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a b s t r a c t

Introduction: Artificial Intelligence (AI) is increasingly being deployed in health communication, a trend 
particularly visible in specialised domains, such as breast cancer radiotherapy. The subsequent clinical 
and educational value is fundamentally determined by the reliability and clarity of the responses 
generated. However, the comparative performance of different AI models in addressing patient concerns 
about radiotherapy side effects remains unclear, creating uncertainty regarding the optimal tool se
lection for patient education and support. This study aimed to compare the performance of ChatGPT 4.0 
and Gemini 2.5 FLASH using a mixed-methods analytical-descriptive approach.
Methods: Twenty-three unique questions, derived from a literature review and rephrased to simulate 
patient enquiries about the skin effects of radiotherapy, were submitted to both models. Sixteen expert 
Radiation Therapists (RTTs) independently assessed the responses using a seven-point Likert scale. The 
analyses included semantic cosine similarity and linguistic readability (Flesch Reading Ease/Flesch- 
Kincaid Grade Level), with statistical comparisons performed using Mann–Whitney tests.
Results: Gemini 2.5 FLASH achieved higher median scores (6/7) than ChatGPT 4.0 (5/7), demonstrating 
particular strengths in clinical detail and empathy. Conversely, ChatGPT 4.0 produced more direct and 
structured answers, although it occasionally simplified complex concepts. Models showed low semantic 
similarity (median 0.78). Readability analysis revealed that ChatGPT aligned with an 8th-grade level, 
whereas Gemini operated at an 11th-grade level. Expert agreement was robust, with Gemini achieving 
greater consistency (α = 0.78; κ = 0.70) than ChatGPT (α = 0.72; κ = 0.65).
Conclusion: Gemini was more effective for complex psychosocial issues, whereas ChatGPT provided 
better accessible guidance, necessitating ongoing professional validation for reliable integration into 
patient education workflows.
Implications for practice: The use of AI in counselling patients undergoing breast radiotherapy enhances 
accessibility but requires ongoing professional validation to ensure clinical reliability.
© 2026 The Authors. Published by Elsevier Ltd on behalf of The College of Radiographers. This is an open 

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction

Artificial Intelligence (AI) has emerged as a transformative tool 
in healthcare, leveraging computational systems with learning and 
reasoning capabilities to support patient needs for reliable, accu
rate, and timely information.1,2 Current literature suggests that the 
utilization of specific  Artificial  Intelligence (AI) tools for health- 

related inquiries is notable. Specifically, in a cohort of 2406 re
spondents, 21.5% (n = 517) reported using ChatGPT to acquire 
online health information.3 Although their use in Europe remains 
low,4 concerns regarding the reliability and accuracy of these 
technologies are particularly relevant in specialised contexts, such 
as radiotherapy, where clear and precise communication may 
directly influence patient outcomes.3,4

In breast cancer treatment, radiotherapy targets malignant 
cells using ionising radiation while preserving the surrounding 
healthy tissue.5,6 One of the most common side effects is skin 
toxicity, which ranges from mild erythema to moist desquamation, 
and in some cases, chronic skin changes.7,8 These potential com
plications frequently raise concerns among patients. Indeed, up to 
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50% of patients with breast cancer report anxiety about 
radiotherapy-induced skin toxicity.9 The focus of these concerns 
typically shifts during the treatment course. Before therapy, pa
tients often enquire about potential skin changes and prepara
tions.10,11 During therapy, questions revolve around managing 
acute symptoms, such as dermatitis,10–12 and toward the conclu
sion of therapy, attention turns to healing strategies and long-term 
care.12

AI chatbots, including ChatGPT 4.0, (OpenAI, November 2022), 
and Gemini 2.5 FLASH (Google DeepMind, December 2023), are 
designed to provide context-sensitive responses by processing 
user prompts through transformer-based architectures, thereby 
enabling context-aware and coherent outputs.1,13 Because general- 
purpose large language models are not developed as clinical de
cision support systems, their outputs may occasionally contain 
inaccurate, incomplete, or misleading information.14–16 Emerging 
evidence indicates that these systems can provide relevant and 
structured answers to patient queries and are increasingly being 
explored as tools for health information provision and patient 
education.16–18 Therefore, it is imperative to evaluate AI responses 
in this context.

Currently, there is a dearth of published studies that have 
systematically evaluated the accuracy and feasibility of using AI 
models to provide cancer-related information, especially in the 
context of breast cancer radiodermatitis. This study aimed to 
evaluate the accuracy, clarity, and quality of the outputs generated 
by ChatGPT 4.0 and Gemini 2.5 FLASH and assess their suitability 
as AI-based educational resources for patients across the critical 
stages of radiotherapy treatment—before, during, and after—with 
a specific focus on managing breast cancer-related skin toxicity. To 
address this gap, the present study adopts a mixed-methods 
analytical framework that integrates expert clinical assessment 
with computational language analysis. Responses generated by 
ChatGPT 4.0 and Gemini 2.5 FLASH were evaluated by experienced 
RTTs using a structured seven-point Likert scale across multiple 
quality dimensions. Complementary analyses, including semantic 
similarity metrics, readability indices, and inter-rater reliability 
statistics, were conducted to enhance methodological robustness 
and enable triangulation of findings.

Methods

Study design and methodological framework

This study used a descriptive-analytical mixed-methods 
design. The responses of ChatGPT 4.0 and Gemini 2.5 FLASH were 
compared through expert evaluations. This methodology involves 
prompt development, data collection, and output analysis.

Prompt Generation

To identify common patient inquiries regarding radiotherapy- 
induced skin toxicity, a review of English-language literature 
published since 2020 was conducted, yielding 12 relevant studies 
via keywords as "radiotherapy," "breast cancer," "skin reactions," 
and "information needs." An initial list of 64 questions was 
compiled from the articles identified. Seventeen items unrelated 
to cutaneous toxicity were excluded,13,14,19,20 leaving 47 questions. 
These were subsequently categorised by treatment phase, and a 
further 24 duplicates were removed,13,14,19,21,22 resulting in a pool 
of 23 unique questions. The final  selection, comprising 13 ques
tions derived from Halkett et al.20,22–24 and 10 from other stud
ies,24–26 focused on precision and clinical relevance (Fig. 1). All 
questions were reviewed by two of the authors to ensure validity.

All prompts and AI-generated responses were presented in 
English. The participants were European RTTs accustomed to using 
English as a standard professional communication language in 
clinical and research settings, particularly in international collab
orations. Although formal language proficiency  testing was not 
performed, participation required sufficient  proficiency  to read 
and critically evaluate English-language clinical information.

To emulate patient–AI interactions, all questions were refor
mulated using first-person  phrasing, with each prompt consis
tently initiated by the statement, “I am a patient with breast 
cancer …”. These questions were reformulated by the study au
thors based on items derived from published literature and med
ical information sources addressing patient information needs. 
Although this approach aimed to preserve the original semantic 
meaning and informational intent, the reformulation was not 
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a spreadsheet 
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Figure 1. Flowchart illustrating the selection and refinement process of patient questions.
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validated by patients or lay individuals and may have introduced 
subtle framing bias. This limitation reflects  a broader methodo
logical challenge in AI evaluation studies, in which clinician- 
generated prompts may not fully capture the variability and lin
guistic characteristics of real patient queries.

Each prompt was submitted individually to ChatGPT 4.0 and 
Gemini 2.5 FLASH under identical conditions to enable a direct 
comparison of the generated responses. Appendix A, 
Supplementary Material 1 outlines the set of common patient 
queries regarding radiotherapy before, during, and finishing 
treatment that were included in this analysis.

Data collection

The 23 prompts were submitted to ChatGPT 4.0 and Gemini 2.5 
FLASH on 11 April 2025. To ensure independent responses, a new 
chat session was initiated for each question. The outputs were 
subsequently copied into a Microsoft Word document and labelled 
by model and prompt, with no modifications.

Outcomes

Quality and reliability
The quality of the AI-generated responses was assessed using a 

seven-point Likert scale27 applied across eight dimensions: 
format, accuracy, consistency, organisation, clarity, precision, 
relevance, and audience suitability. The specific definitions of the 
scales are provided in Appendix A, Supplementary Material 2. The 
evaluation survey, developed and administered via Google Forms, 
was distributed using a purposive sampling approach through 
professional radiotherapy networks (e.g., ESTRO RTT Alliance and 
national RTT societies) and direct email invitations were sent to 
radiotherapy departments across several European countries 
(Belgium, Finland, Malta, Norway, Portugal, and Switzerland).

The invitation email outlined the study objectives, inclusion 
criteria (minimum of two years of clinical experience in a radio
therapy setting), and the voluntary and anonymous nature of 
participation. Interested Radiation Therapists (RTTs) accessed the 
evaluation survey via a secure Google Forms link. No personal or 
identifiable data were collected. The survey was initially deployed 
on May 12, 2025, with a follow-up reminder sent on May 19, 2025, 
to encourage participation.

By the cut-off date of 23 May 2025 16 Radiation Therapists 
(RTTs) had completed the assessment. All participants were 
qualified and professionally registered Radiation Therapists prac
tising in accredited European radiotherapy centres, ensuring a 
consistent baseline level of clinical expertise. In addition, the in
clusion criteria required a minimum of two years of clinical 
experience in a radiotherapy setting, guaranteeing that the eval
uators possessed the practical knowledge necessary to critically 
assess the accuracy and quality of AI responses.28 To minimise 
potential bias, each RTT independently evaluated the responses 
generated by either ChatGPT 4.0 or Gemini 2.5 FLASH, with eight 
RTTs assigned to each AI model. Importantly, the evaluators were 
blinded to the identity of the AI model being assessed.

Consistency and similarity
Cosine similarity analysis was employed to evaluate inter- and 

intra-model consistency and similarity. This method converts 
textual responses into vector representations and calculates the 
cosine of the angle between these vectors to estimate the degree of 
semantic overlap between them. The similarity scores ranged from 

0 (no similarity) to 1 (complete similarity).29 Calculations were 
performed using a web-based tool specifically designed for natural 
language similarity assessments. The analysis was conducted 
exclusively on English-language responses generated by the AI 
models and did not involve evaluator input, as it was based on 
vector representations of the AI-generated text. Consequently, the 
similarity calculations were not influenced  by participants’ lin
guistic backgrounds.

As described earlier, cosine similarity was used to assess inter- 
model similarity by comparing the initial responses generated by 
ChatGPT 4.0 and Gemini 2.5 FLASH for each question to determine 
the degree of alignment between their contents. Intra-model 
consistency was assessed by submitting the same question three 
times to ChatGPT 4.0 and Gemini 2.5 FLASH in different sessions. 
The similarity between these independently generated responses 
was used to assess whether the model provided a stable and 
consistent output over time.

Readability
The linguistic accessibility of AI-generated responses was 

assessed using two established readability indices: Flesch Reading 
Ease Score (FRES)30 and Flesch-Kincaid Grade Level (FKGL).31 The 
scores were calculated using an online readability calculator26. The 
FRES produces values between 0 and 100, with higher scores 
indicating easier-to-read content. In contrast, the FKGL reflects the 
U.S. school grade level required to understand a text, with lower 
values corresponding to more straightforward and accessible 
language. Appendix A, Supplementary Material 4, provides a 
summary table detailing the word count, sentence count, FRES, 
and FKGL scores for responses generated by ChatGPT 4.0 and 
Gemini 2.5 FLASH. These readability assessments provided both 
subjective and objective measures of suitability for patients with 
varying health literacy levels.

Statistical analysis

Statistical analyses were performed using IBM SPSS Statistics 
software (version 29). A significance level of 5% (p < 0.05) was used 
for all analyses. Descriptive statistics, including frequency analysis 
(n, %) for categorical variables and medians with interquartile 
ranges (IQR) for ordinal variables, are presented.

Data normality was assessed using the Shapiro–Wilk test. 
Owing to the non-normal distributions, the Mann–Whitney U test 
was used to compare the performance scores between the two AI 
models. Effect sizes were calculated to assess the magnitude of 
these differences.

To examine the inter-rater reliability across evaluators, Krip
pendorff's alpha and Fleiss' kappa were calculated to ensure robust 
agreement metrics for expert assessments across the eight quality 
dimensions.

Ethical Considerations

This study did not involve patients or identifiable patient data 
and was therefore exempt from institutional ethical approval. All 
participating RTTs provided voluntary and anonymous responses. 
Prior to starting the assessment, the RTTs were fully informed of 
the study objectives and explicitly accepted participation. 
Furthermore, as all data originated from publicly accessible plat
forms (ChatGPT 4.0 and Gemini 2.5 FLASH), no additional per
missions were required for the utilisation or publication of the AI 
content.
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Results

Quality and reliability

The RTT evaluations of ChatGPT 4.0 and Gemini 2.5 FLASH 
showed distinct patterns (Fig. 2). ChatGPT 4.0 received the highest 
ratings of 5 (n = 73) and 6 (n = 74), with some ratings of 2 (n = 1), 3 
(n = 6), and 7 (n = 20). These level 5–6 evaluations indicate ac
curate, clear, and well-organized responses. Gemini 2.5 FLASH 
performed more consistently, with predominant ratings at level 6 
(n = 104) and 7 (n = 37), showing accurate, precise, well- 
structured answers with patient-centred language. It received 
ratings of 4 (n = 5) and 5 (n = 38), but none below 4.

Significant  differences were detected between the platforms 
for several questions (Appendix A, Supplementary material 3). 
During treatment, questions 3 (P = 0.048; effect size = 0.493), 6 
(P = 0.084; effect size = 0.432), and 7 (P = 0.027; effect 
size = 0.552) showed significant differences in scores. Regarding 
the questions about finishing  treatment, differences were 
observed for questions 1 (P = 0.071; effect size = 0.452), 4 
(P = 0.026; effect size = 0.557), and 5 (P = 0.034; effect 
size = 0.530), with Gemini 2.5 FLASH receiving higher ratings. 
Effect sizes ranging from moderate to high indicated differing 
rating distributions between groups. For the remaining questions, 
the p-values exceeded 0.05 with low effect sizes, indicating over
lapping distributions. Although not always statistically significant, 
Gemini 2.5 FLASH consistently received higher ratings. Several 
questions showed moderate or high effect sizes (≥0.3), suggesting 
practical differences between ChatGPT 4.0 and Gemini 2.5 FLASH.

The analysis of Krippendorff's alpha (α) and Fleiss' Kappa (κ) 
showed moderate to substantial evaluator agreement. Both 
models exceeded the minimum acceptability (α ≥ 0.67) for reli
ability for all questions. Gemini 2.5 FLASH showed higher agree
ment (α = 0.78; κ = 0.70) than ChatGPT (α = 0.72; κ = 0.65), 
suggesting more consistent content.

Consistency and similarity

Cosine similarity (0–1 scale) measured the similarity between 
ChatGPT 4.0 and Gemini 2.5 FLASH with a median of 0.78 
(IQR = 0.05), indicating low similarity, particularly for Q6 at 0.74. 
Consistency measurements showed median similarities of 0.81 
(IQR = 0.02) for ChatGPT and 0.85 (IQR = 0.03) for Gemini, with 
values ranging from 0.76 to 0.89.

Readability

Appendix A, Supplementary Material 4 shows the differences 
in the readability of the AI responses across the treatment 
phases. Before treatment, ChatGPT 4.0 produced responses with 
FRES values of 45–68 and FKGL scores of 6.51–10.41, indicating 
moderate accessibility. Gemini 2.5 FLASH had lower FRES 
(34–60) and higher FKGL scores (8.64–12.67), indicating more 
complex content, particularly for sensitive topics such as 
sexuality.

During treatment, ChatGPT maintained a clearer response 
(FRES 40–66, FKGL 6.85–11.95) and used direct formats for self- 
care instructions. Gemini maintained its detailed style (FRES 
39–56, FKGL up to 12.87), which may pose a challenge to patients 
with lower health literacy.

Finishing Treatment, ChatGPT responses remained readable 
(FRES 45–64, FKGL 7.56–12.42), although topics such as late effects 
increased complexity. Gemini maintained comprehensive content 
(FKGL 9.39–11.99), emphasising detail over accessibility.

ChatGPT 4.0 is more suitable for patients with limited health 
literacy, whereas Gemini excels in providing detailed explanations 
for more proficient  readers. Tool selection should consider both 
the treatment phase and the audience literacy level.

Discussion

This study evaluated the quality of responses provided by 
ChatGPT 4.0 and Gemini 2.5 FLASH to patient enquiries con
cerning radiotherapy-induced skin toxicity. The mixed-methods 
approach adopted in this study, integrating expert clinical 
evaluation with computational analyses (semantic similarity 
and readability metrics), enabled a multidimensional assess
ment of AI-generated health information. Such triangulation is 
particularly valuable in this context, as it captures both clinical 
quality and linguistic accessibility, which are essential for 
patient-facing applications. The objective was to assess the ac
curacy, clarity, and appropriateness of these responses as 
educational resources for use before, during, and finishing 
treatment. Our findings  corroborate the increasing recommen
dation32 that generative AI models should undergo rigorous and 
independent evaluation in clinical environments, with particular 
attention to accuracy, readability, empathy, and consistency of 
outcomes.

Figure 2. Number of scores assigned by radiotherapy experts to the total number of responses in each dimension from (Blue) ChatGPT 4.0 and (Orange) Gemini 2.5 FLASH. Each 
radiotherapy expert evaluated responses to questions collected before (8 questions), during (10 questions), and finishing (5 questions) the radiotherapy treatment. Scores were 
assigned using a seven-point Likert scale (1–7), where 1 = Extremely Poor, 2 = Very Poor, 3 = Poor, 4 = Fair, 5 = Good, 6 = Very Good, and 7 = Excellent. (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web version of this article.)
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Main findings and implications

Phased treatment analysis revealed the complementary 
strengths of the models. Gemini 2.5 FLASH consistently achieved 
higher median scores for quality and reliability (6/7) than ChatGPT 
4.0 (5/7), a superiority stemming from its ability to respond with 
greater clinical detail, accuracy, and an empathetic, patient- 
centred tone. This aligns with the growing interest in AI and 
compassionate technologies in healthcare33 and the findings  of 
Sharma et al. (2024),34 who reported particularly positive affective 
tones in Gemini's outputs. An empathetic tone is especially valu
able in radio-oncology, where it can support treatment adherence 
and facilitate psychosocial adjustments.35 Additionally, Gemini's 
greater consistency, reflected in higher inter-rater agreement 
(α = 0.78; κ = 0.70), suggests that it is a more reliable source of 
complex and sensitive topics, such as those related to sexuality 
(Q8) or the daily burden of illness (Q5), consistent with recent 
analyses showing that Gemini achieved higher reliability in expert 
scoring.36

Simultaneously, the elevated empathy ratings ascribed to 
Gemini necessitate rigorous scrutiny. Within the field  of 
oncology, such responses may create a semblance of empathy, 
prompting patients to anthropomorphise the system and 
ascribe authentic emotional understanding to what is, in fact, 
the replication of acquired linguistic patterns.37 This dynamic 
was apparent in this study. Gemini often initiated responses 
with expressions such as “It's understandable that you're con
cerned …” and concluded by reinforcing support “Your sexu
ality is an important aspect of your overall well-being. Do not 
hesitate to seek help …”. While these formulations are designed 
to convey warmth and reassurance, they may inadvertently lead 
patients to attribute human-like intentions to the system itself. 
This misperception can foster unwarranted trust, potentially 
discouraging patients from seeking professional guidance and 
positioning AI tools as substitutes for clinician communication 
with patients. Such dependence poses a risk of undermining 
the therapeutic alliance, which is fundamental to effective 
oncology care,38 and may increase emotional vulnerability by 
fostering a sense of support that lacks genuine human pres
ence.39 Collectively, these concerns underscore the necessity for 
research on the implications of perceived empathy in AI- 
mediated health communication and the formulation of safe
guards to guide the application of these systems in sensitive 
clinical settings.

In contrast, ChatGPT-4.0 adopts a more direct and fact- 
focused communication style. In response to questions 
regarding the impact of radiotherapy on sexuality, it opens with 
unambiguous statements such as, "Yes, radiation therapy for 
breast cancer can affect your sexuality — both physically and 
emotionally,” followed by brief reassurance and factual points. 
This straightforward structure, combined with its high read
ability (8th-grade level), makes ChatGPT particularly suitable for 
conveying practical guidance, including hygiene care and bra use 
(Q6). Nevertheless, this simplicity poses the risk of over
simplifying clinically significant  nuances,40 potentially con
straining the depth necessary for addressing complex 
psychosocial issues. Although its readability is consistent with 
previous findings,41,42 the responses generated by ChatGPT sur
pass the 6th-grade reading level recommended for patient edu
cation materials.43 To address these limitations, a viable strategy 
involves equipping patients with fundamental prompting tech
niques that enable chatbots to generate text at a lower reading 
level (e.g., "translate to a 6th-grade reading level"). Previous 
research has demonstrated that this method can significantly 
enhance patient comprehension.14,44,45

These findings collectively highlight the critical need to balance 
perceived empathy with linguistic accessibility when incorpo
rating large language models into oncologic communication.

Strengths and limitations

This study has several strengths, including the implementation 
of a treatment phase-specific framework and the evaluation con
ducted by a panel of 16 RTTs from six European countries, 
providing a geographically diverse and professionally qualified 
evaluator group. Our analysis was distinguished by its specific 
focus on skin toxicity in breast cancer radiotherapy, an area of 
significant clinical relevance.

Although the expert panel size was relatively small, which may 
limit generalisability, the study design generated a substantial 
number of independent evaluations across multiple response di
mensions and treatment phases. In addition, inter-rater reliability 
was formally assessed using Krippendorff's alpha and Fleiss' 
kappa, supporting the consistency and robustness of the expert 
scoring.

Nevertheless, several limitations should be acknowledged. The 
time required to complete the evaluation form (approximately 
20 min) may have diminished adherence, potentially affecting 
statistical power. The absence of direct comparisons with other AI 
platforms or established clinical educational resources constrains 
the interpretability of the findings. Furthermore, the results reflect 
the performance of the AI models at a single time point (April 
2025), and given the rapid evolution of these technologies, future 
iterations may yield different outcomes.

Importantly, AI-generated responses do not account for indi
vidual patient context, including comorbidities, concurrent treat
ments, and other clinical factors, which may limit their 
applicability in complex clinical scenarios. Therefore, these out
puts should be interpreted as general informational support and 
not as a substitute for personalised clinical advice. Additionally, 
the prompts were reformulated by the study authors and not 
validated by patients, which may limit ecological validity.

Future studies involving larger and more diverse multidisci
plinary panels as well as direct patient participation would further 
strengthen the external validity of these findings.

Future Directions

While these findings underscore the potential of AI-mediated 
communication, they also highlight the ongoing challenges con
cerning the psychosocial impact on patients. Rigorous validation 
and continuous refinement of models using authoritative medical 
sources are imperative to maintain confidence among patients and 
professionals in the context of radiotherapy for breast cancer. 
Future research should involve larger and more diverse evaluator 
panels and incorporate a broader multidisciplinary group, 
including advanced practice RTTs, oncology nurses, and clinical 
oncologists, to enable a more comprehensive assessment of AI- 
generated responses from multiple clinical perspectives. Addi
tionally, the development of patient profiles and inclusion of pa
tient perspectives are essential to better align chatbot 
performance with varying informational needs and levels of health 
literacy, as well as to enhance ecological validity. Comparative 
analyses involving other AI systems with distinct cultural sensi
tivities (e.g. DeepSeek) and established clinical resources may 
further elucidate the specific strengths of each model. Finally, the 
systematic collection of patient feedback is crucial for evaluating 
the long-term real-world effectiveness of these tools, under
standing the implications of perceived empathy in AI-mediated 
communication, complementing expert assessments, and 
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guiding the safe and ethically sound integration of AI into radio
therapy practice.

Conclusion

A comparative evaluation of ChatGPT-4.0 and Gemini 2.5 FLASH 
revealed functional complementarity in their use as patient edu
cation tools for breast cancer radiotherapy. Gemini 2.5 FLASH 
demonstrated greater clinical depth, a more empathetic tone, and 
higher qualitative acceptance by RTTs, suggesting a particular 
value for addressing complex psychosocial concerns. Conversely, 
ChatGPT-4.0 offers superior clarity and accessibility, making it 
especially suitable for straightforward practical guidance.

Taken together, these findings indicate that the optimal use of 
AI chatbots in clinical practice lies not in selecting a single “best” 
model, but in deploying each system selectively according to pa
tients’ health literacy and informational needs. However, their role 
in supporting education on skin toxicity management must 
remain grounded in ongoing clinical oversight and systematic 
evaluation. Ultimately, their clinical utility will depend on the 
development of robust, regularly updated validation frameworks 
that safeguard reliability and safety and align with evolving 
oncology standards of care.
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