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Abstract

Background Renal cell carcinoma is one of the most common cancers of the urinary tract
and is usually diagnosed by interpreting contrast-enhanced computed tomography scans.
Rising demand for radiological services, combined with a shortage of radiologists, makes
timely and accurate diagnosis increasingly challenging. Automated approaches may help
radiologists improve efficiency and accuracy.
Methods We developed BMVision, a deep learning-based tool for detecting and
characterizing kidney cancer. The tool integrates with a web-based viewer designed to
provide an intuitive interface for radiologists. Its performance was evaluated in a two-stage
retrospective reader study. Six radiologists independently reviewed 200 scans across both
AI-assisted and unaided workflows, allowing comparison of diagnostic performance and
workflowefficiencywith andwithout support from the tool. Statistical analysis comparedAI-
aided and unaided workflows across predefined clinical criteria, including diagnostic
sensitivity, lesionmeasurement, reporting efficiency, and inter-radiologist agreement, using
non-parametric tests and bootstrapping.
Results Here we show that BMVision reduces radiologists’ reporting time by an average of
33%, up to 52%. The tool provides structured auto-generated reports, minimizing the need
for manual dictation or typing. In addition, BMVision improves sensitivity for detecting
benign renal lesions (from 79.9 to 86.3%) and leads to a significant increase in inter-
radiologist agreement.
Conclusions To the best of our knowledge, BMVision is the first clinically validated
commercial artificial intelligence tool for kidney cancer detection and characterization. By
improving diagnostic accuracy and reporting efficiency, it has the potential to enhance
patient care and help radiologists meet the growing demand for high-quality cancer
diagnostics.

Renal cell carcinoma (RCC) represents around 3% of all cancers1. In 2020,
there were an estimated 431,288 new cases of RCCglobally1. Early detection
of kidney cancer is critical for improving patient outcomes by enabling
timely intervention and treatment. The primary diagnostic tool for kidney
cancer is contrast-enhanced computed tomography (CT), which requires
precise and efficient interpretation2. However, the increasing demand for

radiological examinations3–5, compounded by a shrinking workforce of
radiologists6, presents significant challenges to maintaining diagnostic
accuracy and timely reporting.

Given these challenges, recent advances in deep learning have emerged
as promising solutions for improvingmedical image analysis, particularly in
the diagnosis of diseases across various imagingmodalities7–13. Earlymodels,
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Plain language summary

Kidney cancer is one of the most common
cancers of the urinary system. It is typically
identified using specialized medical images
called computed tomography (CT) scans,
which are carefully reviewed by radiologists.
However, there are not enough radiologists,
and the demand for scans is growing. This
makes it more challenging to provide patients
with fast and accurate results. In this study,
we developed a computer tool called
BMVision, which utilizes artificial intelligence
to analyze CT scans and assist radiologists in
diagnosing kidney cancer. We tested
BMVision with six radiologists, who reviewed
a largenumber of scanswith andwithout help
from the tool. We found that BMVision
enables radiologists to work more efficiently
and consistently. Tools like BMVision can
help patients by making cancer diagnosis
faster, more reliable, and more widely
available.
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such as U-Net7 focused on segmentation – that is, identifying pixels cor-
responding to specific anatomical structures or anomalies, but lacked
interactive features and integration into clinical workflows. More recent
models, such as the Segment Anything Model (SAM)14 and its medical
derivatives, including MedSAM10, MedSAM-212, and ESP-MedSAM11,
introduced interactive segmentation through user-provided inputs, such as
points, bounding boxes, and text prompts. These methods significantly
improved segmentation accuracy, particularly in cases involving small or
irregular lesions.

Building on this, nnInteractive13 combines the robustness of nnU-Net9

with SAM-style interaction to enable accurate 3D segmentations, and has
been further extended to a 3D-Slicer plugin15, making it accessible within a
widely used medical imaging platform16. However, tools like nnInteractive
primarily address universal lesion segmentation alone and stop short of
providing end-to-end integration into the radiological workflow. They do
not automate structured reporting or support full clinical reader studies,
bothofwhich are essential for real-world adoption in radiologydepartments
that rely on certified viewers and standardized reporting systems.

To address these limitations, we introduce BMVision, a specialized AI
framework for kidney cancer detection and characterization that goes
beyond segmentation.While BMVision is based on the nnU-Netmodel9, an
advanced iteration of U-Net7, it incorporates optimized postprocessing and
characterizationmodules that are custom-built for the specific challenges of
kidney cancer diagnosis. Additionally, BMVision includes a web-based
viewer based onOpenHealth Imaging Foundation (OHIF)V3web imaging
platform for medical imaging, which enables a streamlined and user-
friendly interaction with the tool, improving workflow efficiency for radi-
ologists. BMVision is developed specifically for kidney cancer diagnostics
and integrates segmentation, post-processing, characterization, and struc-
tured reporting within an OHIF-based viewer.

BMVision was validated in a two-stage retrospective reader study
involving six radiologists using 200 CT scans from Tartu University Hos-
pital (TUH). The dataset was carefully curated tominimize bias and ensure
applicability to real-world clinical environments. Six radiologists reviewed
200 scans across both AI-assisted and unaidedworkflows, resulting in 2400
individual reads for comparative analysis. Statistical analysis compared
these workflows across predefined clinical criteria, including diagnostic
sensitivity, lesion measurement, reporting efficiency, and inter-radiologist
agreement, using non-parametric tests and bootstrapping.

The study demonstrates that BMVision enhances radiologists’ sensi-
tivity in detecting malignant tumors, improves the detection of benign
lesions, and reduces the time required to detect, measure, and report lesions
by 33%. It also increases inter-radiologist agreement, supporting more
consistent clinical decision-making. BMVision is a commercial AI frame-
work specifically designedandclinically validated for thediagnosis of kidney
cancer. The work offers three key contributions: the development of a
dedicated AI tool for kidney cancer, its validation in a clinical workflow
through a multi-radiologist reader study, and the creation of a large,

carefully annotated dataset of kidney cancer cases paired with relevant
controls. While the dataset is not publicly available due to patient privacy
regulations, it plays a crucial role in demonstrating the model’s real-world
applicability. Together, these results demonstrate that AI assistance can
enhance diagnostic accuracy, efficiency, and reliability, thereby advancing
the standard of care for patients with kidney cancer.

Methods
BMVision
BMVision is built upon a three-module architecture: segmentation, post-
processing, and characterization. At its core is a 3D U-Net architecture
adapted from the nnU-Netmodel9, which has been trained using a dataset of
612 CTs, a combination of the TUH dataset and publicly available data,
includingC4KC-KiTS17,18 andTCGA-KiRC19,20. These datasetswere carefully
curated to provide diverse and representative training data, with the TUH
dataset specifically assembled tominimize gender and age-related biases and
to include both healthy and cancerous patients. The nnU-Net model was
trained to perform four-class semantic segmentation, classifying each voxel
into one of four categories: background, benign lesions, malignant lesions, or
healthy kidney tissue. See Fig. 1 for more details on BMVision workflow and
Supplementary Methods for implementation details.

The post-processing module refines the segmentation output by
removing false positives from areas outside the kidney region and resolving
inconsistencies in predictions within the anatomical boundaries of the
kidney. The characterization module converts the post-processed seg-
mentation mask into an instance segmentation map, distinguishing each
individual object, such as the left and right kidney, malignant, and benign
lesions. The instance segmentationmap is thenused to compute keymetrics
essential for radiologists, such as lesion size, volume in cubic millimeters,
and the largest diameter.

Data overview
To develop BMVision kidney AI, we constructed a dataset comprising CT
scans from three independent sources. The primary dataset includes 291
histology-proven renal cancer cases and 300 controls diagnosed with
appendicitis, which were randomly selected from patients undergoing
treatment at TUH between 2010 and 2020. During the data acquisition
phase, 100 controls and 100 cancer cases were reserved for a test set. The
remaining 391 CT scans were allocated to the development set. Potential
confounding factors, such as age and gender, weremitigated by employing a
stratified randomized split, ensuring balanced distributions of these vari-
ables between the development and test sets. This stratification also ensured
an equal representation of controls and cases in both sets. To minimize
potential confounding from appendicitis-related findings, the appendix
region was removed from test CT scans, both controls and cancer cases,
prior to model evaluation.

To enhance the heterogeneity of the training data, we included addi-
tional scans from two publicly available online databases: 41 cases from the

Fig. 1 | BMVision workflow. First, the model segments the scan into four classes:
background, healthy kidney tissue, malignant and bening kidney lesions. Then the
predictions are postprocessed and converted into indiviual instances, where key

metrics are calculated. Finally, based on all the findings, automated report is gen-
erated, which the radiologist can use for reporting.
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C4KC-KiTS dataset and 180 cases from the TCGA-KIRC dataset. These
supplementary datasets provided diversity in terms of scanner manu-
facturers, acquisition protocols, and patient populations. In total, the
training set comprised 612 CT volumes, while the test set contained 200
volumes. All CT scans were annotated in-house by a team of radiology
residents and board-certified radiologists, with the details of the annotation
process described in Section 5.

Both the development and test sets exclusively included contrast-
enhanced CT volumes captured in the corticomedullary, nephrogenic, or
portal-venous contrast phases. Only images reconstructed using a soft CT
kernel were used. The slice thickness of the selected images ranged from
0.625 to 5.0mm, and the peak kilo voltage ranged from 90 to 150.

As part of our data acquisition efforts, we have excluded pregnant
individuals, subjects younger than 18 years, patientswith anatomical kidney
abnormalities, polycystic kidneydisease, or severehydronephrosis, aswell as
individuals with kidney transplants. Scans were also excluded if they con-
tained only native or excretory contrast phases, or if they lacked full
representation of the kidneys or any of the kidney-related benign or
malignant lesions. All the aforementioned exclusion criteria were applied
uniformly across all three sources to ensure dataset quality and consistency.

Pre-clinical evaluation
Before exposing BMVision to radiologists in the reader study, the frame-
work was thoroughly validated internally. For its validation, BMVision was
tested on a separate dataset of 200 CT scans from TUH. This dataset was
specifically designed to be akin to real-world clinical settings where kidney
tumors are rather rare. Therefore, half of the scans (100 CTs) were from
subjects without kidney tumors, while the other half (100 CTs) represented
patients with pathologically confirmed kidney tumors. Additionally, the
dataset was carefully balanced by both age and gender. The subjects were
equally distributed, with 100 male and 100 female participants, and there
was an equal number of male and female patients within the cancer and
non-cancer groups. Age matching was also performed between the groups
to ensure that any differences inmodel performance could not be attributed
to demographic discrepancies.

Following the evaluation on our internal dataset, we compared
BMVision’s performance to the top segmentation models from the 2021
Kidney and Kidney Tumor Segmentation Challenge (KiTS21), a popular
benchmark for kidney tumor segmentation from CT scans17,18. Specifically,
we evaluated BMVision’s pixel-level DICE score, which measured its

segmentation accuracy, and found it to be comparable with the top models
from KiTS21, which achieved DICE scores in the range of 81%–86% for
malignant lesions. While this comparison provides general context, we
emphasize that potential differences in imaging protocols, lesion char-
acteristics, and test populations limit direct comparison across datasets.
Therefore, we include this reference as a rough point of comparison rather
than a formal benchmark. In addition to theDICE score, commonly used in
segmentation tasks, we focused on object-level sensitivity, a metric that
more directly reflects the model’s practical ability to detect malignant
lesions. BMVision’s object-level sensitivity for malignant lesions reached
93.4%, and its patient-level sensitivity was 96%, comparable to radiologist
performance reported in the literature21,22. These results confirmed that
BMVision’s performance was on par with the top models in the field,
supporting its readiness for the reader study.

Reader study
The primary objective of the reader study was to validate BMVision in the
hands of radiologists. Specifically, the study aimed to evaluate the potential
speed-up BMVision could offer in radiological reporting of renal cancer,
assess frameworks’performance in sensitivity and specificity atboth theobject
and patient levels when used in combinationwith radiologists, and determine
whether the use of BMVision influenced inter-radiologist agreement.

To address these goals, the study was designed with two independent
arms and employed awashout period tomitigate carryover (memorization)
effects. Figure 2 presents the structure of the reader study. Extensive ran-
domization was performed at every stage to eliminate potential biases.

In the first arm, radiologists followed the standard clinical workflow:
interpreting CT images by manually identifying and measuring suspicious
malignant and benign renal lesions, followed by manually typing a corre-
sponding report. In the second arm, radiologists performed the same tasks
but with the assistance of BMVision, which helped in detecting and mea-
suring renal findings. Radiologists then used the model’s refined measure-
ments to semi-automatically generate a report based on the identified lesions.

To enable a precise assessment of the time required for detecting,
measuring, and reporting malignant and benign lesions, each CT volume
was analyzed in two stages: one formalignant lesions and another for benign
lesions. In the malignant stage, radiologists measured the longest tumor
diameter in 3D, followed by three orthogonal measurements—two in the
axial plane and one in the coronal or sagittal plane. Thesemeasurements are
essential for tumor staging using the TNM classification system23 and for

Fig. 2 | Overview of the reader study flow.During thefirst phase, every radiologist should report 50%of the test data following standard clinical practices and50%with the assistance
of the BMVision AI algorithm. After a 3–4 week washout period, AI-aided and non-aided test data points should be swapped, and the procedure should be repeated.

https://doi.org/10.1038/s43856-025-01264-0 Article

Communications Medicine |           (2025) 5:541 3

www.nature.com/commsmed


determining the nephrometry score24. In the benign stage, radiologists
marked benign lesions and recorded two measurements in the axial plane
for each lesion. In routine clinical practice, benign lesions are often assessed
qualitatively, without detailed measurement, to evaluate their nature.

The study was conducted in two phases, separated by a 3-4-weeks
washout period. In the first phase, radiologists analyzed and reported on 50
cases and 50 controls, both with and without the assistance of BMVision.
The order in which CT scans were assigned to each radiologist, as well as
whether scanswould comewith orwithout assistance, was randomized, and
each radiologist’s orderwas unique.During thewashout period, radiologists
continued with their regular duties to avoid anymemory bias from the first
phase. In the second phase, the cases from the first arm were swapped,
meaning radiologists reported the same studies but under the opposite
condition (i.e., with or without AI assistance). This fully crossed design
maximized the utility of the dataset and ensured each radiologist reviewed
every case under both conditions (see Fig. 2 for an overview).

A total of six practicing radiologists participated in the study, eachwith
between 4 and 26 years of experience, covering various subspecialties
including oncology, abdominal imaging, musculoskeletal radiology, and
interventional radiology. Tominimize learning bias and ensure consistency,
the radiologists underwent a training sessionprior to the experiment, during
which they familiarized themselveswith the studyprotocol. Each radiologist
reviewed ten training cases, both with and without BMVision assistance, to
get comfortablewith the viewer and theworkflow.These training caseswere
selected from the development set andwere not included in the final test set.

All radiologists in both arms of the study utilized the same custom-
developed image viewer based on OHIF to eliminate any bias related to
software interfaces and ensure that any observed differences in reporting
time were attributable to the use of BMVision. The viewer was extended
with a precise time-tracking system tomeasure the time spent onmalignant,
benign, and reporting tasks. This time-tracking system recorded every
radiologist’s interaction within the environment, enabling an accurate
comparison of efficiency between AI-assisted and unaided reporting.

The primary endpoint of the studywas the time required to complete a
diagnostic interpretation, measured from the moment a CT series was
received until a final diagnostic report was generated for the renal region.
Secondary endpoints included the sensitivity of detecting kidney lesions
from CT scans, sensitivity and specificity for detecting patients with
malignant renal lesions, and the inter-radiologist agreement rates in iden-
tifying kidney lesions. These endpoints were calculated for both groups:
radiologists assisted by BMVision and those following the standard of care
without AI. Where relevant, BMVision’s standalone performance, inde-
pendent of the reader study, is also reported for comparison.

Reference standard
The annotation team, comprising five members, including board-certified
radiologists and radiology residents, created high-quality annotations for
the CT scans in the development and test sets. They used annotation tools
integrated into the BMVision custom viewer and followed detailed anno-
tation guidelines to ensure consistency and accuracy of resulting annota-
tions. The annotation process consisted of twomain stages: localization and
classification of the lesions and lesion segmentation.

Initially, radiologists identified and classified all renal findings,
including both benign and malignant lesions. Localization was performed
using the “ruler” tool, which enables radiologists to draw visible lines on the
scans, indicating the longest and shortest axes in the axial plane for each
suspicious object. The “Benign lesion” category included Bosniak categories
I, II, and IIF, while the “Malignant lesion” category encompassed Bosniak
categories III–IV and histologically confirmed solid renal tumors. Anno-
tations included all lesions, regardless of size, including small benign and
malignant findings as small as 1–2mm.

During the second stage, pre-segmentations generated by a con-
tinuously refined segmentation model were presented after the completion
of the localization and classification. The radiologists verified that their
initialmarkings accurately corresponded to the segmentedobjects produced

by the model, ensuring consistency in classification and localization. Then,
they were invited to enhance the pre-segmentations. During this stage,
radiologists also segmented the kidney tissue itself, which included benign
conditions, such as infarctions, inflammatory changes, and stones.

To ensure that the annotation team could make well-informed deci-
sions and produce high-quality ground truth data, in addition to contrast-
enhanced CT volumes, they were provided with native-phase CT images
and, for cancerous samples, patient histological reports. The histological
report included detailed descriptions of themorphology and location of the
renal lesions. Native-phase images were essential for distinguishing
enhancing lesions from cysts containing dense substances.

Each CT volume was annotated based on the consensus of at least two
radiologists. The resulting segmentation masks were used as a reference
standard. For malignant lesions, if both radiologists annotated an object as
malignant, the union of their boundaries was used. If only one radiologist
marked the object as malignant, the radiologists discussed the case and
reached a consensus to finalize the annotation. For benign lesions and
kidney tissue categories, theunionof annotations fromboth radiologistswas
applied to create the final ground truth.

Statistics and reproducibility
All statistical analysis was performed to compare AI-aided and unaided
radiologist workflows across multiple predefined criteria, including diag-
nostic sensitivity, segmentation accuracy, lesion measurement, reporting
efficiency, and inter-radiologist agreement. Each test addressed a distinct
clinical question. Therefore, we did not apply a correction for multiple
comparisons, as recommended when testing non-overlapping hypotheses.
For all hypothesis tests,weuseda two-sided significance thresholdofα= 0.05.
Statistical analysis was performed in Python and R using standard libraries.

To assess statistical differences between AI-aided and unaided work-
flows, we first tested all continuous variables for normality using the
Shapiro-Wilk test. As most distributions were non-normal, we primarily
used the Wilcoxon signed-rank test for paired comparisons. For patient-
level and object-level sensitivity and specificity, we applied non-parametric
bootstrapping to estimate confidence intervals and p-values, due to the
limited number of paired samples. Object-level agreement (i.e., the pro-
portion of lesions identified by all radiologists) was compared using the chi-
squared test. Inter-radiologist agreement in lesion classification was quan-
tified using Cohen’s Kappa statistic; results were averaged across all reader
pairs and compared using the Wilcoxon rank-sum test. Additional details
on the Kappa analysis are provided in the Supplementary Methods.

Sample size calculations were performed using reporting time as the
primary endpoint, defined as a continuous outcome. Assuming a con-
servative 20% reduction in reporting time with AI support, equal allocation
between AI-assisted and unaided workflows, no drop-outs due to retro-
spective recruitment, α = 0.025, and 80% power, we estimated that at least
266 scans would be required to detect a statistically significant difference.
The present clinical investigation recruited 600 subjects, of which 391 were
used for fine-tuning of the AI model. The remaining 200 subjects, com-
prising 100 kidney cancer cases and 100 age- and gender-matched controls,
were included in the reader study.With a fully crosseddesign, eachof the six
radiologists reviewed all cases in both AI-assisted and unaided conditions,
yielding 2400 individual reads. In this context, biological replicates corre-
spond to patient cases, and technical replicates correspond to independent
reads by different radiologists. This design ensures reproducibility of results
and satisfies the required sample size for adequate statistical power.

Performance metrics
One of the primary objectives of this study was to evaluate how AI affects
both the efficiency and accuracy of radiologists. To this end, we utilized the
following metrics to capture reporting time, diagnostic performance, and
inter-radiologist agreement.

Time measurement. Radiologists’ task times were recorded using a custom
time-tracking system built into the BMVision viewer. The system logged all
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user interactions and measured active working time for each task. If no
interaction was detected for more than 15 s, the timer paused until further
activity resumed. This ensured that only active working time was recorded.
Each CT volume was analyzed in two stages: a malignant stage, in which
radiologists measured the longest tumor diameter in 3D along with three
orthogonal measurements (two axial, one coronal or sagittal), and a benign
stage, inwhichbenign lesionswere identified andmeasured in twoaxial planes.

Sensitivity and specificity. Diagnostic performance was evaluated using
sensitivity and specificity at both the object and patient levels. Object-level
sensitivity was defined as the proportion of lesions of a given class (benign or
malignant) that were correctly identified. Patient-level sensitivity was defined
as the proportion of patients with at least one lesion of a given class for whom
at least one lesion of that class was correctly identified. Specificity was defined
as the proportion of patients without lesions of a given class who were
correctly identified as lesion-free. Patients with both benign and malignant
lesions were included in both sensitivity calculations.

Inter-radiologist agreement. Consistency in radiological interpretation
was assessed using three complementary measures: object-level agreement,
disagreement rates, and Cohen’s Kappa coefficient. Object-level agreement
represents the proportion of lesions consistently identified by all six radi-
ologists. Disagreement measures the variation in the number of lesions
reported per scan relative to the group mean. Cohen’s Kappa coefficient
quantifies the pairwise agreement between radiologists beyond chance.
Kappa values were averaged across all reader pairs. Details of the Kappa
analysis are provided in the Supplementary Methods.

Ethics committee approval
Clinical investigation presented in this work has been approved by the
Research Ethics Committee of the University of Tartu on 12/06/2023. As a
retrospective clinical investigation using only anonymized clinical data,
informed consent was not required by the Ethics Committee.

Results
Time efficiency in reporting
Across all radiologists, AI-aidedworkflow led to amean reduction of 33% in
reporting time compared to unaided workflow. Individual radiologists
exhibited varying degrees of reduction, ranging from 18 to 52%. The
reduction in reporting time when using BMVision was statistically sig-
nificant (p < 0.00001). The impact of BMVision on radiologist reporting
time is summarized in Table 1.

In addition to the overall workflow time, the time required to generate a
diagnostic report showed a significant reduction. Without AI assistance, the
average time toprepare a reportwas48.9 s.With the integrationofBMVision,
this time was reduced to 9.4 s on average, representing an 81% reduction,
which was also statistically significant (p < 0.00001). Individual radiologists
experienced varying levels of improvement, ranging from 71 to 87%.

Diagnostic performance: sensitivity and specificity
The sensitivity of unaided radiologists in detecting benign renal
lesions (object-level sensitivity) was 79.9%, compared to 86.3% with
AI assistance. For detecting malignant renal lesions, unaided radi-
ologists achieved a sensitivity of 95.6%, while AI-assisted radiologists
achieved 96.7%. Statistical testing via bootstrapping revealed that the
use of BMVision significantly improved sensitivity for benign lesion
detection (p < 0.00001), while its impact on malignant lesion detec-
tion was non-inferior (p = 0.41). Sensitivity and specificity results
discussed in this section are presented in Table 2.

At the patient level, unaided radiologists achieved a sensitivity of 89.7%
for detectingpatientswithbenign renal lesions,which increased to 95.0%with
AI assistance. For detecting patients with malignant renal lesions, sensitivity
was 98.0% without AI and 99.16% with AI. Bootstrapping indicated that AI
significantly increasedpatient-level sensitivity for benign lesions (p < 0.00001)
but had no statistically significant effect on malignant lesions (p = 0.13).

The specificity for identifying control patients—thosewith only benign
lesions orno lesions,was 89.1%withoutAI and91.1%withAI. For detecting
patients with malignant lesions, specificity was 99.0% in the unaided group
and 98.2% in the AI-assisted group. Bootstrapping analysis suggested that
BMVision had no significant impact on specificity for control patients
(p = 0.37), nor did it lead to any noticeable reduction in specificity for
identifying patients with malignant lesions (p = 0.16).

Diagnostic performance: inter-radiologists agreement
BMVision led to a 22.6% absolute increase in object-level agreement
compared to unaided radiologists, with the chi-squared test confirming
statistical significance (p < 0.00001). Similarly, the kappa score improved
from 0.68 in the unaided workflow to 0.88 with AI assistance, as confirmed
by the Wilcoxon rank-sum test (p < 0.00001), indicating a substantial
increase in inter-radiologist agreementwith theuseofBMVision.Results for
object-level agreement and kappa scores are summarized in Table 3.

Table 1 | Mean reporting times in minutes for unaided and
AI-assisted radiologists

Unaided AI-assisted Relative speed-up

Controls 1.95 min 1.32 min -32%

Cases 4.99 min 3.32 min -33%

All scans 3.47 min 2.32 min -33%

BMVision helps the radiologists to work 33% faster on average.

Table 2 | Test set sensitivities and specificities calculated for
the AI model, unaided radiologists, and AI-assisted
radiologists

Object-level Patient-level

Sensitivity (%) Sensitivity (%) Specificity (%)

Benign AI only 82.4 94.4 89.3

Unaided 79.9 89.7 89.1

AI-assisted 86.3 95.0 91.0

Malignant AI only 93.4 96.0 95.0

Unaided 95.6 98.0 99.0

AI-assisted 96.7 99.2 98.2

Metrics are calculated separately on benign andmalignant lesions. AI assistance significantly helps
to detect benign lesions and gives comparable results for malignant lesions. Object level
specificities are not included since there are no true negative objects.

Table 3 | Inter-radiologists agreement results

Object-level agreement Kappa coefficient

Unaided 59.7% 0.68

AI-assisted 82.3% 0.88

Metrics are calculated on all lesions together.

Table 4 | Inter-radiologists agreement results

Disagreement Avg # of found
lesions

Benign Unaided 0.902 2.828

AI-assisted 0.496 3.026

Malignant Unaided 0.06 0.541

AI-assisted 0.041 0.563

Metrics are separately calculated on benign and malignant lesions. The use of AI decreases
disagreement among radiologists.
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For benign lesions, the use of AI resulted in a 48.6% relative reduction
in disagreement, a statistically significant improvement (p < 0.00001). For
malignant lesions, the disagreement rate was reduced by 34.3% with
BMVision (p = 0.0008), further demonstrating the positive impact of AI on
consistency in lesion detection. Disagreement rates for benign and malig-
nant lesions are detailed in Table 4. Figure 3 shows an example of variability
in radiologist measurements and the consistent lines proposed with AI
assistance.

Discussion
Our study demonstrates that AI assistance can significantly enhance effi-
ciency and consistency in kidney cancer reporting workflows. BMVision
reduced reporting time by approximately one-third, increased sensitivity for
benign lesions, and improved inter-radiologist agreement while maintaining
high sensitivity for malignant lesions. These improvements have practical
implications: shorter reporting times can ease the workload of radiologists25,
potentially shortenpatientwaiting times26,27, help to alleviatepatient anxiety28,

Fig. 3 | Variability between individual radiologists’measurements. Orange lines
represent measurements made independently by radiologists, who consistently chose
different axes to define either the longest or shortest diameter of the malignant (A) and

benign (B) lesions. However, when assisted by the AI, radiologists uniformly preferred the
same measurement proposed by the model, which is denoted by the green line. The
length in mm of the longest axis selected by either group is illustrated in the legend.
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and enablemore timely treatment decisions29. These gains are relevant across
both traditional and voice-enabled reporting setups, as BMVision generates
structured reports that reduce the need for manual dictation or typing30.

Beyond efficiency, diagnostic accuracy also improved, most notably for
benign renal lesions. Increased sensitivity forbenignfindingsmayhelp reduce
unnecessarybiopsies and interventions31, contributing to safer andmorecost-
effective care. Specificity remained stable across conditions, indicating that
these gains in sensitivity do not come at the expense of increased false posi-
tives. By contrast, sensitivity for malignant lesions remained high in both
conditions, with no significant difference between AI-assisted and unaided
workflows. This outcome likely reflects the study design: radiologists were
specifically instructed to focus on kidney cancer, which contributed to the
high overall malignant sensitivity of 98%, compared with the 84% sensitivity
reported in the literature for incidental detection of malignant kidney lesions
on CT scans32. In more open-ended settings, where radiologists are asked to
evaluate a broader range of organs, AI assistance may reveal more pro-
nounced effects on the detection of malignant lesions.

Equally important is the observed improvement in inter-radiologist
agreement. Variability in lesion detection and measurement has long been
recognized as a barrier to reliable diagnosis and consistent patient
management33,34. In our study, AI support led radiologists to adopt more
consistent measurement strategies, as illustrated in Fig. 3, where they con-
vergedon the sameaxesproposedby themodel.Greater agreementnot only
strengthens reproducibility in routine care but also supports more reliable
treatment planning in multidisciplinary settings, such as tumor boards,
where standardized imaging assessments are essential35,36.

The above findings align with prior studies demonstrating that AI can
improve both the accuracy and efficiency of radiological workflows37. While
someresearchhasvalidateddeep learningmodels indetectingkidney lesions38,
BMVision, to the best of our knowledge, is the first AI tool for kidney cancer
diagnosis to undergo validation within a clinical diagnostic workflow specific
to kidney cancer. This validation supports its potential role in enhancing
radiological accuracy and efficiency within kidney cancer diagnostics.

While this study demonstrates the potential of BMVision to enhance
efficiency and diagnostic consistency in kidney cancer workflows, it is
important to acknowledge that the studywas conducted at a single site, TUH.
This single-center design may limit the generalizability of our findings to
other clinical settings. As a next step, a multi-center study employing a more
open-ended design, in which radiologists receive less directed instructions,
could provide further insights. Such an approach may better reflect routine
clinical practice and allow for a more comprehensive evaluation of BMVi-
sion’s utility in detecting malignant renal lesions beyond study settings.

Another limitation relates to the composition of the control cohort,
which consisted of patients with suspected appendicitis.While this selection
provided access to abdominal CT scans without renal cancer, it may not
fully reflect the diversity of cases encountered in routine clinical practice. To
minimize the potential for bias, the appendix region was removed from all
scans–both controls and cancer cases–prior to algorithm evaluation. Future
work will aim to include a broader range of control cases, such as a random
sample of CTs without renal pathology, to better represent the clinical
scenarios in which BMVision is expected to operate. Taken together, these
limitations highlight the need for broader multi-center validation in real-
world, heterogeneous populations.

Conclusion
In this study, we validated BMVision, a decision-support AI tool for kidney
cancer diagnosis from CT scans, through a reader study that showed a
reduction in reporting time of approximately one-third, with individual
improvements of up to 52%. In addition, the tool enhanced sensitivity for
detecting benign renal lesions, increasing from79.9 to 86.3%.The sensitivity
for malignant lesions remained high, with no statistically significant dif-
ference between AI-assisted and unaided workflows. Notably, BMVision
contributed to a significant increase in inter-radiologist agreement, sug-
gesting that AI assistance may enhance consistency in clinical decision-
making. With further validation in diverse clinical settings, BMVision has

thepotential tobecomeavaluable tool in enhancingdiagnostic accuracy and
efficiency in kidney cancer care, ultimately supporting radiologists in deli-
vering high-quality, timely care to patients.

Data availability
This study used both publicly available and private clinical imaging data. The
public datasets (C4KC-KiTS17,18 and TCGA-KiRC19,20) are available through
their respective repositories under the conditions described in their data-use
agreements. The internal dataset of abdominal CT scans collected at TUH
wasusedunder ethical approval grantedby theResearchEthicsCommitteeof
the University of Tartu and cannot be shared publicly due to patient-privacy
and institutional data-protection restrictions (GDPR compliance). The data
can be made available to qualified researchers for non-commercial research
purposes upon reasonable request to the corresponding author (dmy-
tro.fishman@bettermedicine.ai), subject to approval by the institutional data
controller and completion of a data-use agreement. Requestswill be reviewed
within approximately four weeks. All code necessary to reproduce themodel
training and evaluation is incorporated into the commercial BMVision
platform (Better Medicine OÜ) and can be made available for academic
research collaborations under a research agreement.

Code availability
BMVision is a proprietary commercial software developed by Better Medi-
cine OÜ and cannot be publicly shared due to intellectual property and
licensing restrictions. Statistical analysis was performed in Python and R
using standard libraries. Access to the software for research validation can be
provided to qualified investigators under a collaboration agreement with
Better Medicine OÜ. Inquiries should be directed to the corresponding
author.
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