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Abstract

Background: Manual tumor contouring adds a separate preprocessing step
to CT-based prediction. We therefore evaluated whether complete-series multi-
instance learning (MIL) could perform preoperative Ki-67 stratification from
dual-phase CT without tumor contours and provide greater discrimination than
conventional CT features.

Methods: This retrospective study included 61 patients. Ki-67 cutoffs of 5%, 8%,
and 10% defined three cutoff-specific tasks. Patients whose reported Ki-67 inter-
val spanned a cutoff were excluded only from the corresponding task. Twenty-one
conventional variables were analyzed with two conventional models, and frozen
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ResNet-18 features from the complete arterial and venous phase series were ana-
lyzed separately with five MIL methods. Four prespecified equal-logit fusion
combinations were evaluated. Patient-level stratified fivefold cross-validation
was repeated 10 times. Assessment comprised AUROC, AUPRC, calibration
assessment, decision-curve analysis, paired bootstrap comparisons with Holm
correction, and a post-training attention audit.

Results: The three tasks included 59, 54, and 56 patients, with 41, 26, and
15 positive cases. The highest AUROCs were 0.645 (95% CI, 0.485-0.781) at
5%, 0.646 (95% CI, 0.496-0.788) at 8%, and 0.605 (95% CI, 0.442-0.753) at
10%. The maximum AUPRCs at 5%, 8%, and 10% were 0.822, 0.637, and 0.346.
Every AUROC confidence interval included 0.5, and no comparison among the
prespecified individual models or between fusion and its components remained
significant after Holm correction. In the attention audit, 34 of 60 tests remained
significant after global Holm correction, with 21 estimates above and 13 below
their prespecified references.

Conclusions: Complete-series MIL was applied separately to arterial and venous
CT series for cutoff-specific Ki-67 stratification and did not require tumor con-
tour inputs. It showed no clear discrimination advantage over conventional CT
features in this cohort. External validation and direct assessment of annotation
burden are required before clinical use.

Keywords: Gastrointestinal stromal tumor, Ki-67 labeling index, computed
tomography, multi-instance learning, artificial intelligence

1 Introduction

Gastrointestinal stromal tumors (GISTs) show substantial variation in biological
behavior, ranging from indolent tumors to aggressive disease with metastatic poten-
tial. Established risk systems integrate tumor size, mitotic count, primary site, and
tumor rupture to estimate the risk of recurrence [3, 12, 18]. Although tumor size and
primary site can be assessed before surgery, the mitotic count and confirmation of
tumor rupture generally depend on intraoperative or pathologic findings. This limits
complete preoperative risk assessment. The Ki-67 index is another measure of tumor
proliferation, and higher values have been associated with higher risk categories and
recurrence [15]. Its assessment also requires biopsy or resected tissue and may be

affected by sampling heterogeneity. A preoperative imaging approach could therefore
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provide a noninvasive estimate of tumor proliferative activity, although histopathology
remains the reference standard.

Contrast-enhanced computed tomography (CT) is routinely used for GIST stag-
ing and follow-up. Tumor size, necrosis, and enhancement have been associated with a
higher Ki-67 index [26]. Radiomics can quantify heterogeneity within a tumor, but the
reproducibility of radiomic results is influenced by image processing and feature defi-
nitions [13, 30]. Published CT studies have used Ki-67 cutofts of 5%, 8%, or 10% and
different modeling approaches. These studies have used conventional imaging findings
as predictors, applied radiomics or deep learning, or examined spectral parameters
[1, 16, 25]. A recent meta-analysis found that diagnostic performance varied accord-
ing to the cutoff [20]. Direct comparison is limited by differences in patient selection,
tumor segmentation, CT acquisition, and validation.

CT models based on radiomics alone or combined radiomic and deep features
have relied on manually delineated tumor regions of interest (ROIs) [1, 27]. Manual
contouring adds a separate image-processing step and increases the analysis workload.
Each patient has one pathologic Ki-67 label, whereas every phase-specific CT series
contains multiple slices and only some depict the tumor. This arrangement of one
patient-level label and multiple slices can be modeled with multi-instance learning
(MIL), which treats the series as a bag and its slices as instances without requiring slice
labels or tumor contours [7]. Attention pooling, dual-stream modeling, and attention
stabilization represent different MIL designs [11, 14, 28], and MIL has been applied to
whole-slide pathology images with slide-level labels and CT images with patient-level
labels [2, 4, 17].

This study evaluated contour-free MIL applied separately to complete arterial and
venous CT series for gastric GIST Ki-67 stratification at prespecified 5%, 8%, and 10%
cutoffs. Two conventional CT models, five MIL methods, and four equal-logit fusion

combinations were compared using the same patient-level repeated cross-validation
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Fig. 1 Clinical overview and study design. a, Representative deidentified arterial-phase and venous-
phase CT images from a patient with gastric GIST. Arrows indicate the tumor. b, Pathologic Ki-67
results for all 61 patients, with interval reports distinguished and cutoffs marked at 5%, 8%, and 10%.
c, Complete arterial and venous CT series were encoded slice by slice and aggregated separately at
the patient level using five MIL methods. Two conventional CT models and four equal-logit fusion
combinations were evaluated using the same data partitions. After predictions were finalized, ROI
geometry was used only for the attention audit, not as input to the prediction models.

splits. The main comparison examined whether MIL or fusion had greater discrimina-
tion than the conventional models. ROIs were used only for the post-training attention
audit. The prediction models did not generate tumor segmentation masks. The clinical

data structure and analysis workflow are shown in Fig. 1.

2 Materials and methods

2.1 Study population and outcomes

2.1.1 Study design and patients

This retrospective single-center study included consecutive patients who underwent

radical resection at a tertiary referral center between March 2022 and December 2024.
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The Biomedical Ethics Review Committee of West China Hospital, Sichuan Univer-
sity approved the study (2022 Review No. 449 and 2025 Review No. 86) and waived
the requirement for written informed consent because retrospective clinical data were
used. All data were deidentified before analysis. Eligibility required postoperative con-
firmation of gastric GIST, contrast-enhanced spectral CT of the abdomen and pelvis
within 30 days before radical resection, and no tumor-directed treatment before CT.
Exclusion criteria were nondiagnostic image quality or tumor rupture. CT was per-
formed 2 to 23 days before surgery. The final cohort comprised 61 patients. No formal
sample size calculation was performed because the study included all eligible patients

available during the study period.

2.1.2 Pathologic Ki-67 assessment

Resected tumors underwent routine histopathologic examination and Ki-67 immuno-
histochemistry. The Ki-67-stained section was screened at low magnification, and
tumor cells were counted manually at high magnification in the area with the high-
est density of Ki-67-positive nuclei. The Ki-67 index was the percentage of counted
tumor cell nuclei that showed positive staining. When the report provided a single
percentage, that value was used directly. For interval reports, the documented lower
and upper bounds were retained rather than replaced by a midpoint. At each cut-
off, an interval was labeled positive when its lower bound was at or above the cutoff
and negative when its upper bound was below it. Intervals spanning the cutoff were

excluded only from that task.

2.2 CT data and features

2.2.1 CT acquisition and conventional features

CT was acquired with a dual-layer detector-based spectral CT system (HAWK CT,

Philips Healthcare). Iodinated contrast material was administered at 1.0 mL/kg and



73

74

7%

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

3.0 to 4.5 mL/s. Late arterial phase images were obtained at 50 seconds and venous
phase images at 80 seconds. Tube voltage was 120 kVp in 60 patients and 140 kVp
in one. Automatic current modulation, pitch 1.386, rotation time 0.27 seconds, and a
B reconstruction kernel were used. Conventional images had a 512 by 512 matrix, 1.0
mm section thickness, and a 1.0 mm reconstruction interval.

Two readers with 10 and 3 years of abdominal imaging experience independently
reviewed the CT images while blinded to Ki-67. Disagreements were resolved by con-
sensus. The 21 conventional variables covered demographics, tumor location and size,
shape, margin, calcification, intratumoral gas, ulceration, growth and enhancement
patterns, enlarged feeding or draining vessels, necrosis, cystic change, adjacent-organ
invasion, mesenteric fat infiltration, enlarged lymph nodes, and distant metastasis. The
prediction models did not use ROI-derived spectral measurements or postoperative

pathologic variables.

2.2.2 Image preprocessing and feature extraction

Arterial and venous phase conventional CT series were processed separately using
the same pipeline. Within each series, DICOM slices were first ordered by physical
position and converted to Hounsfield units using the stored rescale slope and intercept.
Intensities were then clipped to an abdominal window with a center of 50 HU and a
width of 400 HU and mapped to the range from 0 to 255. To standardize the field
of view without locating the tumor, a body mask was generated using a threshold of
—500 HU. Five evenly spaced slices were used to define a square body bounding box
with a 5% margin, and pixels outside the body mask were set to zero to suppress the
table and background. The resulting crop was limited to the patient body and did not
use tumor location.

After this preprocessing, each axial slice was combined with its immediately pre-
ceding and following slices to form a three-channel input. The first or last slice was

repeated when an adjacent slice was unavailable. Each input was resized to 224 by 224
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pixels with bilinear interpolation, scaled to the range from 0 to 1, and standardized
using the ImageNet channel means and standard deviations. A ResNet-18 pretrained
on ImageNet was used as a frozen encoder, and global average pooling produced one
512-dimensional feature vector for each axial position [6, 9]. Pathologic labels and
ROIs were not used during feature extraction. All feature vectors from each phase
were retained as the patient bag for MIL after automated checks of feature dimensions,

finite values, slice counts, and slice order.

2.3 Model development and evaluation

ROIs were not inputs to any prediction model and were introduced only after

predictions were frozen for the attention audit.

2.3.1 Task definition

The modeling task was to estimate from preoperative CT whether the postoperative

pathologic Ki-67 index met or exceeded each cutoff. Each patient ¢ constituted one

independent sample. The conventional input was the 21-variable feature vector x;,

whereas the image inputs were the complete arterial and venous phase CT series,

modeled separately. Let p € {A,V} denote the CT phase and Ni(p ) the number of

ordered axial positions in that phase. After slice-level feature extraction, each position
7 was represented by hz(»f ), and all vectors from phase p formed the patient bag

NP

BY) — {hg)}j;l ,  hP er"2 (1)

Supervision was provided only by the patient-level pathologic Ki-67 result. For an

exact percentage v;, the bounds were set to L; = U; = v;. For an interval report,

L; and U; were its documented lower and upper bounds. With C = {5%, 8%, 10%}
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denoting the cutoff set, the label for cutoff ¢ € C was

17 Lz Z ¢,
=10, U < ¢, (2)

undefined, L; <c<U,.

A patient with an undefined label was excluded only from the task defined by c
and remained eligible for the other cutoff tasks. For each cutoff, conventional models
received x;, whereas phase-specific MIL models received ng ). Each model returned

the patient-level probability that Ki-67 met or exceeded that cutoff.

2.3.2 Conventional CT models

The 21 variables were modeled using class-balanced logistic regression with either Lo
or elastic-net regularization. Continuous variables were median-imputed and standard-
ized, whereas categorical variables were mode-imputed and one-hot encoded. These
transformations and the classifier formed a single pipeline. Preprocessing parameters
were estimated only from the patients used for fitting. For both regularization schemes,
the candidate values of C' were {0.03,0.1,0.3,1,3,10}. Elastic net additionally used

L, ratios of {0.1,0.5,0.9}.

2.3.3 Multi-instance learning models

Phase-specific MIL models reduced each complete patient bag to a patient representa-

tion. Attention-based models assigned a learned weight to each CT slice and combined
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where g() is learned, aij (») ;

is the normalized weight for slice j, and z;"” is the resulting
bag representation. Five methods were compared. MeanMIL averaged instance log-
its. ABMIL used learned attention, and GAMIL added gated attention [11]. DSMIL

combined critical-instance and bag streams [14]. ASMIL used aggregation tokens and

online-anchor attention stabilization [28].

2.3.4 Fusion strategy

Fusion components were prespecified as conventional elastic net, arterial ABMIL, and
venous ABMIL. The four combinations were arterial plus venous, conventional plus
arterial, conventional plus venous, and all three components. For component set M,
probabilities and validation-derived Youden thresholds [29] were fused with equal logit

weights as follows.

e = [M| 2 ot (55 |
i = [MI 2 logit (g M)]'

This rule did not require fitting an additional fusion model.

2.3.5 Training and evaluation

Evaluation used patient-level stratified fivefold cross-validation repeated 10 times.
Common outer-fold assignments were generated for all three cutoff tasks by stratify-

ing the midpoint of each reported Ki-67 result into four bands. The bands were below
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5%, 5% to below 8%, 8% to below 10%, and 10% or greater. The midpoint was used
for stratification and not for task-label assignment. After the task-specific interval
exclusions defined in Section 2.3.1, each outer training set was further split into an
inner training partition containing 80% of the patients and an inner validation par-
tition with the remaining 20%, both stratified by the binary label. During candidate
selection, models were fitted on the inner training partition. Hyperparameters and
operating thresholds were selected on the inner validation partition. Every training,
validation, and outer test partition contained both classes, and all slices from a patient
remained in the same partition.

Within each outer split, conventional hyperparameters were chosen by validation
AUROC, with AUPRC resolving ties. These comprised C for Ly logistic regression
and both C' and the L, ratio for elastic net. MIL models used AdamW, class-weighted
binary cross-entropy, one patient bag per batch, and a maximum of 100 epochs. For
each of four joint learning-rate, dropout, and weight-decay configurations, the check-
point with the lowest validation loss was retained, and training stopped after 15 epochs
without improvement in validation loss. The four configurations were then ranked
by the validation loss of their retained checkpoints, with AUROC and then AUPRC
resolving ties.

After model selection, each component operating threshold was derived from its
inner validation predictions using the Youden index. The selected conventional pipeline
and MIL configuration were then refitted on the complete outer training set, compris-
ing the inner training and validation partitions, with MIL trained for the selected epoch
count. Quter test patients were used for prediction only after the model configuration
and operating threshold had been fixed.

Across the five outer folds, each eligible patient received one out-of-fold (OOF)
probability per repeat for each model. The 10 repeat-level probabilities were averaged

into a single patient-level prediction used for AUROC and AUPRC [21]. Secondary
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assessment comprised sensitivity and specificity at the fold-specific validation-derived
thresholds, Brier score, calibration plots, and decision curves [23, 24]. Agreement
among the fusion components was assessed with Spearman correlations between
patient-level OOF probability means. Repeat-to-repeat stability was summarized by
the within-patient SD of OOF probabilities across repeats (Section 3.3).

All statistical resampling was performed at the patient level. Confidence intervals
for model performance used 2,000 patient-stratified bootstrap samples [8], whereas
AUROC and AUPRC differences used 10,000 synchronized paired bootstrap samples.
Holm correction was applied within prespecified comparison families [10]. For the six
conventional and single-phase MIL models, each cutoff and metric defined 15 pair-
wise comparisons. Fusion analyses used nine fusion versus component comparisons for
each cutoff and metric. The exploratory MIL analysis used 10 method pairs for each
cutoff, phase, and metric. Each of these sets was corrected separately. Uncorrected
rankings were treated as descriptive. Analyses used Python 3.11, PyTorch 2.8, and
scikit-learn 1.7 with deterministic seeds. TRIPOD+AI and the 2024 CLAIM update
were consulted during manuscript preparation [5, 22]. PROBAST+AI was used to

review potential sources of bias [19].

2.4 Attention audit

Attention weights from ABMIL and GAMIL were compared between slices with and
without tumor in 12 cutoff, phase, and model combinations. ROIs were mapped
to slices by DICOM coordinates after all predictions were frozen. Attention mass,
slice-level AUROC and AUPRC, top-one hit rate, and top-K overlap were calcu-
lated relative to their random or uniform references. Confidence intervals and tests
were calculated with 10,000 patient-level bootstrap samples. Holm correction was

applied across all 60 tests. One patient lacked an available ROI in both phases and

11
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Table 1 Characteristics of the study cohort

Characteristic Value Characteristic Value
Age, years 60 (52-67) Gastric location 61 (100.0)
Male sex 35 (57.4) Growth pattern, exophytic 26 (42.6)
Ki-67 midpoint, % 6.5 (3.0-10.0)  Growth pattern, endophytic 20 (32.8)
Interval-reported Ki-67 14 (23.0) Growth pattern, mixed 14 (23.0)
Long diameter, mm 29 (21-50) Growth pattern, intramural 1(1.6)
Short diameter, mm 24 (16-40) Heterogeneous enhancement 38 (62.3)
Well-defined margin 54 (88.5) Enhancement degree, mild 11 (18.0)
Oval shape 46 (75.4) Enhancement degree, moderate 31 (50.8)
Lobulated shape 8 (13.1) Enhancement degree, marked 19 (31.1)
Irregular shape 5 (8.2) Enlarged feeding or draining vessels 34 (55.7)
Regular shape 2 (3.3) Necrosis 37 (60.7)
Calcification 12 (19.7) Cystic change 3 (4.9)
Intratumoral gas 11 (18.0) Adjacent organ invasion 1 (1.6)
Ulcer 13 (21.3) Mesenteric fat infiltration 3 (4.9)
Enlarged lymph nodes 1 (1.6) Distant metastasis 0 (0.0)

Data are median (IQR) or number (percentage). Equivalent category labels in the clinical data extraction
sheet were harmonized before tabulation. IQR, interquartile range.

was excluded from the audit. Model development and prediction retained the full

task-specific cohorts. This audit measured association rather than tumor localization.

3 Results

3.1 Cohort and task composition

The 61 patients had a median age of 60 years (IQR, 52-67). Of these, 35 (57.4%) were
male. The median of the Ki-67 midpoints was 6.5% (IQR, 3.0%-10.0%), and 14 results
(23.0%) were intervals. Complete series comprised 31,008 arterial and 31,607 venous
slices. After task-specific interval exclusions, the 5%, 8%, and 10% tasks included 59,
54, and 56 patients, with 41, 26, and 15 positive cases. Cohort characteristics are

reported in Table 1, and the study workflow is shown in Fig. 1.

3.2 Model discrimination

Every AUROC confidence interval included 0.5, and none of the 90 paired model

comparisons was significant after Holm correction (Fig. 2). The models with the

12
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highest point estimates differed by cutoff. At 5%, conventional logistic regression
yielded an AUROC of 0.645 (95% CI, 0.485-0.781) and an AUPRC of 0.822 (95% CI,
0.740-0.895). At 8%, conventional elastic net had an AUROC of 0.646 (95% CI, 0.496—
0.788) and an AUPRC of 0.637 (95% CI, 0.512-0.802). At 10%, conventional plus
venous ABMIL had the highest AUROC, 0.605 (95% CI, 0.442-0.753), whereas venous
ABMIL had the highest AUPRC, 0.346 (95% CI, 0.264-0.573). Threshold-dependent
operating characteristics also varied across models. At the fold-specific validation-
derived thresholds, sensitivity ranged from 0.000 to 0.732 and specificity from 0.167 to
0.927. Point estimates did not consistently favor either CT phase across the three cut-
offs. Conventional plus venous ABMIL had the highest fusion AUROC at all cutoffs.

None of 54 fusion-versus-component comparisons was significant after correction.

3.3 Component agreement and stability

Fusion-component correlations were low to moderate, with Spearman p ranging from
—0.156 to 0.382 (Table 2). Median within-patient OOF probability SD ranged from
0.165 to 0.261. Three-component fusion was less variable than either phase-specific

ABMIL model but more variable than conventional elastic net.

3.4 Calibration and decision analysis

Calibration intervals overlapped substantially, and decision curves crossed frequently.
No model had consistently greater net benefit across all cutoffs and risk thresholds

(Fig. 3). The lowest Brier scores at 5%, 8%, and 10% were 0.217, 0.236, and 0.210.

3.5 Attention audit

Reference-adjusted attention results differed across cutoffs and measures (Fig. 4). The
audit included 58, 53, and 55 patients at the three cutoffs. Of 60 tests, 34 remained
significant after global Holm correction, with 21 estimates above and 13 below their ref-

erences. All 12 significant results at 5% were above their references, whereas significant

13
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Fig. 2 Discrimination across models. Point estimates and 95% patient-stratified bootstrap confidence
intervals are shown for AUROC (a—c) and AUPRC (d—f) across the three Ki-67 cutoffs. Dashed lines
indicate an AUROC of 0.5 or the cutoff-specific positive prevalence for AUPRC. None of the 90 paired
model comparisons or 54 fusion-versus-component comparisons was significant after Holm correction.

results at 8% and 10% included estimates on both sides of the reference. Slice-
level AUPRC exceeded prevalence in all 12 cutoff, phase, and model combinations.

Estimates for the other measures were not uniformly above their references.

3.6 Comparison of MIL methods

The MIL method with the highest point estimate varied by phase, cutoff, and met-
ric. Only two of 120 paired comparisons of five MIL methods (10 pairs, 2 phases,

3 cutoffs, and 2 metrics) remained significant (Fig. 5). Venous DSMIL exceeded
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Table 2 Agreement and repeat-to-repeat variability among fusion components

a. Component agreement

Ki-67 cutoff p(T,A) p(T,V) p(AV)
5% —0.065 —0.106 0.100
8% 0.077 0.221 0.382
10% —0.049 —0.156 0.164
b. Repeat-to-repeat prediction variability
Ki-67 cutoff Prediction model Median SD (IQR)
5% T 0.165 (0.132-0.201)
A 0.221 (0.190-0.261)
\% 0.228 (0.187-0.253)
T+A+V 0.186 (0.148-0.213)
8% T 0.168 (0.135-0.196)
A 0.231 (0.201-0.257)
A% 0.261 (0.226-0.293)
T+A+V 0.186 (0.163-0.213)
10% T 0.166 (0.135-0.207)
A 0.207 (0.176-0.244)
\Y 0.245 (0.212-0.271)
T+A+V 0.175 (0.148-0.208)

Spearman correlations were calculated from patient-level OOF probability means. SD was calculated for
each patient across 10 OOF predictions and is reported as median (IQR) across patients. T denotes
conventional elastic net. A denotes arterial ABMIL. V denotes venous ABMIL. OOF denotes out-of-fold.
SD denotes standard deviation.

venous ASMIL for 8% AUROC by 0.238 (95% CI, 0.080-0.398, Holm P = 0.034).
It also exceeded venous GAMIL for 10% AUPRC by 0.193 (95% CI, 0.058-0.370,
Holm P = 0.026). After Holm correction, no tested comparison showed a statistically

significant advantage of an MIL or fusion model over a conventional CT model.

4 Discussion

This study evaluated complete-series MIL for cutoff-specific Ki-67 stratification with-
out tumor contour inputs. Patient-level predictions were generated from complete
arterial or venous CT series, in which only a subset of slices contained tumor. This
patient-bag formulation provides a way to investigate imaging biomarkers without
lesion localization as a preprocessing step. However, neither MIL nor fusion showed

a Holm-corrected discrimination advantage over conventional CT models, and every
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Fig. 3 Calibration and decision-curve analysis. Calibration panels (a—c) show four equal-frequency
patient groups for conventional elastic net, arterial ABMIL, venous ABMIL, and three-component
fusion. Symbols indicate observed positive fractions at the corresponding mean predicted probabilities,
and vertical bars are Wilson 95% binomial confidence intervals. Points are not connected because
each group contains a small number of patients. The dashed diagonal is the identity line. Decision
panels (d—f) show net benefit for the same four models and the treat-all and treat-none strategies.
The displayed threshold range for each task was defined from outcome prevalence to keep the treat-
all net benefit above approximately —0.05. The four displayed models were specified before the plots
were examined.

AUROC confidence interval included 0.5. The small cohort and wide AUROC con-
fidence intervals preclude a firm conclusion that the approaches have equivalent
performance.

Prior contour-dependent radiomics studies address a different learning problem. A
tumor ROI provides explicit lesion localization and excludes most non-tumor image
regions before model fitting, whereas each bag in this study retained a complete arterial

or venous series. MIL instead aggregated information across the full set of slices to
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Fig. 4 Slice-level attention associations with tumor-bearing slices. Out-of-fold mean effects and 95%
patient-level bootstrap confidence intervals are shown for five confirmatory attention measures in 12
single-phase MIL models. These measures comprise attention mass excess over uniform allocation (a),
slice-level AUPRC excess over the prevalence of tumor-bearing slices (b), slice-level AUROC minus
0.5 (c), top-one hit excess over prevalence (d), and top-K overlap excess over prevalence (e). Filled
symbols indicate global-family Holm P < 0.05, and open symbols indicate Holm P > 0.05.

generate a patient-level prediction. This distinction limits direct numerical comparison
between the two settings. The 21 variables used by the conventional models included
size, morphology, enhancement, and necrosis. Compared with the neural MIL models,
the logistic models based on these clinically interpretable variables required fewer
fitted parameters and may be easier to estimate from a small dataset.

Limited discrimination may reflect both sample size and image representation.

Task-specific exclusions left 54 and 56 patients at the 8% and 10% cutoffs, and the 10%
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Fig. 5 Exploratory comparison of five multi-instance learning methods. Heatmaps show AUROC
(a) and AUPRC (b) for arterial and venous phase CT at Ki-67 cutoffs of 5%, 8%, and 10%. Each cell
reports the point estimate and 95% patient-stratified bootstrap confidence interval. Color encodes
AUROC minus 0.5 or AUPRC minus the cutoff-specific positive prevalence, while the printed values
remain on the original metric scale. Panel ¢ shows the two paired differences that remained significant
after Holm correction. The remaining 118 paired comparisons were not significant after correction.

task included only 15 positive cases. Although limited in size, the cohort combined sur-
gically confirmed gastric GIST, complete preoperative arterial and venous CT series,
postoperative Ki-67 results, and ROI information for the independent attention audit.
These sample sizes provided limited data for learning attention weights and selecting
among the five MIL models and their configurations. The frozen ResNet-18 was pre-

trained on natural images rather than abdominal CT. Within each series, adjacent
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slices are highly correlated, and useful signal may extend across the tumor, surround-
ing anatomy, and enhancement patterns. A slice encoder followed by bag pooling may
not fully represent relationships across adjacent slices or variations in enhancement.
The lack of spatial alignment between arterial and venous series may also have limited
the modeling of corresponding anatomy across the two phases.

The secondary analyses examined whether differences in patient rankings could
support fusion and whether learned attention was associated with tumor-bearing slices.
Low to moderate component correlations showed that the conventional, arterial, and
venous models did not produce identical patient rankings, but equal logit fusion did
not consistently improve on the component with the highest point estimate. Learned
fusion weights might account for unequal component reliability, although estimating
them from 61 patients would add another layer of model selection. All significant
attention estimates at the 5% cutoff were above their respective references, whereas
those at 8% and 10% included values above and below their respective references.
Attention was optimized for patient-level classification and received no localization
supervision. The observed variation does not support interpreting these weights as an
anatomic localization map.

Patient-level partitions, fold-confined preprocessing and model selection, and
validation-derived thresholds reduced opportunities for information leakage. Fusion
weights were fixed before the outer test results were examined. Synchronized boot-
strap samples preserved the pairing between model predictions, and Holm correction
controlled family-wise error across each comparison family. Patients with interval-
reported Ki-67 spanning a cutoff were not assigned an artificial binary label, and all
evaluated model families and comparisons were reported. The analysis remains limited
by its small, single-center retrospective cohort and the further reduction in sample size
after task-specific exclusions. The measured Ki-67 index may be affected by intratu-

moral heterogeneity and tissue sampling. Tube voltage was 120 kVp in 60 patients and
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140 kVp in one. Spectral parameters were omitted because extracting them usually
requires lesion ROIs and would have changed the contour-free prediction task. We did
not compare the models with radiologists or directly measure preparation time, inter-
observer variability, or reader workload. The internal DCA alone does not establish

clinical utility.

5 Conclusions

Complete-series MIL generated cutoff-specific Ki-67 predictions from arterial and
venous CT without tumor contour inputs. The approach showed no Holm-corrected
discrimination advantage over conventional CT models in this cohort. The study
defines a patient-level framework for evaluating complete CT series without lesion
delineation. Its effect on annotation time and clinical workload was not measured.
Independent multicenter studies with larger cohorts should test this design using
CT-specific representations, spatial registration between arterial and venous phases,
radiologist comparison, and direct measurements of annotation burden before clinical

use is considered.

6 Abbreviations

ABMIL Attention-based multi-instance learning

ASMIL Attention-stabilized multiple instance learning
AUPRC' Area under the precision-recall curve

AUROC Area under the receiver operating characteristic curve
CT Confidence interval

CT Computed tomography

DCA Decision-curve analysis

DICOM Digital Imaging and Communications in Medicine

DSMIL Dual-stream multi-instance learning
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GAMIL Gated-attention multi-instance learning
GIST Gastrointestinal stromal tumor

HU Hounsfield unit

IQR Interquartile range

MIL Multi-instance learning

OOF Out-of-fold

ROI Region of interest

SD Standard deviation
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