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Diagnostic and interpretive gains from
reasoning over conclusions with a large
reasoning model in radiology
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Radiologists can miss subtle secondary findings relevant to tumor staging and management. Large
reasoning models (LRMs) may mitigate this by improving interpretive completeness and transparency,
yet systematic evaluation remains lacking. We studied 900 multicenter oncologic cases from three
Chinese hospitals to compare an LRM’s reasoning processes with its conclusion-only format and two
non-reasoning models. Three senior radiologists assessed diagnostic errors and qualitative
attributes, and a human-in-the-loop study with six radiologists evaluated workflow-related effects.
Cross-language generalization was tested using an English MIMIC-Cancer-90 cohort. Reasoning
processes showed the fewest missed or misclassified errors and the highest ratings for
comprehensiveness, explainability, and unbiasedness, though with reduced conciseness.
Performance dropped when only conclusions were used, and non-reasoning models underperformed
across metrics. Improvements were consistent across cancer types, modalities, institutions, and
languages. Reader studies confirmed greater perceived completeness and reasoning clarity,
especially among juniors, while revealing workflow costs requiring optimization for clinical use.

Formulating clinically sound impressions from imaging findings is a central
yet demanding component of radiologic practice'. Whereas findings
describe the radiologist’s direct observations and convey elements of
interpretive reasoning, the impression requires a deliberate synthesis
that prioritizes, contextualizes, and integrates these details®. Currently,
impressions are drafted manually by radiologists, which is inherently
subjective and vulnerable to omissions and misdiagnoses’. These
errors are far from rare, with studies estimating an everyday error or
discrepancy rate of 3-5% in radiology practice®. Particularly, missing
subtle secondary findings (e.g., small metastases) is a documented
challenge’, and such omissions in oncologic imaging could lead to
under-staging or suboptimal treatment planning. At the same time,
impression generation represents the remaining bottleneck in the
pipeline of AI report generation, as current Al techniques for identi-
fying imaging findings have already reached a relatively mature
stage®. These challenges underscore a need not only for automation
but for approaches that preserve interpretive transparency and ensure

information completeness for impression generation to support
diagnostic reliability and trust in Al-assisted reporting.

Recent advances in large language models (LLMs) have enabled partial
automation of radiology reporting'”"”. Researchers have evaluated the
performance of LLM on various radiology-related tasks, including report
simplification”’, error correction'*'”, and impression generation"'*"**. Sun et
al." assessed the performance of GPT-4 in generating diagnostic impressions
from chest radiograph findings. In a study involving 50 radiology reports,
the impressions generated by GPT-4 were found to be inferior to those
written by human radiologists due to including statements not mentioned in
the original findings. Zhang et al."” developed a specialized LLM for radi-
ology impression generation. On an external test set (n = 3988) encom-
passing various imaging modalities and anatomical sites, the LLM was
generally able to generate both linguistically and professionally appropriate
impressions. However, its performance in generating specific diagnoses
remained suboptimal. While these studies highlight the considerable
advances and clinical potential of LLMs in radiology, most LLMs generate
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conclusions without explaining their underlying reasoning. The absence of
transparency limits clinical trust”’, as radiologists cannot verify how an
impression was derived. Moreover, purely conclusion-based outputs may
omit subtle but clinically significant findings, reducing the reliability of the
generated impressions.

The emergence of OpenAl ol-like” large reasoning models (LRMs)™'
has marked a paradigm shift in LLM development, i.e., from the train-time
compute to the test-time compute that enhances performance by enabling
the LLM to engage in more “thinking” during inference”. Taking the pio-
neering open-source LRM DeepSeek-R1% as an example, thanks to the
chain-of-thought (CoT)* and reinforcement learning (RL)” techniques, it
demonstrates exceptional reasoning capability, featuring outputting native
and explicit reasoning processes. More importantly, the model enables self-
reflection in the reasoning processes that can greatly improve the generative
performance, particularly in solving mathematical and programming
tasks™. The advancement in reasoning positions it to potentially overcome
limitations observed in non-reasoning LLMs like GPT-4, enabling more
accurate medical diagnoses through deeper and more deliberate reasoning.
Tordjman et al.” have conducted a comprehensive evaluation of DeepSeek-
R1 with OpenAl-ol and Llama3.1-405B* on radiological impression gen-
eration with 200 cases. DeepSeek-R1 achieved competitive impression
quality compared to OpenAl-ol (five-point Likert score: 4.5 vs 4.8).
Sandmann et al.”’ compared the clinical decision-making capability of
DeepSeek-R1 against proprietary LLMs (GPT-40 and Gem2FTE) on 125
cases. DeepSeek-R1 performed equally well and better than proprietary
LLMs in some cases. Collectively, these studies verified the advancement
and potential of LRM in the medical field. Nevertheless, they have primarily
evaluated the quality of the final reasoning-derived conclusions, such as
diagnostic accuracy or linguistic quality, rather than systematically assessing
the effect of the reasoning processes themselves. Understanding how these
reasoning processes influence diagnostic completeness, interpretability, and
clinical usability is essential to determine whether such models can truly
enhance radiological impression generation and align with clinical
practice needs.

Building upon these advances, this study aimed to systematically
evaluate the effect of the reasoning processes generated by an LRM on
radiological impression generation for oncologic imaging. Using the open-
source model DeepSeek-R1 as a representative LRM, we compared the
diagnostic, qualitative, and workflow-related performance of reasoning-
based outputs with both the model’s own conclusions and the outputs of two
non-reasoning LLMs across diverse cancer types, imaging modalities,
institutions, and languages. By focusing on the reasoning processes them-
selves rather than solely the final reasoning-derived conclusions, this work
sought to determine whether explicit reasoning could enhance diagnostic
completeness, interpretability, and clinical reliability.

Results

Study overview

A total of 990 oncologic cases were analyzed across breast, lung, and col-
orectal cancers, covering three imaging modalities of CT, MRI, and mam-
mography (MG). We compared the two components of DeepSeek-R1
outputs: (i) DeepSeek-R1 (Rea.): the stepwise reasoning processes, and (ii)
DeepSeek-R1 (Con.): the subsequent conclusion derived from the reasoning
processes. In addition, DeepSeek-R1 (Rea.) was also compared against two
non-reasoning LLMs (DeepSeek-V3_0324 and GPT-4.5). Model outputs
were evaluated across eight diagnostic and qualitative metrics. The diag-
nostic metrics were designed to target four kinds of common errors in
oncologic radiology, including missed primary diagnoses (MPD), missed
secondary diagnoses (MSD), primary misdiagnoses (PMisD), and second-
ary misdiagnoses (SMisD). The qualitative metrics are comprehensiveness,
explainability, conciseness, and unbiasedness. Additionally, a reader study
on 54 Chinese cases involving three junior (<10 years) and three senior (=10
years) radiologists assessed the information completeness, reasoning help-
fulness, and short-term editability of different model outputs. The evalua-
tion time on each case in the reader study was also analyzed.

Dataset

Oncologic cases (n = 900) from three Chinese medical institutions were
included for model evaluation. Table 1 summarizes the demographic
and clinical characteristics of the 900 Chinese cases, with each insti-
tution contributing 300 cases (150 breast, 50 lung, and 100 colorectal
cancer cases). The distribution of age, sex, histological subtypes, and
imaging modalities was largely similar across the three institutions. This
stratified multicenter design ensured balanced case numbers across
cancer types and modalities, enabling consistent subgroup analyses. To
assess cross-language generalization, an additional English-language
cohort consisting of 90 cases (MIMIC-Cancer-90) was constructed and
evaluated. Details of the MIMIC-Cancer-90 dataset are in the “Data”
section of the “Methods”.

Table 1 | Patient characteristics of the cancer cases in the
three Chinese institutions

Characteristic Institution Institution Institution p value
1 (n =300) 2 (n=300) 3 (n =300)
Breast cancer 150 150 150
Age 55+ 20 60+17 62+ 16 0.02
Sex -
Female 150 (100.0) 150 (100.0) 150 (100.0)
Histological type 0.52
CIS 25 (16.7) 31(20.7) 24 (16.0)
NST 108 (72.0) 95 (63.3) 104 (69.3)
Special types 17 (11.3) 24 (16.0) 22 (14.7)
Modality -
MG 50 (33.3) 50 (33.3) 50 (33.3)
CT 50 (33.3) 50 (33.3) 50 (33.3)
MRI 50 (33.3) 50 (33.3) 50 (33.3)
Lung cancer 50 50 50
Age 61+18 62+ 16 64+15 0.33
Sex -
Male 25 (50.0) 25 (50.0) 25 (50.0)
Female 25 (50.0) 25 (50.0) 25 (50.0)
Histological type 0.22
NSCLC 43 (86.0) 46 (92.0) 40 (80.0)
SCLC 7 (14.0) 4(8.0) 10 (20.0)
Modality -
CT 50 (100.0) 50 (100.0) 50 (100.0)
Colorectal cancer 100 100 100
Age 63+ 16 60+12 63+ 14 0.21
Sex -
Male 50 (50.0) 50 (50.0) 50 (50.0)
Female 50 (50.0) 50 (50.0) 50 (50.0)
Location of lesion 0.11
Colon 26 (26.0) 38 (38.0) 20 (20.0)
Rectum 58 (58.0) 40 (40.0) 48 (48.0)
Junction 16 (16.0) 22 (22.0) 32 (32.0)
Modality -
CT 50 (50.0) 50 (50.0) 50 (50.0)
MRI 50 (50.0) 50 (50.0) 50 (50.0)

Categorical data are presented as the number of patients, with percentages shown in parentheses.
Age is expressed as mean + standard deviation. Comparisons of categorical variables among the
three institutions were performed using the x? test, while comparisons of continuous variables were
conducted using the Kruskal-Wallis test.
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Fig. 1 | Overall performance of DeepSeek-R1 (Rea.) and DeepSeek-R1 (Con.).
a Bar charts of diagnostic metric comparison. Blue bars represent DeepSeek-R1
(Rea.) and orange bars represent DeepSeek-R1 (Con.). b Box plots of qualitative
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metric comparison. Blue boxplots represent DeepSeek-R1 (Rea.) and yellow box-
plots represent DeepSeek-R1 (Con.). x: mean values. Lines in the boxes: median
values. Whiskers: 1.5xIQR. Circles outside the boxes: outliers.

Reasoning processes versus the conclusion only

To assess the contribution of the reasoning processes themselves, we first
compared DeepSeek-R1 (Rea.) with DeepSeek-R1 (Con.). Overall perfor-
mance on the Chinese reports (1 = 900) of DeepSeek-R1 (Rea.) and that of
DeepSeek-R1 (Con.) is illustrated in Fig. 1. As shown in Fig. 1a, in terms of
the four diagnostic metrics, DeepSeek-R1 (Rea.) achieved significant
superiority on DeepSeek-R1 (Con.): 0.67% (6 cases; 95% CI: 0.31%-1.45%)
versus 5.56% (50 cases, 95% CI: 4.24%-7.25%) on MPD, 3.22% (29
cases; 95% CI: 2.25%-4.59%) versus 23.11% (208 cases, 95% CI:
20.47%-25.98%) on MSD, 0.56% (5 cases; 95% CI: 0.24%-1.29%)
versus 4.78% (43 cases, 95% CI: 3.57%-6.37%) on PMisD, and 6.11%
(55 cases; 95% CI: 4.72%-7.87%) versus 11.33% (102 cases, 95% CI:
9.42%-13.57%) on SMisD (all p <0.001).

As shown in Fig. 1b, DeepSeek-R1 (Rea.) demonstrated consistent and
statistically significant advantages over DeepSeek-R1 (Con.) in three of the
four qualitative evaluation metrics. For comprehensiveness, DeepSeek-R1
(Rea.) achieved higher scores (Median = 4.333, IQR = [4.333-4.667]) than
DeepSeek-R1 (Con.) (Median =4.000, IQR =[3.667-4.333]) (p <0.001,
Cohen’s d = 0.784), indicating more complete and detailed coverage of key
diagnostic elements. In explainability, DeepSeek-R1 (Rea.) also out-
performed DeepSeek-R1 (Con.) (Median = 4.667, IQR = [4.333-5.000] vs.
4.333,IQR = [4.000-4.667]; p < 0.001, Cohen’s d = 0.836), reflecting greater
interpretive transparency and logical clarity in the reasoning processes. For
unbiasedness, both models maintained high performance, with DeepSeek-
R1 (Rea.) showing a modest but statistically significant advantage (Med-
fan = 4.333, IQR = [4.333-5.000] vs. 4.333, IQR = [3.833-4.667]; p < 0.001,
Cohen’s d =0.670), suggesting that explicit reasoning did not introduce
systematic bias and may even improve reporting consistency. In contrast,
conciseness exhibited an opposite trend. DeepSeek-R1 (Rea.) generated
considerably longer and more detailed outputs (Median =2.667,
IQR =[2.333-3.000]) compared with DeepSeek-R1 (Con.) (Median =
5.000, IQR = [4.333-5.000]) (p < 0.001, Cohen’s d = 4.673), representing an
extremely large effect size. Gwet’s ACI was used to assess inter-rater con-
sistency across the four qualitative scores from three raters. High agreement
was observed for most metrics (all > 0.69), whereas conciseness showed only
moderate agreement (0.468) (Table S1).

Overall, these findings indicate that explicit reasoning improves the
comprehensiveness and interpretability of oncologic diagnoses, particularly
in capturing secondary findings relevant to cancer staging and potentially
informing treatment decisions, albeit with a corresponding loss of con-
ciseness. In Tables S2-S5, we illustrate two representative cases, where

DeepSeek-R1 (Con.) failed to point out the tumor-related secondary lesions
(MSD). In contrast, DeepSeek-R1 (Rea.) mentioned all of these.

Subgroup analyses further confirmed that the benefits of the reasoning
processes were consistent across cancer types, imaging modalities, and
institutions (Fig. 2). On all subsets, DeepSeek-R1 (Rea.) achieved higher
scores than DeepSeek-R1 (Con.) on all four diagnostic metrics and three
qualitative metrics except conciseness. For diagnostic metrics, DeepSeek-R1
(Rea.) achieved notably lower MPD on subsets of breast cancer, MRI, and
Institution 2, MSD on all subsets, PMisD on subsets of breast cancer, MRI,
and Institution 1, and SMisD on subsets of all three cancers, imaging
modalities of CT, MRI, Institution 1, and Institution 2. In terms of gen-
eration quality, the improvements were particularly pronounced in three
dimensions except conciseness, with DeepSeek-R1 (Rea.) outperforming
DeepSeek-R1 (Con.) in nearly all subgroups. This consistency across diverse
clinical contexts suggests that the advantage of explicit reasoning is robust to
variations in disease type and imaging modality.

Reasoning processes versus non-reasoning models

To contextualize the effect of reasoning within the broader landscape of
LLM performance, DeepSeek-R1 (Rea.) was further compared with two
non-reasoning models (DeepSeek-V3_0324 and GPT-4.5). As illustrated in
Fig. 3a, significant diagnostic gains were achieved by DeepSeek-R1 (Rea.)
compared with the two LLMs on the whole 900 cases in terms of MPD,
MSD, and SMisD (all p < 0.01). Particularly, for MSD and SMisD, the error
rates of DeepSeek-V3_0324 and GPT-4.5 are much higher. DeepSeek-
V3_0324 achieves 17.78% (160 cases, 95% CI: 15.42%-20.41%), and GPT-
4.5 achieves 7.89% (71 cases, 95% CI: 6.30%-9.83%) regarding MSD. For
SMisD, DeepSeek-V3_0324 achieves 14.11% (127 cases, 95% CI:
11.99%-16.54%) and GPT-4.5 achieves 18.33% (165 cases, 95% CI:
15.94%-20.99%).

As shown in Fig. 3b, DeepSeek-R1 (Rea.) also achieved significant
superiority in most comparisons in terms of generation quality. For
explainability, DeepSeek-R1 (Rea.) achieved the highest ratings, showing
statistically significant improvements compared with both DeepSeek-
V3_0324 and GPT-4.5 (p <0.001, Cohen’s d = 0.51-0.63). The magnitude
of these effects indicates that explicit reasoning contributes substantially to
enhancing the interpretability and clarity of the model output. Comprehen-
siveness was similarly robust, significantly higher than DeepSeek-V3_0324
(p <0.001, Cohen’s d=0.33) and comparable to GPT-4.5. DeepSeek-R1
(Rea.) still scored lowest on conciseness, producing substantially longer
outputs than DeepSeek-V3_0324 (5.000, IQR=[4.333-5.000]) and
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Fig. 2 | Subgroup analysis of the performance of utilizing the reasoning processes
generated by DeepSeek-R1. a Breast cancer (n = 450). b Lung cancer (n = 150).
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(Con.). For the diagnostic metrics, the illustrated score was computed with 1-error
rate. For the qualitative metrics, the score was calculated by dividing the mean score
by 5. The asterisk in parentheses denotes the significance level.

GPT-4.5 (4.333, IQR =[4.333-5.000]) (p <0.001, Cohen’s d = 3.65-4.24).
Unbiasedness remained consistently high across models, DeepSeek-R1
(Rea.) showing moderate but statistically significant advantages over
DeepSeek-V3_0324 and GPT-4.5 (p < 0.001, Cohen’s d = 0.47-0.48). Inter-
rater consistency for all metrics remained high for both DeepSeek-V3_0324
and GPT-4.5 (all AC1 > 0.797) (Table S1).

These findings indicate that explicit reasoning not only improves
internal consistency relative to the model’s own conclusions but also yields
diagnostic advantages over conventional non-reasoning architectures,
particularly in identifying secondary lesions.

As illustrated in Fig. 4, model comparison on the nine subsets between
DeepSeek-R1 (Rea.) and two non-reasoning LLMs was also conducted. In
general, DeepSeek-R1 (Rea.) outperforms the DeepSeek-V3_0324 and
GPT-4.5 across most axes in the radar chart, independent of cancer type,
imaging modality, and institution, underscoring a consistent and extensive
advantage of leveraging the reasoning processes of LRM across diverse
medical settings.

Non-Chinese validation on MIMIC-Cancer-90

As shown in Fig. 5, DeepSeek-R1 (Rea.) consistently outperforms
DeepSeek-R1 (Con.) on the English reports from MIMIC-Cancer-90 across
both diagnostic and qualitative metrics. Notably, it achieves a significantly
lower MSD error rate (p <0.001) and substantially higher scores in com-
prehensiveness (p < 0.001, Cohen’s d = 1.398) and explainability (p < 0.001,
Cohen’s d = 1.035). The large effect sizes indicated by Cohen’s d highlight
that these improvements are not only statistically significant but also of
considerable practical magnitude. These patterns closely mirror the results
obtained from the 900 Chinese reports, reinforcing that DeepSeek-R1’s
explicit reasoning processes provide more complete and interpretable out-
puts across languages.

Residual errors

Despite the overall improvements, several diagnostic errors persisted in the
reasoning-based impressions. As illustrated in Fig. 6, the top eight reasons
for the failure of DeepSeek-R1 (Rea.) are listed. Misclassifications were

npj Digital Medicine | (2026)9:100


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02285-8

Article

025 ¢ l_l***
ok % %k %k
I 1
020 r
% %k %k
—
Q
£0.15 |
8
=
2010 F o, ,
% %k ok * k%
Eﬁ N r
0.00 .JH%
MPD MSD PMisD SMisD

(a)

Fig. 3 | Overall performance of DeepSeek-R1 (Rea.), DeepSeek-V3_0324, and
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represent DeepSeek-R1 (Rea.), light green boxplots represent DeepSeek-V3_0324,
and pink boxplots represent GPT-4.5. x: mean values. Lines in the boxes: median
values. Whiskers: 1.5xIQR. Circles outside the boxes: outliers.

dominated by over-calling benign entities as metastatic disease: most
commonly hepatic hemangioma labelled as liver metastasis (1 =6), fol-
lowed by bilateral scattered pulmonary nodules (n = 4) and multiple hepatic
cysts (n=4) read as metastases. A second cluster reflected under-
recognition of tumor-associated findings, including obstructive pneumo-
nia (n=3), pectoral muscle invasion in breast cancer (n = 3), and nodal
metastasis (n = 3). A smaller fraction involved within-organ misclassifica-
tion, such as peripheral lung cancer called central type (n = 2) and a breast
cancer mass reported as benign (n = 3). These findings underscore that
reasoning transparency does not fully prevent diagnostic errors and high-
light the need to ensure alignment between reasoning quality and final
conclusions.

Concluding failure

The observed performance gap between DeepSeek-R1’s reasoning and
conclusion outputs reveals an important reliability issue, termed here as
concluding failure. This phenomenon occurs when the model’s reasoning is
diagnostically correct, but the final conclusion contradicts it. Concluding
failures may cause serious clinical harm. Such plausible but defective outputs
may directly misguide image interpretation and clinical decision-making,
while concealing critical errors that are difficult to detect under workload
pressure, potentially resulting in delayed diagnoses or inappropriate treat-
ments. They can also foster automation bias, reducing radiologists’ will-
ingness to independently analyze and question results, and, over time,
introduce systematic biases that compromise diagnostic quality and con-
sistency. Due to their high surface credibility, these errors are less likely to be
identified during routine review. To analyze the level of concluding failure,
we calculated the concluding failure rates of DeepSeek-R1 on four diag-
nostic metrics, defined as the number of concluding failures divided by the
corresponding number of cases. As shown in Fig. 7, DeepSeek-R1 achieved
concluding failure rates of 4.67%, 19.33%, 3.44%, and 7.33% in terms of
MPD, MSD, PMisD, and SMisD, respectively. Moreover, the concluding
failures of DeepSeek-R1 are prevalent on all subsets, and particularly on
secondary diagnoses (MSD and SMisD). Quantifying this discrepancy
provides an objective measure of the reliability gap between reasoning and
conclusion generation, offering an important diagnostic signal for evalu-
ating future reasoning-enabled models. Two examples of the concluding
failure can be found in Tables S2-S5.

Human-in-the-loop reader study

Across all six radiologists, DeepSeek-R1 (Rea.) consistently improved
information completeness (Fig. 8a) and reasoning helpfulness compared
with DeepSeek-R1 (Con.) (Fig. 8b). For information completeness, the
proportion of top-tier scores (level 3: “sufficient and clinically sound”) was
significantly higher for the reasoning condition in five of six readers (all
P <0.05). Similarly, reasoning helpfulness was rated significantly higher by
four readers (all p <0.05), and the higher mean scores of DeepSeek-R1
(Rea.) were achieved for all readers. In contrast, the short-term editability
scores favored the conclusion-only outputs in four readers (all p < 0.05),
suggesting that the more concise DeepSeek-R1 (Con.) required less effort to
refine into deliverable clinical impressions (Fig. 8c). For the evaluation time,
DeepSeek-R1 (Rea.) required significantly longer per-case reading time in
four readers (all p < 0.05), while two readers showed comparable efficiency
between the two versions (Fig. 8d).

When stratified by experience, radiologists 1-3 (junior, <10 years)
exhibited larger performance gaps between DeepSeek-R1 (Rea.) and
DeepSeek-R1 (Con.), with greater gains in completeness and reasoning
helpfulness but also greater time costs. By contrast, radiologists 4-6 (senior,
210 years) demonstrated more stable performance across the two condi-
tions, maintaining comparable ratings across all dimensions in general.
These results indicate that explicit reasoning generally enhances diagnostic
completeness and interpretability but imposes a measurable efficiency cost,
particularly for less-experienced readers.

Discussion

This study systematically investigated the effect of the reasoning processes
generated by an LRM on radiological impression generation. Across cancer
types, imaging modalities, institutions, and report languages, the reasoning-
based outputs of DeepSeek-R1 consistently improved diagnostic com-
pleteness and interpretive quality compared with both its own conclusion-
only outputs and two non-reasoning LLMs. These findings highlight that
the diagnostic benefit of LRMs arises not merely from more powerful lan-
guage generation, but also from the reasoning processes themselves.

In the human-in-the-loop reader study, reasoning-based outputs
consistently achieved higher scores in information completeness and rea-
soning helpfulness, further confirming that explicit reasoning enhanced
diagnostic transparency and reduced omission of key findings. These
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Fig. 4 | Subgroup analysis of DeepSeek-R1 (Rea.), DeepSeek-V3_0324, and GPT-
4.5.aBreast cancer (n = 450). b Lung cancer (n = 150). ¢ Colorectal cancer (n = 300).
d CT (n =450). e MG (n = 150). f MRI (n = 300). g Institution 1 (n = 300).

h Institution 2 (n = 300). i Institution 3 (n = 300). Blue lines represent DeepSeek-R1
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For the diagnostics metrics, the illustrated score is computed as (1 - error rate). For
the qualitative metrics, the score is calculated by dividing the mean score by 5. Green
and red asterisks in parentheses denote the significance level between DeepSeek-R1
and DeepSeek-V3_0324 and DeepSeek-R1 and GPT-4.5, respectively.

benefits, however, came at a workflow cost, as longer reasoning outputs
required more time for review and editing, particularly among junior
readers. Conclusion-only texts were rated as more readily editable within a
short time frame and required shorter reading durations. In contrast, senior
readers maintained comparable efficiency between reasoning and conclu-
sion outputs, suggesting that diagnostic experience mitigates the cognitive
load of interpreting explicit reasoning. These results highlight a quantifiable
trade-off between interpretability and workflow efficiency and indicate that
reasoning transparency may be particularly valuable for junior radiologists
as an assistive or educational tool, whereas experienced readers may prefer
condensed reasoning summaries for routine clinical deployment.

The clinical significance of this improvement is multifold. First, the
substantial reductions in secondary errors (particularly in MSD) mean that
explicit reasoning could help capture subtle but clinically decisive infor-
mation that is relevant to staging, treatment planning, and prognostic
evaluation. Second, the reasoning transparency has the potential to provide
radiologists with a verifiable decision pathway, enabling them to audit
model logic and reconcile automated impressions with human judgment.

This interpretive traceability may add additional value for multidisciplinary
tumor boards and institutional quality assurance, where the rationale
behind diagnostic statements must be transparent and defensible. Collec-
tively, these results demonstrate that reasoning transparency makes a
functional advantage that may strengthen diagnostic reliability and trust in
Al-assisted reporting.

Despite the advantages, using the reasoning processes alone introduces
several practical and methodological challenges. The first challenge con-
cerns workflow efficiency and conciseness. The human-in-the-loop study
revealed that explicit reasoning, while improving diagnostic completeness
and transparency, increased reading and editing time for most radiologists,
especially for those with less experience. DeepSeek-R1 produced sub-
stantially longer reasoning chains than conventional impressions, reflecting
a tendency toward overthinking™. Although detailed reasoning enhances
analytical coverage, excessive verbosity may impose cognitive burden and
limit real-world usability. Methods for reasoning-length control” and
adaptive thinking” should be explored to achieve a balance between com-
pleteness and efficiency.
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and yellow boxplots represent DeepSeek-R1 (Con.). x: mean values. Lines in the
boxes: median values. Whiskers: 1.5xIQR. Circles outside the boxes: outliers.

Fig. 6 | Top eight reasons for the errors of
DeepSeek-R1 (Rea.). — : The disease before the

arrow was misdiagnosed as the one after the arrow. Hepatic hemangioma —

liver metastasis

Error type

multiple metastases

Multiple hepatic cysts —
liver metastases

Breast cancer — Benign

Missed obstructive
pneumonia
Missed pectoral muscle
invasion in breast cancer

Missed lymph node
metastasis
Peripheral lung cancer —
central type

The second challenge involves residual diagnostic errors. While rea-
soning reduced major failure modes, it did not fully eliminate confusion
between benign and metastatic findings or under-recognition of tumor-
associated features. These errors underscore that explicit reasoning alone
cannot compensate for missing domain priors or insufficient spatial
understanding. Integrating radiology-specific knowledge” and structured
spatial reasoning mechanisms™ could further improve accuracy in complex
oncologic scenarios.

The third challenge relates to reasoning—conclusion misalignment.
The phenomenon of concluding failure, where a model reasons correctly but
produces an incorrect final statement, highlights a gap between analytical
reasoning and generative summarization. The underlying reasons could lie
in the RL reward misalignment and the positional bias. First, models such as
DeepSeek-R1 were optimized using Reinforcement Learning with Verifiable
Rewards (RLVR) with rule-based rewards primarily designed for mathe-
matical and programming tasks™, which do not align with the demands of

oncologic radiology that requires the integration of imaging findings, the
identification of key abnormalities, and logical diagnostic synthesis and
inference>”. With respect to this, the reasoning corpus used for RLVR
largely consists of non-radiology texts, further resulting in substantial
domain-knowledge gaps that may impair diagnostic reasoning. Second,
LLMs exhibit positional bias™, i.e., they tend to under-attend to information
appearing in the middle of long inputs due to the inherent limitation of the
attention mechanism”, leading to the omission of clinically relevant details
(e.g., the obstructive inflammation in the given lung example [Table S2])
when generating conclusions.

The above analysis could also be implied by the superiority of the two
non-reasoning models (DeepSeek-V3_0324 and GPT-4.5) over DeepSeek-
R1 (Con.) on MSD and comprehensiveness. Although being all conclusion-
only, the non-reasoning models generate outputs directly, suffering no effect
from the RL reward misalignment and the positional bias resulting from
reasoning training. However, as DeepSeek-R1 (Rea.) is more comprehensive
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Fig. 7 | Concluding failure rates of DeepSeek-R1
with respect to four diagnostic metrics. Failure
rates for MPD, MSD, PMisD, and SMisD are com-
pared across cancer types, imaging modalities, and
institutions. Dark blue bars represent MPD, teal bars
represent MSD, light blue bars represent PMisD,
and orange-red bars represent SMisD.

Concluding failure rate

due to its better exploratory ability arising from RL training™, it outperforms
the non-reasoning models.

In clinical use, radiologists would either need to manually synthesize
impressions from the reasoning text, risking inconsistency and time inef-
ficiency, or rely on the model’s conclusion, risking the concluding failures of
LRMs and the suboptimal performance of non-reasoning LLMs. Future
LRMs can explore radiology-aligned optimization®, focused prompting™,
and self-refinement mechanisms™ to ensure that the final outputs remain
faithful to their underlying reasoning.

From a methodological perspective, this study demonstrates a new
paradigm for evaluating reasoning-enabled models: not only measuring
performance by final outcomes, but also analyzing the process-level beha-
vior that leads to those outcomes. This approach aligns with the growing
emphasis on explainability and safety in medical AI evaluation
frameworks®. By quantifying the diagnostic effect of reasoning itself, this
study provides an analytic foundation for auditing reasoning-based systems
before clinical deployment. From a translational standpoint, explicit rea-
soning can serve as a bridge between human and artificial decision-making.
Reasoning traces could be selectively surfaced in reporting systems as
“auditable evidence,” allowing radiologists to inspect how the model inte-
grated findings, cross-check against raw imaging data, and flag potential
inconsistencies. Such integration could improve reporting transparency,
training of junior readers, and consistency in multidisciplinary discussions.
Ultimately, reasoning-based systems may evolve from report generators to
interactive diagnostic assistants that augment, rather than replace, radi-
ologists’ analytical workflows.

This study has several limitations. First, all evaluations were retro-
spective. Although we conducted a human-in-the-loop reader study to
assess interpretability and usability, the work does not constitute a real-time
or prospective deployment. Future studies should incorporate prospective
clinical testing, workflow integration, and real-world assessments of
reporting efficiency and user satisfaction. Moreover, the observed increase
in reading and editing time for reasoning-based outputs indicates a non-
negligible workflow cost that needs to be addressed before large-scale
clinical adoption. Second, as DeepSeek-R1 is a representative reasoning-
capable model, and given that the latest LRMs such as Qwen3*' and Kimi K2
Thinking", which also rely on RL and the attention mechanism, may be
similarly influenced by RL reward misalignment and positional bias, the
findings of this study are more likely to reflect a reasoning-paradigm effect
rather than a model-specific phenomenon. Nevertheless, future work will
extend the analysis to additional LRMs to delineate the contributions of
different reasoning processes. In addition, the present study focused
exclusively on the findings-to-impression step and did not evaluate end-to-
end image interpretation or multimodal vision-language systems, so the
results should be interpreted as evidence about impression generation from

textual findings rather than full image-level diagnostic performance. Finally,
future research should also focus on reasoning conciseness control,
radiology-specific alignment, and verification mechanisms to ensure that
reasoning-enabled systems can deliver concise, accurate, and trustworthy
support for radiologic decision-making.

In conclusion, this study shows that explicit reasoning in an LRM
improves the completeness and interpretability of radiological impressions
compared with conclusion-only generation. These benefits were consistent
across Chinese-language and English-language cohorts and were further
supported by a human-in-the-loop reader study demonstrating clearer
diagnostic logic but also a measurable increase in reading and editing time.
The findings highlight both the potential value and the practical con-
straints of integrating reasoning-based systems into clinical workflows,
including challenges related to reasoning—conclusion alignment and resi-
dual secondary errors. Future work should focus on radiology-specific
alignment, verification mechanisms, and workflow-aware optimization to
enable reliable and efficient deployment of reasoning-enabled models in
clinical practice.

Methods

The Ethics Committee of The Second Xiangya Hospital approved this ret-
rospective study (protocol code 2022]JJ20089) and waived informed consent,
as the information prior to the routine reporting process does not pose any
risk to patients.

Study design
Asillustrated in Fig. 9, this study was designed to investigate the diagnostic,
interpretive, and workflow-related effects of the reasoning processes gen-
erated by DeepSeek-R1 (version: 2025-01-20) during radiological
impression generation. DeepSeek-R1 was selected as the representative
LRM in this study because it provides open access to both model weights
and reasoning traces, and adopts an RL post-training paradigm compar-
able to other frontier reasoning systems (e.g., OpenAl-ol and Qwen3*).
This selection enables a transparent evaluation of the explicit reasoning
processes of LRMs and broader clinical application. Imaging findings
extracted from radiology reports of cancer cases were input into DeepSeek-
RI to generate outputs. The original radiologist-written impressions that
have undergone two rounds of quality control at their respective institu-
tions served as the reference standard for evaluation. To study the effect of
the reasoning processes, the same prompt was also input into two state-of-
the-art non-reasoning LLMs to generate impressions: the proprietary
GPT-4.5 (version: 2025-02-07) and the open-source DeepSeek-V3_0324
(version: 2025-03-24).

DeepSeek-R1 outputs consist of two structured segments: (i) a rea-
soning segment enclosed by <think> and </think> tags, representing the
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model’s explicit reasoning processes (DeepSeek-R1 (Rea.)); and (ii) a con-
clusion segment that follows, representing the model’s final impression
(DeepSeek-R1 (Con.)). To specifically examine the independent effect of the
reasoning processes, these two segments were separately extracted and
analyzed. For DeepSeek-V3_0324 and GPT-4.5, the whole generated out-
puts were used as the impression. The three LLMs were accessed through
their official application programming interface (API). Senior radiologists
independently reviewed the LLM-generated outputs and evaluated them
with four diagnostic metrics and four qualitative metrics. Specific definitions
of these metrics are illustrated in Table 2.

Specifically, MPD refers to cases in which the primary malignant
tumor is present but is entirely unrecognized or omitted from the model
outputs. MSD denotes cases in which tumor-related secondary lesions, such
as lymph node metastases, adjacent tissue invasion, or distant organ
metastases, are present but entirely unrecognized or omitted. PMisD means

that the lesions within the affected organ are recognized but misclassified
with respect to malignancy status (benign versus malignant), malignant
subtype, or location. This category includes (i) coexisting benign lesions
misclassified as malignant (e.g., pulmonary hamartoma diagnosed as lung
cancer), (ii) the primary malignant tumor misclassified as benign (e.g.,
breast cancer mass reported as benign), and (iii) the primary malignant
tumor misclassified as another malignant subtype or location (e.g., per-
ipheral lung cancer diagnosed as central type). It excludes non-recognition
(which belongs to MPD/MSD). SMisD refer to cases in which benign lesions
in other organs or anatomic sites outside the primary organ are recognized
but misclassified as malignant tumors or metastases. (e.g., hepatic cysts or
hemangiomas misdiagnosed as liver metastases). Errors not falling into
these four predefined categories were beyond the scope of this study.
Notably, for DeepSeek-R1 (Rea.), a diagnosis is credited only if it is (i)
identified consistently at key reasoning stages, (ii) explicitly justified via a

npj Digital Medicine| (2026)9:100


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02285-8

Article

Radiology reports in
Institution 1 from January

Radiology reports in
Institution 2 from January
2024 to January 2025
(n=300)

Radiology reports in
Institution 3 from January
2024 to January 2025
(n=300)

2024 to January 2025
(n=300)

CT, MG, and MRI
reports of breast cancer,

Radiology reports of
MIMIC-Cancer-90

(n=90)

Gold standard

Impression

lung cancer, and
colorectal cancer
(#=990)

' d 9 r B

<think>
‘Reasoning processes
~ (DeepSeek-R1 (Rea.))
</think>
Conclusion

(DeepSeek-R1 (Con.))

v LRM

Imaging findings '—’

DeepSeek-R1

()
Non-reasoning LLM

DeepSeek-V3_0324 |

® L.

GpT4s | L

Fig. 9 | Schematic of the study design. A total of 990 radiology reports of cancer
cases were collected from three Chinese medical institutions and one public English
corpus, with the imaging findings extracted and input into the open-source LRM
DeepSeek-R1 to generate the reasoning processes (DeepSeek-R1 (Rea.)) and final
conclusion (DeepSeek-R1 (Con.)). The performance of DeepSeek-R1 (Rea.) was

P
| Diagnostic metrics Human-in-the-loop evaluation

860

(Senior)

[ Expert evaluation
(Senior)==""m
Qualitative metrics

S——

Information completeness

Reasoning helpfulness
Short-term editability

Evaluation time

then compared with DeepSeek-R1 (Con.) and two state-of-the-art non-reasoning
LLMs (DeepSeek-V3_0324 and GPT-4.5) by three senior radiologists on diagnostic,
qualitative, and workflow-related metrics. Human-in-the-loop evaluations were also
conducted beyond model-level comparison.

Table 2 | Definitions of diagnostic and qualitative metrics used to evaluate reasoning effects

Metric Definition

Diagnostic

Missed primary diagnoses (MPD)

The output completely fails to identify the presence of a primary malignant tumor.

Missed secondary diagnoses (MSD)

The output completely fails to identify tumor-related secondary lesions.

Primary misdiagnoses (PMisD)
or location.

The output misclassifies lesions within the affected organ with respect to malignancy status (benign versus malignant), subtype,

Secondary misdiagnoses (SMisD)

The output misclassifies benign lesions in other organs or anatomic sites outside the primary organ as malignant tumors or

metastases.
Qualitative
Comprehensiveness The output covers all relevant imaging findings and clinical considerations, ensuring that no significant abnormalities are
overlooked.
Explainability The output is reasonably generated based on specific imaging findings.

Conciseness

The output is a concise summary derived from the findings, without irrelevant or redundant text.

Unbiasedness

The output does not mislead diagnosis or treatment when it is interpreted.

traceable chain of reasoning (linking imaging findings to hypotheses to
diagnosis), and (iii) coherently integrated across the full reasoning trajec-
tory. On the other hand, if the reasoning merely mentions a diagnosis
intermittently and subsequently builds integration on incorrect features, it is
classified as a misdiagnosis; if the reasoning fails to provide a continuous,
traceable description of that diagnosis (even if mentioned), it is classified as a
missed diagnosis. This approach is supported by empirical evidence
showing that diagnostic justification, which requires a coherent and trace-
able reasoning path linking data through hypotheses to a final diagnosis, is
associated with improved diagnostic accuracy and fewer reasoning errors in
clinical reasoning assessments™®.

A human-in-the-loop reader study was also conducted to assess the
clinical interpretability and workflow usability of the reasoning processes.
Six radiologists participated, including three senior radiologists (=10 years
of independent reporting experience) and three junior radiologists (<10

years of experience). A total of 54 cases were independently evaluated by
each reader, comprising 18 cases per institution. For each institution, three
cancer types and three imaging modalities were included, with three
representative cases randomly selected for each cancer or modality. Readers
rated the outputs of DeepSeek-R1 (Rea.) and DeepSeek-R1 (Con.) according
to three criteria: (A) information completeness, (B) reasoning helpfulness,
and (C) short-term editability. Definitions of the three criteria are illustrated
in Table 3. Reader evaluation time was also recorded for efficiency analysis.

Evaluation procedure

The evaluation was designed to assess whether the reasoning processes
themselves contribute to improved diagnostic completeness, interpret-
ability, and workflow efficiency beyond the final conclusion. The diagnostic
metrics quantified the impact of reasoning on error reduction across four
common diagnostic failure modes in oncologic radiology. Specifically, two
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senior radiologists (W.Z., 10 years of experience; C.Z., 13 years of experi-
ence) independently evaluated the DeepSeek-R1 (Rea.) and DeepSeek-R1
(Con.), along with the generated impressions from DeepSeek-V3_0324 and
GPT-4.5. The numbers of missed diagnoses and misdiagnoses were recor-
ded at the case level, i.e., a binary classification (1 = exist, 0 = not exist) for
each case was conducted on four error types. In cases where the two radi-
ologists disagreed in their assessments, a third senior radiologist (J.L., 25
years of experience) reviewed the case, and the result was taken as the
final decision.

The qualitative metrics were used to assess whether explicit reasoning
improved the interpretive quality of generated impressions in terms of
comprehensiveness, explainability, conciseness, and unbiasedness. Specifi-
cally, the qualitative metrics were assessed by three senior radiologists (W.Z.,
CZ, and J.L) using a five-point Likert scale (1 =strongly disagree,
5 = strongly agree) (Fig. 10). To ensure unbiased assessment, all evaluators
were blinded to the identity of the models, and model outputs were anon-
ymized and randomly ordered before evaluation. For each case, the final
score for each dimension was the average of all evaluators’ scores. The error
numbers made by each LLM and the scores of the Likert scale were then
used for statistical analysis to evaluate the effect of the reasoning processes of
the LRM.

Table 3 | Definitions of the criteria for the human-in-the-loop
evaluation

Metric Definition

Information completeness The text contained sufficient diagnostic details fora

valid impression.

Reasoning helpfulness The extent to which reasoning clarified

diagnostic logic.

Short-term editability Ease of revising into a deliverable impression.

For the three human-in-the-loop evaluation dimensions (A-C)
described above, six radiologists of various experience independently rated
54 cases using predefined ordinal or categorical scales. Information com-
pleteness (A) and short-term editability (C) were graded on a three-level
ordinal scale (1-3). Reasoning helpfulness (B) was rated on a five-point
Likert scale (1-5). All evaluations were performed through a custom gra-
phical interface developed for this evaluation (Fig. S1). The interface also
recorded time stamps at the start and end of each case evaluation, allowing
derivation of per-case reading times as an objective indicator of efficiency.
The specific scoring criteria are shown in Table 4. For each case, the cor-
responding imaging findings and one randomly selected model-generated
output, i.e., the DeepSeek-R1 (Rea.) or the DeepSeek-R1 (Con.), were pre-
sented in a blinded and randomized order. All ratings and timing metadata
were exported in JavaScript Object Notation (JSON) format for subsequent
statistical analysis. This experimental design enabled a quantitative assess-
ment of inter-observer agreement and experience-related differences in
perceived utility between senior and junior radiologists.

Data

We retrospectively collected the 900 radiology reports (corresponding to
900 cancer cases) from three Chinese medical institutions: The Second
Xijangya Hospital, Changsha, China (Institution 1), The Affiliated Cancer
Hospital of Xiangya School of Medicine, Central South University,
Changsha, China (Institution 2), and The First People’s Hospital of
Changde City, Changde, China (Institution 3) from January 2024 to January
2025. Among these cases, those with breast cancer received bilateral MG
(craniocaudal and mediolateral oblique views), non-contrast and contrast-
enhanced chest CT, and contrast-enhanced breast MRI with DWI; lung
cancer patients underwent non-contrast and contrast-enhanced chest CT;
colorectal cancer patients underwent contrast-enhanced 3D whole-
abdomen CT, pelvic MRI, and contrast-enhanced liver MRI. All radi-
ology reports met local medical quality control standards and were

Fig. 10 | Five-point Likert scale used for qualitative
evaluation. The original scale was developed in
Chinese; the English translation is presented here for
illustrative purposes.

Comprehensiveness: The impression covers all relevant imaging findings and clinical considerations,

ensuring that no significant abnormalities are overlooked.

Question: The impression is comprehensive.

o Strongly Disagree

o Disagree o Neutral o Agree o Strongly Agree

Explainability: The Impression is reasonably generated based on specific imaging findings.

Question: The impression is explainable.

o Strongly Disagree

o Disagree o Neutral o Agree o Strongly Agree

Conciseness: The impression is a concise summary derived from the findings, without irrelevant or

redundant text.

Question: The impression is concise.

o Strongly Disagree

o Disagree o Neutral o Agree o Strongly Agree

Unbiasedness: The impression does not mislead diagnosis or treatment when it is interpreted.

Question: The impression is unbiased.

o Strongly Disagree

o Disagree o Neutral o Agree o Strongly Agree
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Table 4 | Scoring criteria for the human-in-the-loop evaluation

Scale Definition of each score

3-level ordinal (1-3)

Metric

A. Information completeness 1 - Insufficient or misleading; lacks essential diagnostic elements.
2 - Generally sufficient but with minor omissions or missing secondary details.

3 - Sufficient and clinically sound; includes all key diagnostic information.

B. Reasoning helpfulness 5-point Likert (1-5) 1 - No help in understanding diagnostic logic.
2 - Slight help.

3 — Moderate help.

4 - Substantial help.

5 — Extremely helpful; clearly reveals reasoning pathway.

C. Short-term Editability 3-level ordinal (1-3) 1 - Better to rewrite (containing critical omissions or misleading points, or reconstruction is too time-consuming).

2 — Requires 1-3 min to complete (involving moderate addition, removal, or reorganization of information; medical
logic largely intact).

3 — Requires <1 min to revise (mainly involving deletion/merging or minor wording adjustments; medical logic is

already sound).

Fig. 11 | Flowchart of Chinese radiology report

Radiology reports of patients clinically
selection. 1, 1,, and n3 denote Institution 1, 2, and

diagnosed with lung cancer, breast cancer, and
colorectal cancer
(n,=24.292, CT: 14,604, MG: 2,125, MRI: 7,563
n,;=47,467, CT: 31,560, MG: 2,733, MRI: 13,174 - N
n5=10,364, CT: 6,615, MG: 1,263, MRI: 2,486) Excluded (7,=19,668, n,=44,178, n;=7.634)
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AN
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Randomly select

.
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lung cancer CT: 50,
colorectal cancer CT\MRI: 50\50

J

confirmed by three senior radiologists (W.Z., C.Z., and ].L.) after being
collected together. The report collection process is illustrated in Fig. 11. Only
reports in which the impression section explicitly mentioned malignancy
and were pathologically confirmed within several days of the report review
were included. Cases that only mentioned an indeterminate nature, lacked
pathological results, or had pathology results that could not definitively
confirm cancer were excluded.

Ultimately, the following cases were randomly selected from Institu-
tion 1: 50 MG reports of breast cancer, 50 CT reports of breast cancer, 50
MRI reports of breast cancer, 50 CT reports of lung cancer, 50 CT reports of
colorectal cancer, and 50 MRI reports of colorectal cancer. Similarly, from
Institution 2 and Institution 3, 50 cases were randomly selected for each of
the same six cancer-modality categories. This stratified sampling design
mitigates the influence of case number disparities on model evaluation,
permits consistent subgroup analyses, and supports the generalizability of
our findings across various clinical contexts. All these reports were written in
Chinese.

To further validate the reasoning effect of DeepSeek-R1, an English-
language cohort was also utilized for diagnostic and qualitative evaluation.
Specifically, we constructed a dataset named MIMIC-Cancer-90 from
MIMIC-IV-Note v2.2*. MIMIC-Cancer-90 consists of 90 cancer cases, with
30 cases for each of the three cancer types. The detailed construction pro-
cedures of MIMIC-Cancer-90 can be found in Fig. S2.

For both the Chinese and English reports, prompts were con-
structed in their raw languages and then input into the models. The
outputs were thus generated in the corresponding language of the
prompts. The English outputs of MIMIC-Cancer-90 were translated
into Chinese using GPT-4.1 before being evaluated. All evaluations
were performed in Chinese.

The detailed prompt texts and API call parameters are presented in
Tables S9, S10.

Statistical analysis

Statistical analyses were performed to test whether differences between
DeepSeek-R1 (Rea.) and comparator outputs were statistically significant.
Since all models were applied to the same dataset, a repeated-measures
design was adopted. Within each clinical subgroup (defined by cancer type,
imaging modality, and institution) and in the overall dataset, pairwise
comparisons between LLMs were conducted using McNemar tests on the
four diagnostic metrics and paired ¢-tests on the 5-point scores of the four
qualitative metrics and the reasoning helpness. For the error rate, the 95%
confidence intervals were calculated using the Wilson score interval. For
3-level ordinal scores, Mann-Whitney tests were used to compare the dis-
tribution difference. For the evaluation time, paired t-tests were used to
compare the mean evaluation time. All tests were two-tailed, and a p-
value < 0.05 was considered statistically significant. All statistical analyses
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were performed using a combination of OriginPro 2025 (SR1, 10.2.0.196)
and Python 3.10 (SciPy 1.5.4, Statsmodels 0.13.5).

Data availability

The private datasets generated and analyzed during the current study are
available from the corresponding author on reasonable request. MIMIC-
Cancer-90 can be accessed from: https://docs.google.com/spreadsheets/d/
1TOn24shOVokCaWutVBDoFgkESwR4In7X/edit?usp=drive_
link&ouid=109800280201095538009&rtpof=true&sd=true.

Code availability
The underlying code for this study is available to qualified researchers on
reasonable request from the corresponding author.
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