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Artificial intelligence (AI) has emerged as a promising tool in oncology, with the potential to support 

clinical decision-making and expand access to evidence-based care. This study examines the clinical 

validity of Gukiza, a proprietary AI platform developed by Hurone AI for cancer management. For this 

study, a total of 21 de-identified breast cancer patients from Kenyatta National Hosptial were assessed. 

Treatment plans were created by Gukiza and a team of oncologists, and evaluated by an expert panel, as 

well as against National Comprehensive Cancer Network (NCCN) Clinical Guidelines. Results showed 

that AI-generated treatment plans were not significantly correlated with oncologist-generated plans, 

potentially reflecting limitations in the scoring framework, restricted variability in responses, or 

underlying differences in clinical reasoning. Although clinician-generated plans received a higher 

proportion of “Acceptable” and “Exceptional” ratings, this difference was not statistically significant. In 



 

   

 

contrast, an AI-assisted analysis of AI-generated plans demonstrated strong concordance with NCCN 

guidelines, highlighting their potential alignment with evidence-based standards despite limited 

agreement with clinician ratings. Subgroup analyses indicated that postmenopausal status was associated 

with lower odds of treatment plan unacceptability, while the presence of comorbidities was associated 

with higher odds, although neither association reached statistical significance. These findings suggest that 

AI-generated treatment recommendations are largely NCCN guideline-adherent, and while the data from 

the blinded concordance assessment did not show significant correlation, the analysis highlights some of 

inherent challenges in comparing AI tools with clinical standards of care. Further validation in larger, 

more diverse patient populations is needed. 

  



 

   

 

INTRODUCTION  

Cancer is a leading cause of mortality worldwide, with a disproportionately high burden in low- 

and middle-income countries such as Kenya. Despite significant advancements in global oncology, 

disparities in outcomes persist.1 In 2022, Kenya reported a total of 44,726 incident cancer cases. Breast 

cancer is the most frequently diagnosed cancer in Kenya, accounting for approximately 16.2% of all 

cancer cases annually. It is also the second leading cause of cancer-related mortality, contributing to 3,398 

deaths each year, or approximately 11.6% of total cancer deaths.2 The burden of cancer in Kenya is also 

notably higher than the global average; the age-standardized mortality rate for breast cancer in Kenya is 

19.6 compared to the global average of 12.7.2 This disparity is driven by systemic and structural factors 

such as inadequate healthcare infrastructure, a shortage of oncology specialists, and high treatment costs, 

which prevent many patients from receiving timely, effective, and affordable care.3–5  

Artificial intelligence (AI) has emerged as a promising tool in oncology, offering the potential to 

improve cancer care through AI-supported screening, diagnosis, clinical decision-making, follow-up, 

patient navigation, and drug discovery.6–8 Recent developments in AI also present a unique opportunity to 

reduce systemic inequities across the globe, particularly in low-resource settings.9,10 Although many 

studies have explored clinical applications of AI, they are often limited in scope and scale, and few have 

been widely adopted in clinical settings. Notably, few studies assess the validity of these tools in settings 

outside of the U.S., Asia and Europe.11,12 Studies that have assessed AI performance in populations that 

are historically underserved and underrepresented in healthcare data have underscored the risk of 

algorithmic bias and the potential for harm when these tools are not culturally, geographically and 

contextually relevant.3,13–15  

Hurone AI is working to address this gap by building culturally sensitive AI solutions in the field 

of oncology. Hurone AI is a MedTech start-up company based in Seattle, WA that uses culturally 

sensitive AI technologies to enhance cancer care delivery and advance biopharma research, with a 

particular focus on historically underrepresented populations (https://hurone.ai/).16 Hurone’s platform, 

Gukiza, is a web-based interface that integrates electronic medical records (EMR), remote patient 

monitoring, AI-supported care planning, and advanced analytics.16 Gukiza also uses the National 

https://www.zotero.org/google-docs/?sqpdBA
https://www.zotero.org/google-docs/?3d7Lio
https://www.zotero.org/google-docs/?5m02j8
https://www.zotero.org/google-docs/?0eDivb
https://www.zotero.org/google-docs/?NMwJxR
https://www.zotero.org/google-docs/?DE3CFP
https://www.zotero.org/google-docs/?N7ZMc9
https://www.zotero.org/google-docs/?0N05qk
https://hurone.ai/
https://www.zotero.org/google-docs/?ju89MY
https://www.zotero.org/google-docs/?suDAzG


 

   

 

Comprehensive Cancer Network (NCCN) Harmonized Guidelines™ as published in the Journal of the 

National Comprehensive Cancer Network (JNCCN) 2023;21(6)).11,17–19 Designed as a co-pilot for 

oncologists, Gukiza aims to improve clinical decision-making by analyzing patient medical histories and 

clinical characteristics to suggest contextually relevant treatment options. It can support multidisciplinary 

tumor boards, automate referrals, and significantly reduce the administrative burden on clinicians, 

potentially saving up to 50% of their time.16 By leveraging culturally appropriate AI technologies, Gukiza 

seeks to augment oncologists' capabilities, reduce preventable hospitalizations, mitigate financial toxicity, 

and provide efficient remote care to populations that have been historically underserved.  

 While platforms like Gukiza have great potential to transform cancer care, clinical validation in 

diverse patient settings remains a critical step for effective implementation.12 Clinical validation is 

essential to ensure that AI algorithms are both accurate and reliable when used with real patient data.20 

This is particularly critical in regions where healthcare systems face digital infrastructure and data 

limitations. In several parts of Africa, for example, low digitization and limited use of electronic medical 

records, along with the underrepresentation of African ancestry in genomic research and clinical trials 

more broadly result in a lack of representative health data. Not only that, but many AI models have been 

developed using clinical guidelines from high-income countries, which may not fully account for the 

region-specific treatment protocols and healthcare infrastructure challenges in sub-Saharan Africa.21 This 

further limits the generalizability of many existing models to historically underrepresented and 

underserved populations.12,22 

This study aims to evaluate the clinical validity of the Gukiza platform among breast cancer 

patients at Kenyatta National Hospital (KNH) in Nairobi, Kenya. Specifically, the study examines how 

closely AI-generated treatment plans align with those developed by oncologists, evaluates their 

consistency with internationally recognized clinical guidelines, and explores whether message quality 

varies based on patients’ clinical or demographic characteristics. Insights from this analysis will be used 

to refine the platform’s functionality and ensure that it is effective in real-world settings. Ultimately, the 

findings will contribute to the equitable integration of AI technologies into cancer care in resource-

constrained settings, advancing global efforts to reduce cancer disparities. 

https://www.zotero.org/google-docs/?m8LlTw
https://www.zotero.org/google-docs/?Io8pzZ
https://www.zotero.org/google-docs/?ClEG4Z
https://www.zotero.org/google-docs/?XjvfwT
https://www.zotero.org/google-docs/?NDUx8C
https://www.zotero.org/google-docs/?7ikg8H


 

   

 

  

METHODS  

 

Study Design  

This analysis examines de-identified medical records from 21 breast cancer patients who were 

receiving care at KNH during the study period. The purpose of this comparative study was to evaluate the 

validity of AI-generated guidance by assessing its concordance with oncologist-generated guidance, 

evaluating adherence of AI-generated treatment plans to NCCN Harmonized Guidelines™ for Sub-

Saharan Africa, and determining clinical and sociodemographic correlates of appropriate treatment 

recommendations. 

This sub-study is part of a larger feasibility study currently being conducted at Kenyatta National 

Hospital (KNH) in Nairobi, Kenya. The primary study uses a quasi-experimental, nonequivalent groups 

post-test design, enrolling 120 breast cancer patients over a six-month period. The primary aim of that 

study is to assess the feasibility, effectiveness and cost-effectiveness of Hurone AI’s premier platform in 

enhancing cancer care at the Cancer Treatment Center in KNH. Appropriate joint institutional and ethical 

review boards at the University of Washington and the University of Nairobi/KNH approved this 

secondary analysis and the parent study protocol. 

 

Study Setting  

Patient data was collected at Kenyatta National Hospital (KNH) in Nairobi, Kenya. KNH is the 

largest tertiary hospital in Kenya, receiving 800 cancer service visits per month. Breast cancer patients 

comprise approximately 12% of cancer patients seen at KNH. KNH was selected for the primary study 

due to its status as a major national referral hospital with a comprehensive cancer treatment center that 

serves a large, diverse patient population.  

 



 

   

 

Study Population 

The study population for this concordance analysis consisted of de-identified medical records 

from 21 breast cancer patients with sociodemographic and clinical variables of interest who were 

receiving care at the Cancer Treatment Center in KNH between March and May 2025. Patients were 

purposively sampled by oncologists at KNH. Patients were selected to capture diversity in age, 

menopause status and cancer type, and receptor status.  

Oncologists participating in the expert panel were recruited to represent a variety of healthcare 

settings across Kenya. Recruiting aimed to ensure representation from diverse geographic, institutional 

and areas of clinical expertise across the country.  

 

Data Collection  

  Upon study enrollment, data on clinical and demographic factors were collected through medical 

record abstraction. Key covariates of interest included sex, age, clinical history of chronic comorbidities, 

substance use, obstetrics and gynecology history, familial history of cancer, breast cancer status, 

diagnostic workup and treatment history (Appendix 1).  Comprehensive case summaries were generated 

by Gukiza and adjudicated by the research team. AI-generated treatment plans were developed by 

prompting Gukiza to interpret the case summaries and recommend treatment options. To serve as a 

comparison group, independent oncologists from Kenya created comparable treatment plans. Oncologist 

treatment plans reflected the clinical standard of care in Kenya and were based on their professional 

expertise and clinical guidelines. Oncologists were provided a template to ensure that their 

recommendations followed the same format as those produced by Gukiza. A blinded expert panel of six 

oncologists then evaluated the quality and adherence of both AI-generated and oncologist-created 

treatment plans to clinical guidelines. Treatment plans were scored using a 4-point Likert scale which 

included the following categories:  

 



 

   

 

● Inappropriate: Recommendations were not suitable for the patient's condition and could 

potentially harm the patient. Recommendations contradict established clinical guidelines or lack 

relevance to the reported case. 

 

● Needs Improvement: Recommendations may require significant modification or lack sufficient 

justification to be considered appropriate. Recommendations were somewhat generic and lacked 

personalization based on patient-specific data. Important aspects of the patient's condition were 

not addressed adequately. 

 

● Appropriate: Recommendations were generally sound and aligned with standard practices for the 

patient's condition. Recommendations were personalized, taking into account the patient's clinical 

and demographic data. Recommendations provided clear, appropriate and actionable treatment 

steps.  

 

● Exceptional: Recommendations were exceptionally well-suited to the patient's condition, highly 

personalized, and based on the latest clinical guidelines. Recommendations were comprehensive 

and addressed all relevant aspects of the patient's case. Recommendations provided clear and 

detailed treatment guidance, demonstrating a high level of understanding of the patient's clinical 

history. 

 

Additionally, Manus (version 1.6.3 - 1.8.5), an advanced large language model (LLM)-based AI 

agent, was used to systematically evaluate the concordance of breast cancer treatment plans with NCCN 

Guidelines for Breast Cancer (Version 4.2023) that are publicly available on the Journal of the National 

Comprehensive Cancer Network (JNCCN) 2023;21(6))19. A structured prompting methodology was 

developed consisting of the following components:  

  

https://www.zotero.org/google-docs/?q5tvIj


 

   

 

1. Initial Case Presentation Prompt: Patient cases were presented to Manus in a standardized 

format containing:  

● Patient demographics and risk factors  

● Disease characteristics (histology, biomarker status, staging)  

● Diagnostic workup results  

● Current and recommended treatment plans  

  

2. Validation Instruction Prompt: Manus was instructed to:  

● Systematically evaluate each treatment recommendation against specific NCCN 

guidelines  

● Provide precise page references from JNCCN (Volume 21, Issue 6, 2023)  

● Include direct quotes from the guidelines for all assessments  

● Classify recommendations using a three-tier system:  

a. SUPPORTED: Recommendations directly aligned with NCCN guidelines  

b. PARTIALLY SUPPORTED: Recommendations with some supporting evidence 

but with caveats  

c. NOT SUPPORTED: Recommendations that contradicted guidelines or lacked 

supporting evidence  

  

3. Output Format Prompt: Manus was directed to generate structured validation reports 

containing:  

● Patient summary  

● Individual assessment of each recommendation with citations  

● Summary of overall guideline concordance  

 

To ensure accuracy of the AI-generated assessments, several reports were randomly selected to 

cross-check the accuracy of the assessments. Discrepancies or unclear interpretations were resolved 



 

   

 

through human expert review. The prompting methodology was iteratively refined based on validation 

accuracy. 

  

Study Measures 

For aim 1, our primary outcome of interest, concordance between AI- and oncologist-generated 

treatment plans, was measured by comparing expert panel scores (AI versus oncologist generated). Scores 

were converted to numeric (1 = Inappropriate, 2 = Needs Improvement, 3 = Appropriate and 4 = 

Exceptional) with higher scores indicating more concordant treatment recommendations. For aim 2, the 

adherence of AI-generated treatment recommendations with NCCN guidelines was measured and 

classified as “Supported”, “Partially Supported”, and “Not Supported”. For aim 3, We determined the 

odds of appropriate concordance scores, dichotomized as acceptable (appropriate or exceptional) or 

unacceptable (inappropriate or needs improvement) by treatment recommendation type (AI versus 

oncologist generated). Demographic covariates included age, menopause status, cancer stage, presence of 

comorbidities, and evidence of metastasis. Age (<40 years, 40+ years), menopause status (pre- vs. post-

menopausal), presence of comorbidities (none, any), and evidence of metastasis (absent, present) were 

dichotomous variables, while cancer stage was a categorical variable (stage 2, stage 3, stage 4).  

 

Data Analysis  

Descriptive statistics summarized the baseline breast cancer case characteristics. Continuous and 

categorical variables were presented as counts using mean ± standard deviation (SD) for normally 

distributed data and by the median and interquartile range (IQR) for non-normally distributed variables. 

To address the first aim, we assessed the concordance between AI-generated guidance and guidance 

provided by oncologists. Scores were converted from ordinal to numeric values of 1-4. Descriptive 

statistics were used to summarize scores from both Gukiza and the oncologists. Intraclass correlation 

coefficient (ICC) and pairwise weighted Cohen’s kappa were used to examine intra-rater reliability 

between oncologists. ICC was appropriate for this situation as it can compare multiple (2+) oncologists 

and appropriately account for the ordinal nature of their ratings.23 We also computed Pearson’s correlation 

https://www.zotero.org/google-docs/?ZqEgKj


 

   

 

coefficient to assess inter-rater reality, comparing scores for AI-generated vs. oncologist-generated plans. 

To formally test whether Gukiza scores differed significantly from oncologist scores, we used a Wilcoxon 

signed-rank test. Statistical significance was evaluated at a two-sided alpha level of 0.05.  

To address the second aim, descriptive statistics were used to calculate the percentage of AI-

generated treatment recommendations classified as “Supported,” “Partially Supported,” or “Not 

Supported” within each patient’s treatment plan, recognizing that the total number of recommendations 

varied between patients.  These percentages were then averaged across all patients to provide mean 

proportions and corresponding standard deviations. Each recommendation was then assigned a numeric 

score (Supported = 1, Partially Supported = 0.5, Not Supported = 0). Scores were summed for each 

treatment plan and divided by the total number of recommendations in that plan to calculate a percentage 

of concordance with the NCCN guidelines. Finally, to better understand recommendations that did not 

fully align with NCCN guidelines, we examined cases with lower concordance scores as case examples.  

The third aim was an exploratory analysis that examined the association between patient 

sociodemographic and clinical characteristics, such as age, menopause status, cancer stage, and receptor 

status, and the likelihood of receiving acceptable (appropriate or exceptional) versus unacceptable 

(inappropriate or needs improvement) AI-generated treatment recommendation. Mixed effects logistic 

regression clustered by patient was used to model the odds and corresponding 95% confidence interval of 

acceptable compared with unacceptable messaging for each given exposure.  

 

RESULTS 

A total of 21 de-identified patient profiles were examined. The mean age of patients was 51.9 

years (SD: 12.1) and 12/21 (57.1%) were reported to be postmenopausal (Table 1). 6/21 (28.6%) had a 

family history of breast cancer and 7/21 (33.3%) reported at least one chronic condition including 

dementia, diabetes, HIV, hypertension and valvular heart disease. 9/21 (42.9%) were reported to have 

Stage 3 cancer, 7 (33.3%) were reported to have Stage 2, and 5/21 (23.8%) were reported to have Stage 4 

(Table 2). 16/21 patients (76.2%) had a positive hormone receptor (HR) whereas 5/21 (23.8%) had triple 

negative breast cancer (TNBC). Participants were undergoing a variety of treatments including 



 

   

 

chemotherapy (52.4%), surgery (28.6%), and palliative chemotherapy (9.5%). At the time of data 

collection, no participants were reported to be in remission.  

The expert review panel consisted of six oncologists with varied areas of clinical practice that 

included medical oncology, radiation oncology, and clinical research working in academic, public or 

private institutions in urban, semi-urban and rural settings (Table 3). 4/6 (66.7%) panelists had 5-10 years 

of experience in clinical oncology, while 2/6 (33.3%) had 11-20 years of experience.  

Overall, intra-rater reliability among oncologists was moderate (ICC = 0.71, 95% CI: 0.47, 0.86) 

(Table 4). Notably, reliability was stronger for oncologists' ratings of AI-generated treatment plans (ICC 

= 0.78, 95% CI: 0.49, 0.93), while reliability was lower for oncologist-generated treatment plans (ICC = 

0.28, 95% CI: -0.67, 0.78). Pairwise weighted Cohen’s kappa statistics were also calculated to provide 

more granular detail on intra-rater reliability between individual oncologists. Weighted kappas were 

computed separately for AI-generated and oncologist-generated treatment plans, as well as overall. These 

results are visualized in the heat maps presented in Figures 1–3. A moderate negative correlation was 

observed between the average ratings of AI-generated and oncologist-generated recommendations (R = -

0.35, 95% CI: -0.68 to 0.10, p = 0.12). However, this association was not statistically significant. 

Distribution of scores between AI- and oncologist-generated treatment plans were examined (Figure 4). 

Overall, the oncologist-generated plans received a greater proportion of “Acceptable” and "Exceptional" 

scores (64.2%) than AI-generated plans (54.7%). The mean score of AI-generated plans (2.94) was 

slightly lower than oncologist generated plans (3.24). A Wilcoxon signed-rank test, however, indicated no 

statistically significant difference between the mean scores of the two groups (V statistic = 71, p = 0.1).  

For the AI-guided analysis of concordance with NCCN Clinical guidelines, 377 specific 

recommendations were examined across 21 patient profiles, with the mean number of recommendations 

being 18.0 per case summary (SD: 6.2, Range: 9–34). Across treatment plans, the mean percentage of 

recommendations classified as “Supported” was 77.2% (SD: 14.4%), while “Partially Supported” 

recommendations accounted for a mean of 16.7% (SD: 9.4%), and “Not Supported” recommendations 

accounted for a mean of 6.2% (SD: 7.7%). Composite concordance scores, summarized in Table 5, 



 

   

 

demonstrated a high level of overall agreement with NCCN guidelines, with a mean score of 0.87. Scores 

ranged from 0.73 to 1.00.  

To explore potential factors driving variation in scores, cases at the extremes were further 

analyzed as case studies. One such case was case #17, which received a composite concordance score of 

0.73. This case involved a 56-year-old patient with stage 2 HER2-positive, hormone receptor-negative 

breast cancer. The AI-generated plan for this case made several recommendations that were either 

“Partially Supported” or “Not Supported” by NCCN guidelines. For example, Gukiza recommended 

considering extended HER2-targeted therapy beyond 1 year. NCCN guidelines acknowledge the potential 

benefit of extended HER2-targeted therapy in specific contexts, but it is not routinely recommended for 

all patients. It also recommended genomic assays to guide extended endocrine therapy, which NCCN 

guidelines discuss primarily in the context of HR+/HER2-negative disease, with no mention of their use 

to guide extended endocrine therapy in HER2-positive disease. Gukiza also recommends considering 

newer HER2-targeted agents in the neoadjuvant/adjuvant setting, such as tucatinib, trastuzumab 

deruxtecan, or margetuximab. These agents have not been recommended by NCCN guidelines outside of 

clinical trials despite showing promising results.19 Case #20, who was a 60-year-old postmenopausal 

female with metastatic triple-negative breast cancer (TNBC) and significant comorbidities, on the other 

hand, received a perfect concordance score. Recommendations, which were all supported by NCCN 

guidelines, included continued systemic therapy with second-line agents, monitoring of renal, hepatic and 

cardiac function, palliative and other supportive care, and involvement family and caregivers in end-of-

life care and other decision making.19 

Finally, the exploratory subgroup analysis examined the association between the unacceptability 

of AI-generated messages and patient age, menopause status, cancer stage, presence of comorbidities, and 

evidence of metastasis (Table 6). Patients who were postmenopausal were somewhat less likely to have a 

treatment plan scored by an oncologist as unacceptable compared with those who were premenopausal 

(OR: 0.25, 95% CI: 0.05, 1.19, p = 0.08). Patients who had any comorbidity were somewhat more likely 

to have a treatment plan scored by an oncologist as unacceptable compared with those who had no 

https://www.zotero.org/google-docs/?5t3N0g
https://www.zotero.org/google-docs/?zohIGM


 

   

 

comorbidities (OR: 3.95, 95% CI: 0.77, 20.2, p = 0.10). However, neither of these associations reached 

statistical significance in bivariate mixed effects logistic regression.  

 

DISCUSSION 

 Our results showed that AI-generated treatment plan scores were not significantly correlated with 

oncologist-generated treatment plans. This lack of correlation may reflect limitations in the scoring 

system, limited variability in responses, or fundamental differences in clinical reasoning. Although 

oncologist-generated plans received a greater proportion of “Acceptable” and “Exceptional” ratings 

overall, the difference in scoring was not statistically significant. Together, these findings suggest that 

while oncologist generated plans scored slightly better overall, the limited variability in scores and the 

study design may have constrained the ability to detect meaningful associations or differences between 

the two rating sources. On the other hand, AI-generated plans showed strong concordance with NCCN 

guidelines. This outcome is unsurprising given that Gukiza utilizes NCCN guidelines. 

Overall intra-rater reliability was moderate. While pairwise weighted Cohen’s kappa between 

oncologists varied greatly, at times reflecting substantial disagreement, including a situation where one 

rater assigned a 4 while another assigned a 1, the overall ICC examining inter-rater reliability was 

moderate.24 Conversely, Pearson’s correlation coefficient showed that AI-generated treatment plan scores 

were not significantly correlated with oncologist-generated treatment plans. It is difficult to determine the 

cause of the lack of correlation between scores in this study. One possible explanation is that oncologists 

in Kenya utilize a variety of clinical guidelines in addition to NCCN guidelines. Previous studies, 

including one within Kenya, have demonstrated low concordance between NCCN guidelines and 

recommendations made in clinical practice.25,26 Treatment decisions in the region are often shaped by 

patient affordability, given the high burden of out-of-pocket costs, as well as limited availability of certain 

therapies.25,26 Additionally, variability in care may reflect differences in institutional protocols or the 

preference for alternative guidelines such as those from European Society for Medical Oncology (ESMO) 

or American Society for Medical Oncology (ASCO). Another possible explanation is variation in how 

oncologists approached the scoring process itself. As shown in Figures 1–3, some oncologists, such as 

https://www.zotero.org/google-docs/?GfuC6O
https://www.zotero.org/google-docs/?wSp6Wa
https://www.zotero.org/google-docs/?izejFd


 

   

 

Oncologist #1, consistently had low weighted kappa scores, indicating limited agreement with the other 

reviewers. This could suggest differences in interpretation of the scoring criteria or in thresholds for what 

constitutes an appropriate plan, contributing to overall low concordance and substantial variability 

between raters. Additionally, low variability between patients may have biased measurements of 

correlation. Koo and Lee recommend including a minimum of 30 heterogeneous subjects and at least 

three raters when examining ICC.24 With 21 subjects and significant clustering of scores between 3 and 4 

as shown in Figure 4, this may not be satisfied. The Wilcoxon-signed rank test showed there was no 

statistically significant difference in the ratings of treatment plans generated by Gukiza compared with 

those generated by oncologists. However, the relatively small p-value and average higher scores for 

clinicians suggests a non-statistically significant trend favoring oncologist-generated treatment plans. 

When comparing Gukiza-generated output with NCCN Clinical Guidelines, the average overall 

concordance across case summaries was 0.87, indicating a high level of agreement. In many cases, 

“Partially Supported” or “Not Supported” recommendations did not represent outright errors by Gukiza, 

as illustrated by case #17. Many of the recommendations that were labeled “Partially Supported” or “Not 

Supported” appeared to be experimental or alternative approaches that were not explicitly recommended 

by NCCN guidelines but may have shown effectiveness in clinical trials and been recommended for other 

patient subgroups. There was minimal evidence of hallucinations, or situations where information was 

completely falsified and not based on real data. Previous studies have shown that hallucinations are a 

common issue in AI-tools for clinical decision making.27–29 Gukiza was created specifically for clinical 

oncology applications, and unlike more general models like ChatGPT, which are trained on open-domain 

data, it may be less prone to hallucinations. This aligned with a recent study which showed that smaller 

fine-tuned models could outperform larger zero-source models on specific tasks.30 This is a promising 

finding for the use of these specialized models in clinical practice. 

Subgroup analysis using mixed effects logistic regression should be interpreted with caution due 

to limited statistical power; however, it may provide directions for future research. While not statistically 

significant, the presence of comorbidities was associated with higher odds of unacceptable AI-generated 

treatment plans. Comorbidities may complicate approaches to clinical decision making and require 

https://www.zotero.org/google-docs/?Doh8k6
https://www.zotero.org/google-docs/?6RHd9W
https://www.zotero.org/google-docs/?2fOWV0


 

   

 

greater nuance. Not only that, but individuals with comorbidities are often excluded from clinical trials, 

suggesting limited data on those with chronic conditions.31,32 Postmenopausal status was also associated 

with a lower odds of unacceptable scores from oncologists, although again this was not statistically 

significant. Early-onset breast cancer tends to exhibit more aggressive histopathological and genomic 

features compared to breast cancer in older women, which may require more complex treatment options.33 

Subgroup analysis is a critical component of validation, as it enables the identification of performance 

differences across patient sub-populations. Understanding this can optimize performance for all patients 

by detecting bias and that may lead to systemically worse guidance for certain subgroups. 

This study contributes to the growing body of literature on applications of AI in oncology. 

Although AI tools in oncology are advancing rapidly, evidence of their efficacy in breast cancer care 

remains mixed. While some studies have demonstrated high accuracy in tasks such as information 

extraction and responding to structured questions, others have highlighted challenges related to tasks like 

complex clinical decision making.34–38 This study adds to the existing body of knowledge in key ways. 

Many previous studies focus on binary or discrete outcomes, such as whether an AI model can accurately 

detect cancer from imaging or predict survival based on clinical data.39 Relatively few studies have 

examined the overall quality and appropriateness of AI-generated treatment plans. Evaluating complete 

patient treatment plans presents a more nuanced challenge with respect to assessing concordance or 

clinical agreement. This is one of few studies that evaluates the quality and appropriateness of AI-

generated cancer treatment plans in direct comparison with local oncologists and evidence-based 

guidelines for oncology. Others include a 2018 study which compared a tool called Watson for Oncology 

(WFO) with a multidisciplinary tumor board in India. While this study found high overall concordance 

(93%), their measurement of concordance differed substantially; both “Recommended” and “For 

Consideration” treatment options were counted as concordant, leading to higher overall concordance 

scores.40 It is difficult to determine whether differences in concordance are a result of the AI model used, 

or the methods used to evaluate it. Another recent study comparing ChatGPT-4o-generated treatment 

plans with a multidisciplinary tumor board reported low concordance, with statistically significant 

differences in rating, and raters agreeing more often with the tumor board recommendations.38 Similar to 

https://www.zotero.org/google-docs/?JxR5e8
https://www.zotero.org/google-docs/?6tBNv5
https://www.zotero.org/google-docs/?NCEZId
https://www.zotero.org/google-docs/?bVo7DC
https://www.zotero.org/google-docs/?dU1ifS
https://www.zotero.org/google-docs/?zi6o9R


 

   

 

this study, treatment plans were rated using a Likert scale, but differing methodology make direct 

comparison difficult.  

Additionally, few studies to date have focused on the application of AI tools for cancer 

management in sub-Saharan Africa. Countries with limited healthcare coverage and low per capita health 

expenditure have demonstrated a greater willingness to adopt innovative technologies like AI.41 Despite 

the interest in implementation, AI-driven tools have been adopted more slowly in Africa than other parts 

of the world.11 This study represents one of the few efforts to address these gaps by assessing clinical 

validity of AI models in an African context.  

While this study is an important step towards validating Gukiza, several key limitations should be 

acknowledged. Although this study provides valuable insight into the implementation of Gukiza at 

Kenyatta National Hospital, the generalizability of these findings to other populations should be carefully 

considered. KNH was an appropriate site for this study because it provided a representative mix of breast 

cancer patients. Not only that, but this study was designed to assess the platform’s performance within the 

KNH patient population ahead of broader integration. Although the findings are encouraging and suggest 

potential applicability beyond Kenya, further validation studies should be conducted. 

As mentioned previously, there are methodological challenges to evaluating complex clinical 

decision-making systems. Analyzing correlation between the AI- and oncologist-generated treatment 

plans offers valuable insights on how Gukiza performs relative to oncologists; however, it does not fully 

capture the complexity of clinical decision-making. This is one of the challenges of evaluating 

unstructured data. The use of a Likert scale provides a structured approach to evaluating treatment plans, 

but it does not necessarily account for all the nuances involved. To address this, we added an AI-

supported concordance analysis of the specific treatment recommendations, but future studies should 

consider more detailed content analyses, such as a mixed methods approach, to further assess the 

alignment of AI-generated guidance with established clinical standards. These methodological challenges 

are compounded by the inherent subjectivity of clinical decision-making. Guidance can vary not only 

across different countries, where guidelines, training, and resource availability differ, but even among 

oncologists within the same country. A strength of this study was the diverse panel of six oncologists. 

https://www.zotero.org/google-docs/?ZF0ApK
https://www.zotero.org/google-docs/?AU76FC


 

   

 

Nonetheless, variability in experience among oncologists, and differences in the ways that they approach 

the scoring process could have contributed to inconsistencies in scoring, and as mentioned above, 

impacted the measurement of correlation.  

With regard to the comparison to NCCN guidelines, NCCN represents one of many clinical 

guidelines in the field of oncology. While NCCN offers harmonized guidelines specific to sub-Saharan 

Africa, guidelines from other regional and international bodies such as the European Society for Medical 

Oncology (ESMO), American Society of Clinical Oncology (ASCO) are also widely used in Kenya. 

Future studies should examine concordance with these guidelines as well. Finally, the moderate sample 

size limited statistical power to detect small effect sizes and generalize findings from this study. This was 

of particular concern with the subgroup analysis using mixed effects logistic regression. Future studies 

should include larger sample sizes to improve statistical power. 

 

CONCLUSION 

Despite these limitations, the findings of this study demonstrate the promise of AI-powered 

platforms like Gukiza in augmenting oncology care in settings where oncologists experience a high 

workload and limited support infrastructure. AI tools should not be considered a replacement for medical 

professionals, but rather an integrative tool that can augment and improve diagnostic and therapeutic 

processes, providing critical support in clinical decision-making.6 By demonstrating concordance with 

NCCN guidelines, this study suggests that Gukiza and similar tools can play a meaningful role in 

supporting high-quality cancer care in resource limited settings. While the data from the blinded 

concordance assessment did not show significant correlation, it provides valuable insight into the 

methodology used to assess concordance, as well as the inherent challenges in comparing AI tools with 

clinical standards of care. Validation studies are an important benchmark for successful implementation 

of AI tools, but further studies should examine whether these results translate to improved patients' 

outcomes, cost-effectiveness, patient-experience, and clinician workload.42,45 With continued refinement, 

clinical integration, and real-world evaluation, AI tools like Gukiza can reduce barriers to cancer care 

delivery, both within Kenya and in other resource-constrained settings globally.  

https://www.zotero.org/google-docs/?vTjYbu
https://www.zotero.org/google-docs/?HMXnvx


 

   

 

TABLES AND FIGURES 

 

Table 1. Baseline demographic and general clinical characteristics of breast cancer cases stratified 

by menopausal status for a sample of breast cancer patients at Kenyatta National Hospital in 

Nairobi, Kenya, 2025 

 Overall 

(N=21) 

Postmenopausal 

(N=12) 

Premenopausal 

(N=9) 

Sex    

Female 21 (100%) 12 (100%) 9 (100%) 

Age (years)    

Median [Min, Max] 54.0 [34.0, 76.0] 58.0 [49.0, 76.0] 39.5 [34.0, 48.0] 

BMI category    

Underweight 0 (0%) 0 (0%) 0 (0%) 

Normal weight 6 (28.6%) 3 (25.0%) 3 (33.3%) 

Overweight 7 (33.3%) 4 (33.3%) 3 (33.3%) 

Obese 8 (38.1%) 5 (41.7%) 3 (33.3%) 

Parity    

Median [Min, Max] 2.00 [1.00, 6.00] 2.00 [1.00, 6.00] 2.00 [1.00, 3.00] 

Missing 6 (28.6%) 5 (41.7%) 1 (11.1%) 

Age at menarche (years)    

Median [Min, Max] 15.0 [12.0, 19.0] 15.0 [12.0, 16.0] 15.5 [12.0, 19.0] 

Missing 9 (42.9%) 6 (50.0%) 3 (33.3%) 

Family history    

Yes 6 (28.6%) 4 (33.3%) 2 (22.2%) 

    Breast cancer, unknown degree 2 (9.5%) 1 (8.3%) 1 (11.1%) 

    Other, first degree 2 (9.5%) 2 (16.7%) 0 (0%) 

    Other unknown degree 1 (4.8%) 0 (0%) 1 (11.1%) 

    Unknown type, unknown 

degree 

1 (4.8%) 1 (8.3%) 0 (0%) 

No 9 (42.9%) 4 (33.3%) 5 (55.6%) 

Unknown 6 (28.6%) 4 (33.3%) 2 (22.2%) 



 

   

 

Any chronic comorbidity    

None 14 (66.7%) 6 (50.0%) 8 (88.9%) 

Any 7 (33.3%) 6 (50.0%) 1 (11.1%) 

    Dementia 1 (4.8%) 1 (8.3%) 0 (0%) 

    Diabetes 1 (4.8%) 1 (8.3%) 0 (0%) 

    HIV 1 (4.8%) 1 (8.3%) 0 (0%) 

    Hypertension 5 (23.8%) 4 (33.3%) 1 (11.1%) 

    Valvular heart disease 1 (4.8%) 1 (8.3%) 0 (0%) 

    

 

Table 2. Breast cancer clinical characteristics stratified by menopause status, for a sample of breast 

cancer patients at Kenyatta National Hospital in Nairobi, Kenya, 2025 

 Overall 

(N=21) 

Postmenopausal 

(N=12) 

Premenopausal 

(N=9) 

Cancer stage    

Stage 2 7 (33.3%) 4 (33.3%) 3 (33.3%) 

Stage 3 9 (42.9%) 5 (41.7%) 4 (44.4%) 

Stage 4 5 (23.8%) 3 (25.0%) 2 (22.2%) 

Breast side affected    

Left 13 (61.9%) 8 (66.7%) 5 (55.6%) 

Right 8 (38.1%) 4 (33.3%) 4 (44.4%) 

Tumor size    

2–5 cm 11 (52.4%) 7 (58.3%) 4 (44.4%) 

> 5 cm 3 (14.3%) 2 (16.7%) 1 (11.1%) 

> 5 cm with skin/muscle involvement 2 (9.5%) 1 (8.3%) 1 (11.1%) 

Skin/muscle involvement 5 (23.8%) 2 (16.7%) 3 (33.3%) 

Cancer location    

Central 4 (19.0%) 4 (33.3%) 0 (0%) 

Lower inner quadrant 2 (9.5%) 2 (16.7%) 0 (0%) 

Lower outer quadrant 2 (9.5%) 0 (0%) 2 (22.2%) 



 

   

 

Upper inner quadrant 1 (4.8%) 1 (8.3%) 0 (0%) 

Upper outer quadrant 8 (38.1%) 4 (33.3%) 4 (44.4%) 

Multiple    

    Lower outer and central  quadrant 1 (4.8%) 1 (8.3%) 0 (0%) 

    Upper and lower outer quadrant 2 (9.5%) 0 (0%) 2 (22.2%) 

    Upper inner and outer quadrant  1 (4.8%) 0 (0%) 1 (11.1%) 

Nodal involvement    

0–3 nodes 9 (42.9%) 6 (50.0%) 3 (33.3%) 

4–9 nodes 5 (23.8%) 2 (16.7%) 3 (33.3%) 

> 9 nodes 7 (33.3%) 4 (33.3%) 3 (33.3%) 

Metastasis    

Absent 16 (76.2%) 9 (75.0%) 7 (77.8%) 

Present 5 (23.8%) 3 (25.0%) 2 (22.2%) 

    Bone 1 (4.8%) 0 (0%) 1 (11.1%) 

    Lung 2 (9.5%) 1 (8.3%) 1 (11.1%) 

    Lung and one 2 (9.5%) 2 (16.7%) 0 (0%) 

Hormone receptor status    

Hormone receptor positive  16 (76.2%) 8 (66.7%) 8 (88.9%) 

Triple negative (TNBC) 5 (23.8%) 4 (33.3%) 1 (11.1%) 

In remission    

Female 21 (100%) 12 (100%) 9 (100%) 

Treatment received    

Chemotherapy 7 (33.3%) 4 (33.3%) 3 (33.3%) 

Palliative chemotherapy 2 (9.5%) 2 (16.7%) 0 (0%) 

Surgery (Mastectomy, lumpectomy), 

Chemotherapy 

4 (19.0%) 3 (25.0%) 1 (11.1%) 

Surgery (Mastectomy, lumpectomy) 2 (9.5%) 0 (0%) 2 (22.2%) 

Missing 6 (28.6%) 3 (25.0%) 3 (33.3%) 

  



 

   

 

Table 3. Demographic characteristics of oncologist expert panel 

 Overall 

(N=6) 

Area of oncology practice  

Medical Oncology 3 (50.0%) 

Medical and Radiation Oncology 2 (33.3%) 

Radiation Oncology 1 (16.6%) 

Years of experience  

5-10 years 4 (66.6%) 

11-20 years 2 (33.3%) 

Primary work setting  

Academic institution 2 (33.3%) 

Public institution 2 (33.3%) 

Public institution; Private institution 1 (16.6%) 

Academic institution;  

Public institution; Private institution 

1 (16.6%) 

Primary work setting location  

Rural 2 (33.3%) 

Semi-urban 1 (16.6%) 

Urban 3 (50.0%) 

  

 

  



 

   

 

Figure 1. Heatmap displaying weighted pairwise kappa statistics assessing inter-rater agreement 

among an expert panel of oncologists evaluating AI-generated treatment plans using squared 

weights.1 

 

 
 

1. Squared weights were used to address the ordinal nature of the scoring data, meaning disagreements are weighted according to their squared 

distance from perfect agreement (https://search.r-project.org/CRAN/refmans/irr/html/kappa2.html).  



 

   

 

Figure 2. Heatmap displaying weighted pairwise kappa statistics assessing inter-rater agreement 

among an expert panel of oncologists evaluating oncologist-generated treatment plans using 

squared weights.1 

 

 

 
 
1. Squared weights were used to address the ordinal nature of the scoring data, meaning disagreements are weighted according to their squared 

distance from perfect agreement (https://search.r-project.org/CRAN/refmans/irr/html/kappa2.html).  



 

   

 

Figure 3. Heatmap displaying weighted pairwise kappa statistics assessing inter-rater agreement 

among an expert panel of oncologists evaluating AI-generated and oncologist-generated treatment 

plans using squared weights.1 

 

 
 
1. Squared weights were used to address the ordinal nature of the scoring data, meaning disagreements are weighted according to their squared 

distance from perfect agreement (https://search.r-project.org/CRAN/refmans/irr/html/kappa2.html). 

 

  



 

   

 

Table 4. Intraclass Correlation Coefficient (ICC) as a measure of inter-rater reliability among 

expert panel of oncologists 

Type ICC  95% CI p-value 

AI-Generated 0.78 [0.49, 0.93] < 0.001 

Oncologist-Generated 0.28 [-0.67, 0.78] 0.21 

Combined 0.71 [0.47, 0.86] < 0.001 

    

 

 

  



 

   

 

Figure 4. Violin plot comparing distribution of scores between AI-generated and oncologist-

generated treatment plans 

 

  



 

   

 

Table 5. Mean Percentage of Supported, Partially Supported, and Not Supported AI 

Recommendations Within Patient Treatment Plans1  

ID Composite Score 

Case 1 0.89 

Case 2 0.95 

Case 3 0.75 

Case 4 0.95 

Case 5 0.93 

Case 6 0.74 

Case 7 0.88 

Case 8 0.86 

Case 9 0.86 

Case 10 0.93 

Case 11 0.92 

Case 12 0.87 

Case 13 0.87 

Case 14 0.90 

Case 15 0.89 

Case 16 0.80 

Case 17 0.73 

Case18 0.86 

Case 19 0.75 

Case 20 1.00 

Case 21 0.95 

  

1. Composite scores were calculated for each patient by scoring ‘Supported’ recommendations with 1.0, ‘Partially Supported’ recommendations 

with 0.5 and ‘Not Supported’ recommendations with 0. Total scores were divided by the total number of recommendations within each treatment 

plan to account for variation by treatment plan.  

  



 

   

 

Table 6. Unadjusted odds ratios (and 95% confidence intervals) from mixed effects logistic 

regression models examining the association between unacceptability of AI-generated treatment 

plans and patient clinical and sociodemographic characteristics.  

Characteristic OR 95% CI p-value 

Age Category    

Under 40 — —  

40 and Over 0.42 0.06, 3.07 0.4 

Menopause Status    

Premenopausal — —  

Postmenopausal 0.25 0.05, 1.19 0.08 

Stage    

Stage 2 — —  

Stage 3 2.87 0.58, 14.1 0.2 

Stage 4 2.54 0.38, 17.0 0.3 

Comorbidity    

None — —  

Any 3.95 0.77, 20.2 0.1 

Metastasis    

Absent — —  

Present 1.46 0.23, 9.16 0.7 
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Appendix 1. Clinical and demographic variables used in the creation of de-identified breast 
cancer patient profiles. 

Variable  Type  Values  

Age Continuous NA 

Sex Categorical Male 
Female 

Weight (kg) Continuous NA 

Height (cm) Continuous NA 

Chronic disease history  Categorical Diabetes 
Hypertension 
Kidney Disease 
Osteoporosis 
Autoimmune Disease e.g. Lupus, 
Rheumatoid Arthritis 
Chronic respiratory disease e.g. COPD, 
Asthma 
HIV 
None 
Unknown 
Other 

Family history of cancer Categorical None 
Breast cancer 
Ovarian cancer 
BRCA mutation 
Unknown 
Other  

Smoking status  Categorical Current 
Former 
Never 
Unknown 

Alcohol consumption history Categorical None 
Occasional 
Frequent 
Unknown 

Body mass index [weight 
(kg) / height (m^2)] 

Continuous NA 

Age at menarche (years) Continuous NA 



 

   

 

Number of full term 
pregnancies 

Continuous  NA 

Contraceptive history Categorical None 
Oral contraceptive use 
Hormone replacement therapy 
Unknown 
Other 

Menopausal status  Categorical Premenopausal 
Postmenopausal 
Unknown 

Breast side affected Categorical Left 
Right 
Bilateral 

Location  Categorical Upper outer quadrant 
Upper inner quadrant 
Lower outer quadrant 
Lower inner quadrant 
Central 

Axillary lymph node 
involvement on physical 
examination 

Free text NA 

Mammography Free text NA 

Ultrasound Free text NA 

CT Scan  Free text NA 

MRI Free text NA 

PET Scan Free text NA 

Lymph node involvement Free text NA 

Biopsy type Categorical None 
Core needle 
Excisional 

Histology Categorical Invasive ductal carcinoma 
Invasive lobular carcinoma 
Mixed 
Mucinous 
Lymphatic type 
Undifferentiated/anaplastic 
Ductal carcinoma insitu (DCIS) 



 

   

 

Other 

Estrogen receptor (ER) 
status 

Categorical Positive 
Negative 
Not available 

Progesterone receptor (PR) 
status 

Categorical Positive 
Negative 
Not available 

HER2 status Categorical Positive 
Negative 
Not available 

Lymph node involvement 
based on biopsy findings 

Free text NA 

Tumor size  Categorical < 2cm 
2–5 cm 
> 5 cm 
Skin/muscle involvement 

Nodal involvement (Based 
on clinical, imaging and/or 
histology/cytology) 

Categorical 0–3 nodes 
4–9 nodes 
> 9 nodes 

Metastasis Categorical Present 
Absent 

Distant metastasis Categorical Lung 
Liver 
Bone 
Brain 
None 
Other 

Clinical stage Categorical Stage 1 
Stage 2 
Stage 3 
Stage 4 

High risk features Categorical Lymphovascular invasion 
Grade 3 
Perineural invasion 
None 
Unknown 
Other 

Breast cancer treatment Categorical Surgery (Mastectomy, lumpectomy) 



 

   

 

received so far Chemotherapy 
Radiation therapy 
Hormone therapy e.g Tamoxifen, Letrozole 
Targeted therapy e.g CDK 4/6 inhibitors 
Immunotherapy 
Other 

Provide a treatment 
summary 

Free text NA 

In remission Categorical Yes 
No 

 

  



 

   

 

Appendix 2. Summary of scores across raters for AI- vs. oncologist-generated treatment plans using 

mean (SD) and median (IQR).1 

Patient ID AI-Generated Oncologist-Generated 

 Mean (SD) Median (IQR) Mean (SD) Median (IQR) 

Case 1   3.00 (0.89)    3.0 (1.50)     2.83 (0.75)    3.0 (0.75) 

Case 2   2.83 (0.75)    3.0 (0.75)    3.67 (0.52)    4.0 (0.75) 

Case 3  3.17 (0.75)    3.0 (0.75)    2.83 (0.41)    3.0 (0.00) 

Case 4   3.33 (0.52)    3.0 (0.75)    3.50 (0.55)    3.5 (1.00) 

Case 5   2.83 (0.98)    2.5 (1.75)    3.17 (0.75)    3.0 (0.75) 

Case 6    3.50 (0.84)    4.0 (0.75)     3.17 (0.75)    3.0 (0.75) 

Case  7   3.17 (0.41)    3.0 (0.00)    3.83 (0.41)    4.0 (0.00) 

Case 8   3.17 (0.75)    3.0 (0.75)     3.33 (0.82)    3.5 (1.00) 

Case 9   3.17 (0.41)    3.0 (0.00)    3.33 (0.52)    3.0 (0.75) 

Case 10   2.50 (1.05)    2.5 (1.00)    3.00 (1.10)    3.0 (0.75) 

Case 11  2.67 (0.58)    3.0 (0.50)    3.67 (0.58)    4.0 (0.50) 

Case 12   3.00 (0.82)    3.0 (1.00)    4.00 (0.00)    4.0 (0.00) 

Case 13  3.00 (0.00)    3.0 (0.00)    3.33 (1.15)    4.0 (1.00) 

Case 14    3.67 (0.47)    4.0 (0.50)    2.33 (0.58)    2.0 (0.50) 

Case 15  2.67 (0.47)    3.0 (0.50)    3.33 (1.15)    4.0 (1.00) 

Case 16   2.00 (0.00)    2.0 (0.00)    3.67 (0.58)    4.0 (0.50) 

Case 17   1.17 (0.37)    1.0 (0.00)     3.33 (0.52)    3.0 (0.75) 

Case 18   3.00 (0.82)    3.0 (1.00)    3.33 (0.58)    3.0 (0.50) 

Case 19   3.33 (0.47)    3.0 (0.50)    3.00 (1.00)    3.0 (1.00) 

Case 20   3.33 (0.94)    4.0 (1.00)     3.00 (1.00)    3.0 (1.00) 

Case 21  3.33 (0.47)    3.0 (0.50)    2.33 (1.53)    2.0 (1.50) 
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