep Semi-supervised Anomaly Detection (DeepSAD) [11] extends the unsupervised deep SVDD
framework by incorporating labeled normal and anomalous samples alongside unlabeled data. It
learns a latent representation where normal data is tightly clustered around a predefined center
(minimizing entropy), while labeled anomalies are pushed away (maximizing entropy), avoiding the
restrictive cluster assumption for anomalies; (2) Pairwise Relation prediction-based ordinal regression
Network (PReNet) [9] is a deep weakly-supervised anomaly detection method designed to detect
both seen and unseen anomalies. It learns discriminative patterns by predicting pairwise relations
(anomaly-anomaly, anomaly-unlabeled, unlabeled-unlabeled) between instances, leveraging a small
set of labeled anomalies and a large unlabeled dataset (mostly normal). By training a neural network to
assign ordinal scores to these pairs, PReNet captures various abnormality and normality interactions,
avoiding overfitting to seen anomalies. During inference, anomaly scores for test instances are
computed by aggregating predictions from multiple pairs formed with training data; (3) Extreme
Gradient Boosting Outlier Detection (XGBOD) [24] is a semi-supervised ensemble framework
designed to enhance anomaly detection by integrating unsupervised representation learning with
supervised classification. It operates in three phases: first, it applies diverse unsupervised outlier
detection methods to generate transformed outlier scores (TOS), which serve as enriched data
representations capturing outlier characteristics; second, it selects the most useful TOS via strategies
like accuracy-based or diversity-aware selection to balance computational efficiency and predictive
power; third, it combines these selected TOS with original features and trains an XGBoost classifier
on the augmented feature space.
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Figure 1: Confusion matrix of three different semi-supervised AD approaches (First column: Deep-
SAD, Second column: PReNet, Third column: XGBOD) and two zero-shot LLM-AD AD approaches
(Fourth and Fifth columns) for prostate cancer patients (First row: bowel pain; Second row: sexual
function; Third row: depression feeling).

A Reasoning Example in Llama 3.1-8B

Text sample: “Overall, how much of a problem has your urinary function been for you? : Big
problem | Increased frequency of your bowel movements: Big problem | ... ... | Sleeping- How
many times did you most typically get up to urinate from the time you went to bed at night until
the time you got up in the morning?: Two Times (2) | Total International Prostate Symptom
Score = 1-7 Mild Symptoms 8-19 Moderate Symptoms 20-35 Severe Symptoms Regardless of
the score, if your symptoms are bothersome you should notify your doctor: 30.0 | If you were to
spend the rest of your life with your urinary condition just the way it is now, how would you feel
about that?: Unhappy”

Response: {“The patient reports a ‘Big problem’ with urinary function, pain or burning with
urination, weak urine stream/incomplete bladder emptying, need to urinate frequently, increased
frequency of bowel movements, and overall problems with bowel habits. These symptoms
suggest a significant impact on the patient’s quality of life, indicating a clinically significant
rectal pain or urgency of bowel movements issue.”, “anomaly_score”: 0.9}
Note: The patient’s responses indicate a high level of symptom severity, particularly with regard
to urinary function and bowel habits, which suggests a clinically significant rectal pain issue.
The anomaly score of 0.9 reflects a high confidence in this assessment.

3.3 LLM-AD Prompts

The design of the prompts plays an important role for the zero-shot LLM-based anomaly detection
as the performance of LLM is highly affected by the clarity and correctness of the prompts. We
implement two settings in AD-LLM [22] using Meta Llama 3.1-8B. The prompt template setting
for “Zero-shot LLM-based using patients with mild and severe symptoms” is summarized in Table 2
(Appendix). The prompt template setting for “Zero-shot LLM-based using patients with mild
symptoms solely” is similar to Table 2. The main difference between these two prompt settings is
that the anomaly categories in the zero-shot LLM are defined as mild and severe symptoms, which
are highlighted in red in Table 2 (Appendix).

Task Information [3] and Chain-of-Thought (CoT) [16] techniques are used in prompt design. Firstly,
we give a clear definition of the PRO task. We collaborate with a radiation oncologist to carefully
design scenarios of severe symptoms to ensure that the LLMs can understand anomaly definition
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in text-based PRO reports. Secondly, a strict scoring mechanism description is given to LLM for
determining the anomaly score. Thirdly, step-by-step reasoning with CoT encourages LLMs to
sequentially produce the reason and anomaly score in a structural and logical way. Lastly, a clear
response format ensures the LLM can answer in a correct JSON format.

Text Box 3.2 shows the reasoning process of the zero-shot Llama 3.1-8B model. For the input text
sample, each PRO questionnaire and corresponding response are organized in “key: value” format,
separated by pip symbols (|). By passing the Text Sample to the Prompt, the PROs query will
embedded as “{text}” in Table 2 (Appendix). The Llama 3.1-8B follows the prompt and interprets
structured PRO data then provides the reason and anomaly score. For example, in Box 3.2, the
LLM reports the patient’s responses to indicate a severe problem with urinary function and increased
frequency of bowel movements. As a result, these symptoms suggest a clinically significant rectal
or urgency of bowel movements issue. Zero-shot Llama 3.1-8B gives a high confidence in this
assessment with an anomaly score of 0.9.

4 Experimental Results

4.1 PRO Data

The prostate PRO dataset comprises 22 instruments measuring urinary, bowel, sexual, and vitality/hor-
monal health, featuring three target measurements: (1) rectal pain/urgency of bowel (assessed via
EPIC-CP/IPSS for HRQoL), (2) sexual function, and (3) depression (both capturing prostate-specific
symptoms). Responses were classified as mild symptoms (“No problem”, “Very small problem”,
“Small problem”) or severe symptoms (“Moderate problem”, “Big problem”). Following exclusion of
records with missing PRO data, the final cohort includes: 10,356 mild vs. 586 severe cases for rectal
pain/urgency; 8,444 mild vs. 1,998 severe cases for sexual function; and 10,266 mild vs. 665 severe
cases for depression.

4.2 Baseline Methods

In our experiments, the baselines include three semi-supervised AD-PRO approaches (i.e., DeepSAD
[11], PReNet [9], and XGBOD [24]), and our two zero-shot LLM-AD methods. One is the zero-shot
LLM-based prompts using patients with mild symptoms solely (Meta Llama-3.1-8B) for PRO severe
symptoms prediction. Another one is the zero-shot LLM-based Prompts using patients with mild
and severe symptoms (Meta Llama-3.1-8B) for PRO severe symptoms prediction. We perform the
experiments on a Windows workstation with a 3.10 GHz Intel Xeon w5-2445 processor and 32GB
4800 MHz memory. Llama 3.1-8B runs on dual NVLink NVIDIA RTX A4500 GPU with 40 GB
RAM.

4.3 Overall Comparison

Table 1: Overall Performance Comparison of different AD Models (including AUC, AUCPR,
Precision, Recall, and F1-score).

Category Model Bowel Pain Depressed Feeling Sexual Function
AUC AUCPR Precision Recall F1 AUC AUCPR Precision Recall F1 AUC AUCPR Precision Recall F1

Semi-supervised AD
DeepSAD 0.9200 0.8618 0.7416 0.8426 0.7888 0.7872 0.6982 0.5982 0.8233 0.6919 0.7522 0.3771 0.3177 0.7568 0.4475
PReNet 0.9565 0.9254 0.8826 0.8638 0.8731 0.8240 0.7312 0.6338 0.8459 0.7246 0.7691 0.4033 0.3198 0.8283 0.4616
XGBOD 0.9554 0.9123 0.8381 0.8809 0.8589 0.7890 0.6929 0.6344 0.7890 0.7035 0.7745 0.4182 0.3263 0.8088 0.4650

Zero-shot LLM-AD Llama-3.1-8B Mild 0.8352 0.7173 0.7348 0.6997 0.7168 0.6555 0.4993 0.4774 0.8571 0.6132 0.7078 0.2901 0.2769 0.9650 0.4303
Llama-3.1-8B Mild + Severe 0.8843 0.8038 0.8011 0.7423 0.7706 0.7274 0.5799 0.5362 0.8346 0.6529 0.6938 0.2802 0.2836 0.9459 0.4364

Table 1 presents the overall experimental results comparing all approaches across AUC, AUCPR,
Precision, Recall, and F1 score. Overall, the semi-supervised model PReNet demonstrates the
strongest and most consistent performance. It achieves the highest scores in the Bowel Pain category
across all metrics (AUC: 0.9565, AUCPR: 0.9254, Precision: 0.8826, Recall: 0.8638, F1: 0.8731) and
also leads in the Depressed Feeling category. The XGBOD model is a close competitor, particularly
in Bowel Pain, where its performance is nearly on par with PReNet. In contrast, the DeepSAD model
shows solid performance in Bowel Pain but falls behind in the other two categories.

The zero-shot LLM-based models, Llama-3.1-8B Mild and Llama-3.1-8B Mild+Severe, exhibit a
significant performance trade-off, particularly in the Sexual Function category. While their Recall
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Figure 2: ROC curves with AUC values of different semi-supervised AD approaches (top panel) and
zero-shot LLM-AD AD approaches (bottom panel) for prostate cancer patients (First column: bowel
pain; Second column: sexual function; Third column: depression feeling).

scores are exceptionally high (up to 0.9650), indicating a strong ability to identify most true severe
patients, this comes at the cost of very low Precision (as low as 0.2769). This results in a high number
of false positives and consequently poor F1-scores (∼ 0.43) and AUCPR values (∼ 0.28), the lowest
among all models. This pattern suggests that without fine-tuning, these LLMs tend to be overly
cautious, flagging too many instances as anomalous in the more challenging Sexual Function task.

4.4 Confusion Matrix Comparison

The PReNet and XGBOD methods have demonstrated significantly better confusion matrices, achiev-
ing high diagonal values for both Class 0 and Class 1. This improvement is especially pronounced
for patients with severe bowel pain. The zero-shot Llama 3.1-8B model (Figure 1) also shows this
capability. Furthermore, for severe sexual function problems and depression feelings, zero-shot
Llama 3.1-8B demonstrates promising performance, achieving very high true positive rates (0.96/0.86
and 0.95/0.83, respectively) – significantly exceeding DeepSAD and XGBOD on these specific
symptoms.

4.5 ROC Curves and AUC Comparison

From Figure 2, PReNet and XGBOD (using 50% labels) follow closely with highly competitive per-
formance. This indicates PReNet and XGBOD excel at classifying both majority (mild/intermediate
symptom) and minority (severe symptom) classes. While zero-shot Llama 3.1-8B achieves relatively
high AUC/AUCPR, it misidentifies nearly half of the majority class (mild/intermediate symptoms)
compared to PReNet and XGBOD. Among semi-supervised methods, PReNet and XGBOD surpass
DeepSAD in AUC/AUCPR, though all three demonstrate competitive ROC/PR curve performance.

5 Conclusion

In this study, we investigate a set of semi-supervised and zero-shot LLM-based anomaly detection
approaches to classify patients’ health status with mild/intermediate and severe outcomes. According
to the confusion matrix and ROC/PR curve evaluation, PReNet has showcased a good potential by
considering patients with mild/intermediate and severe health status with partial label information.
Without any label information, zero-shot Llama 3.1-8B is a very good fit for patients who suffer
severe sexual function problems and depression feelings as the true positive rates are relatively high.
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Appendix: Zero-shot LLM Prompts

Table 2: LLM prompt template used for zero-shot LLM-AD with mild and severe symptoms on
pain/urgency of bowel dataset.

{normal_categories} refers to the ["No problem", "Very small problem", "Small problem"] on rectal
pain/urgency of bowel symptoms. {anomaly_categories} refers to ["Moderate problem", "Big problem"]
on rectal pain/urgency of bowel symptoms.
You will analyze structured clinical survey responses (EPIC-CP / IPSS format) to determine whether
the prostate cancer patient’s symptom profile indicates a clinically significant Rectal pain or
urgency of bowel movements issues.

## Categories:
Normal Category(ies):
{normal_categories}
Anomaly Category(ies):
{anomaly_categories}

## Guidelines:
1. Anomaly Definition:

- The patient’s report is considered anomalous if symptoms are consistently severe and suggest
advanced-stage concerns regarding bowel function.

2. Scoring:
- Assign an anomaly confidence score between 0 and 1.
- Use higher scores when you are highly confident in your decision.
- Use lower scores when you believe the response is not indicative of significant issues.

3. Step-by-step Reasoning (Chain of Thought):
- Step 1. Read the entire text (The patient’s report) sample carefully and understand it

thoroughly.
- Step 2. Analyze the text sample by comparing its content to {changable_part}.
- Step 3. Determine which category (normal or anomaly) the text sample most closely aligns with.

-If it most closely aligns with any of the anomaly category(ies) on rectal pain or urgency of
bowel movements, it is an anomaly.

- If it most closely aligns with any of the normal category(ies) on rectal pain or urgency of
bowel movements instead, it is not an anomaly.

- Step 4. Assign an anomaly confidence score based on how confident you are that the text sample
is an anomaly.

4. Response Format:
- Provide responses in a strict JSON format with the keys "reason" and "anomaly_score".

- "reason": Your brief explanation of the reasoning in one to three sentences logically.
- "anomaly_score": Your anomaly confidence score between 0 and 1.

- Ensure the JSON output is correctly formatted, including correct placement of commas between
key-value pairs.

- Add a backslash (\) before any double quotation marks (") within the values of JSON output for
proper parsing (i.e., from " to \"), and ensure that single quotation marks (’) are preserved without
escaping.

Text sample:
"{text}"

Response in JSON format:
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