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Appendix A Supplementary Dataset Information1154

This section presents details about each of our training and testing datasets:1155

(1) UCSF Train (new). LLMs searched over 410,000 radiology and pathology reports from the University1156

of California San Francisco (UCSF) Picture Archiving and Communication System (PACS), spanning 1997–20241157

and covering the UCSF hospital and multiple a!liated institutions across California, USA. The LLMs identified1158

control patients and patients with tumors. We included all tumor cases discovered by the LLMs, plus a random1159

selection of controls (total of 116,514 CT-Report pairs). For e!ciency, a small LLM (Llama 3.1 8B AWQ)1160

performed initial report screening, followed by confirmation of selected reports by a large LLM (Qwen 3 30B).1161

Both models used radiologist-designed prompts (Supp. G). The large LLM was shown to achieve 98.3% accuracy1162

in finding tumors from reports (Supp. D.4). This accuracy is comparable to established labelers, such as in1163

CheXpert [56] and ChestX-ray14 [50].1164

(2) UCSF Test (new). We randomly selected 2,301 CT-Report pairs of UCSF Train for internal validation.1165

Control patients were randomly selected with age and sex distributions matched to the tumor patients. Models1166

tested on UCSF Test were trained on R-Super Train (below), not on UCSF Train, since UCSF Test is a subset1167

of UCSF Train.1168

(3) R-Super Train (new). We excluded from UCSF Train the patients from UCSF Test, and merged1169

the remaining UCSF Train CT-Report pairs with all 25,494 CT-Report pairs from Merlin, the largest public1170

abdominal CT dataset (Stanford Hospital, 2012 to 2018) [22]. The merged dataset, R-Super Train, was used to1171

train the R-Super model that was evaluated in UCSF Test (internal), Medipol (external), and Basel (external).1172

We trained a second R-Super model on the whole UCSF dataset (UCSF train, without Stanford data) and1173

externally evaluated it in the Stanford test set.1174

(4) Stanford Test (existing, [22]). The public Merlin dataset, from Stanford, was collected from the1175

Stanford Hospital, from 2012 to 2018. Exams were selected via the Stanford Medicine Research Data Repository1176

(STARR), using Current Procedural Terminology (CPT) codes 72192, 72193, 72194, 74150, 74160, 74170, 74176,1177

74177, and 74178. For external validation, we selected 1,976 CT-Report pairs from the Merlin o!cial test set,1178

including all cases with malignant tumors in the 7 organs we studied, plus 114 randomly selected controls and1179

491 benign tumor cases.1180

(5) Medipol Test (new). We used the same LLMs used in UCSF to analyze reports from the Medipol1181

University Hospital in Istanbul, Turkey, from 2014 to 2025. We included all tumor cases discovered by the LLMs,1182

plus a random selection of controls (total of 1,327 CT-Report pairs). The entire dataset was used for external1183

validation.1184

(6) Basel Test (new). Diagnostic codes (ICD-10) were used to search for tumor patients across the PACS1185

of the University Hospital Basel, in Basel, Switzerland, from 2010 to 2024. In total, 2,935 CT-Report pairs were1186

selected. The entire dataset was used for external validation.1187

(7) Reader Study (new). Our reader study dataset includes 637 CT scans, 50% from UCSF, 30% from1188

Stanford, and 20% from Medipol. Reading this number of CT scans is a large, but still possible radiologist1189

workload. We focused this dataset on small tumors: 47% of the scans include only tumors smaller than 2 cm in1190

diameter.1191
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Table A1: Tumors per dataset. Here, rad and path indicate confirmation of tumor type (malignant, metastasis,
primary) from radiology reports and pathology reports, respectively. A tumor may be confirmed by both. Benign tumors
are confirmed from radiology reports. Radiology-based confirmation includes only radiology reports that indicate high
confidence in the tumor type (e.g., known cancer history). Handling unknown malignancy: test set tumors of unknown
malignancy are included when evaluating for tumor detection (malignant + benign vs no-tumor), and excluded when
evaluating for malignant tumor detection (malignant vs no-tumor) or malignancy identification (malignant vs benign +
no-tumor).

R-Super train UCSF train UCSF test Stanford test Medipol test Basel test reader study

bladder tumors
total 4,065 4,050 345 209 146 295 86
small 808 838 107 41 54 37 49
malignant (rad) 758 735 – 55 39 79 10
small malignant (rad) 152 154 – 7 9 5 5
metastatic (rad) 418 441 – 9 5 6 2
benign 760 684 70 31 35 6 22
unknown malignancy 2,015 1,878 86 123 72 210 29
malignant (path) 532 753 189 – – – 25
small malignant (path) 96 154 55 – – – 22
primary malignant (path) 377 580 174 – – – 25

gallbladder tumors
total 3,780 3,562 265 200 174 76 65
small 761 706 65 41 75 7 24
malignant (rad) 471 437 – 41 3 17 1
small malignant (rad) 84 89 – 2 0 0 0
metastatic (rad) 192 203 – 6 1 11 3
benign 2,218 2,030 103 77 81 11 16
unknown malignancy 1,036 950 84 82 90 48 24
malignant (path) 55 145 78 – – – 24
small malignant (path) 1 10 8 – – – 5
primary malignant (path) 49 139 78 – – – 24

prostate tumors
total 2,527 2,458 180 105 35 170 72
small 197 213 31 4 4 14 11
malignant (rad) 409 384 – 21 2 28 3
small malignant (rad) 34 34 – 0 0 0 0
metastatic (rad) 105 120 – 0 0 2 3
benign 718 617 60 38 0 2 6
unknown malignancy 919 843 31 46 33 140 40
malignant (path) 481 614 89 – – – 23
small malignant (path) 25 43 15 – – – 6
primary malignant (path) 470 603 89 – – – 23

uterus tumors
total 6,516 5,792 302 330 132 269 104
small 827 654 57 43 12 12 38
malignant (rad) 571 539 – 45 9 30 7
small malignant (rad) 39 43 – 3 0 0 4
metastatic (rad) 160 178 – 3 3 9 2
benign 3,658 3,018 164 174 56 129 59
unknown malignancy 1,999 1,845 59 111 67 110 12
malignant (path) 288 390 79 – – – 26
small malignant (path) 5 13 8 – – – 4
primary malignant (path) 253 355 79 – – – 26

esophagus tumors
total 2,720 3,141 388 40 189 95 78
small 217 290 64 5 45 2 32
malignant (rad) 722 789 – 14 54 28 14
small malignant (rad) 75 86 – 2 16 1 4
metastatic (rad) 70 91 – 0 9 8 0
benign 253 243 13 10 12 4 15
unknown malignancy 775 839 134 16 123 63 20
malignant (path) 970 1,270 235 – – – 29
small malignant (path) 56 110 42 – – – 24
primary malignant (path) 953 1,238 221 – – – 29

spleen tumors
total 14,050 13,223 474 494 357 691 95
small 5,050 4,688 157 169 135 113 53
malignant (rad) 2,136 2,083 – 69 104 91 20
small malignant (rad) 851 827 – 20 36 2 15
metastatic (rad) 1,841 1,829 – 43 97 90 15
benign 6,283 5,779 155 88 32 176 26
unknown malignancy 5,582 5,278 283 337 221 424 47
malignant (path) 49 83 34 – – – 2
small malignant (path) 12 23 11 – – – 0
primary malignant (path) 6 6 0 – – – 0

adrenal gland tumors
total 11,955 11,477 667 801 357 1,417 127
small 5,232 4,938 282 388 113 137 88
malignant (rad) 2,857 2,877 – 94 59 430 15
small malignant (rad) 977 983 – 16 19 6 11
metastatic (rad) 2,667 2,815 – 78 57 421 34
benign 3,387 3,142 166 73 55 343 51
unknown malignancy 5,430 5,018 363 634 243 644 37
malignant (path) 281 440 133 – – – 24
small malignant (path) 65 103 32 – – – 18
primary malignant (path) 74 74 0 – – – 0
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Appendix B Comparison of R-Super with Radiologist Performance1192

Reported in the Literature1193

Fig. B1: R-Super surpasses radiologist performances reported in the literature. As a complement to our reader
study, here we compare R-Super† to radiologist performances reported in previous studies [57–63]. We evaluate R-Super†

on all our 4 test datasets for malignant tumor detection (malignant vs no-tumor), matching the task the radiologists
performed in the previous studies [57–63]. The R-Super† model evaluated on Stanford Test was trained on UCSF Train,
and the R-Super† model evaluated on the other test sets was trained on R-Super Train. We trained with all available
reports and masks. Dataset details are in Tab. 1. We evaluate R-Super† at approximately 91% specificity, matching the
maximum reported radiologist specificity. The sensitivity of R-Super† surpassed radiologists on average and for 5 tumor
types (adrenal, bladder, esophagus, gallbladder, and prostate) across all datasets. Results for uterus and spleen were less
conclusive: R-Super† surpassed radiologists on some datasets but not others, likely reflecting di!erences in dataset di"culty
(e.g., tumor size distributions). Notably, this comparison of R-Super† and the literature is limited and just a complement
to the reader study in Sec. 2.4, since here the radiologists and R-Super† were evaluated on di!erent datasets, and in Sec.
2.4 they were evaluated on the same dataset. For bladder and gallbladder tumors the selected studies did not present
the radiologist specificity. Error bars represent 95% confidence intervals, calculated with bootstrapping (1,000 bootstrap
samples). We skipped evaluation on organs with less than 10 positive scans in the dataset (Medipol).

In this section, we demonstrate that R-Super can also surpass the radiologist performances in the literature.1194

The radiologists’ tumor detection sensitivity is not high for many tumor types studied here (Tab. D41), because1195

these tumor types are very di!cult to detect in CT scans. Accordingly, CT is not the primary diagnostic tool for1196

tumors in the bladder, esophagus, prostate, and uterus. However, more than 300 million CT scans are performed1197

yearly in the world, for diverse reasons. Inevitably, this large number of scans capture many early tumors, which1198

often remain undetected [5]. AI has the potential to help radiologists find possible tumor cases that would have1199

been missed. Then, such cases can be confirmed through specific, more accurate exams, which are usually not1200

used for routine screening (e.g., cystoscopy).1201

We found in the literature a set of studies [57–63] where radiologists analyzed a dataset of patients with1202

malignant tumors and normal patients (details in B.1). We extracted from these studies the sensitivity and1203

specificity reported for the radiologists. For the bladder and gallbladder, the studies did not report specificity.1204

Figure B1 compares the radiologist results in the literature to the performance of R-Super. Since the datasets1205

used in the selected studies are not available, the figure shows the performance of R-Super in all our test datasets:1206

UCSF as the internal test set, and Medipol, Stanford, and Basel as the external. We evaluate R-Super for1207

malignant tumor detection (malignant vs no-tumor), the same task performed by the radiologists in the selected1208

studies. We evaluate R-Super at 91% specificity, the highest radiologist specificity among the selected studies.1209

At matched or superior specificity, R-Super surpassed the radiologists’ sensitivities reported in the literature1210

on average and for 5 tumor types (adrenal, bladder, esophagus, gallbladder, and prostate) across all our test1211

datasets (Fig. B1). For uterus and spleen tumors, results were mixed: R-Super surpassed the reported radiologist1212

performance on some datasets but fell below it on others, likely reflecting di"erences in dataset di!culty such1213

as tumor size distributions. This comparison is less controlled and more limited than our reader study (Sec.1214

2.4), since here the radiologists and R-Super were evaluated on di"erent datasets, but in our reader study they1215

were evaluated on the same datasets. Nevertheless, these results further demonstrate that R-Super can surpass1216

radiologist performance, even when compared to independent results from the literature.1217

30



In our reader study, the radiologists achieved higher specificity than reported in the literature for all tumor1218

types except uterus (89% versus 91% in [62], but within their reported 95% CI of 72-97%). For all other tumor1219

types, specificity in the literature ranged from 74 to 91% (Fig. B1), while our radiologists achieved 96 to 99%1220

(Fig. 5). This di"erence likely reflects a prevalence expectation e"ect [64, 65]. Our radiologists searched for1221

tumors across multiple organs simultaneously (Supp. H), limiting the prevalence of any single tumor type in1222

our reader study dataset (Tab. 1). In contrast, most literature studies focused on a single tumor type, often1223

with high disease prevalence (e.g., 52% in [58], and 50% in [62]). Higher prevalence expectation is known to1224

reduce specificity and increase sensitivity, as radiologists can unconsciously lower their diagnostic threshold,1225

increasing false positives [64, 65]. In real-world clinical practice, cancer prevalences are often low, making reader1226

studies with lower prevalence arguably more realistic. In terms of sensitivity, our radiologists surpassed the1227

literature in detecting esophagus and gallbladder tumors, had a similar result in prostate tumors, and were below1228

the literature in spleen, adrenal, uterus, and bladder tumors. These di"erences may also be explained by the1229

prevalence expectation e"ect, which can increase sensitivity in studies that focus on a single tumor type and have1230

higher prevalence of that tumor. Additionally, di"erences may be due to di"erent tumor sizes in our dataset and1231

datasets used in the literature, as our dataset had a large proportion (47%) of small tumors, which are di!cult1232

to detect (Tab. A1).1233

B.1 Details of Selected Studies1234

A limitation of this section’s comparison between the literature and R-Super is that they were evaluated in1235

di"erent test sets, with di"erent patient populations, di"erent CT scanners, possibly di"erent proportions of the1236

types of malignant tumors, di"erent contrast protocols and di"erent hospitals. Addressing this limitation is a1237

key reason why we performed the reader study in Sec. 2.4.1238

Here, we provide a brief summary of each study.1239

Bladder tumors [57]. CT scans were selected for patients later diagnosed with bladder cancer (99 patients;1240

226 CTs). These scans were acquired up to 5 years before the pathologic diagnosis (pre-diagnostic). Radiologists1241

achieved 67% tumor detection sensitivity. The study did not report specificity. Since these CT scans are pre-1242

diagnostic, some may have a very small tumor, or truly no tumor, reducing the reported radiologist sensitivity.1243

Esophagus tumors [58]. Non-contrast CT scans come form 52 esophagus cancer patients and 48 normal1244

patients. Radiologists achieved 25–31% sensitivity at 74–78% specificity. Unlike this study, our test dataset used1245

contrast-enhanced CT (easier).1246

Gallbladder tumors [59]. This study, published in 1997, is a retrospective analysis. It covers gallbladder1247

carcinoma patients at the Howard University, for the previous 27 years. Radiologist performance for gallbladder1248

tumor detection in CT was reported as 40% sensitivity. Specificity is not reported.1249

Prostate tumors [60]. The study included 139 clinically significant prostate cancer CTs and 432 healthy1250

CTs. Radiologists achieved 44% sensitivity and 74% specificity in detecting these tumors.1251

Spleen tumors [61]. A 2024 meta-analysis synthesized spleen tumor detection performance across di"erent1252

imaging modalities. On CT, radiologists achieved 74% sensitivity and 89% specificity in detecting spleen tumors.1253

Uterus tumors [62]. In asymptomatic postmenopausal women on CT (22 cancers; 22 controls), the1254

endometrium thickness was measured by radiologists to detect endometrial cancer. An 8 mm thickness thresh-1255

old yielded 86% sensitivity and 91% specificity for detecting the tumors. This study considers only endometrial1256

cancers, but our test dataset may include other types of uterus malignant tumors.1257

Adrenal tumors [63]. The study considered 91 lung cancer patients. Of them, 53 had adrenal metastases1258

(autopsy-validated). Radiologists could detect these metastasis on CT with sensitivity of 20 to 41%, but high1259

specificity (84 to 99%).1260

Appendix C Supplementary Methods1261

C.1 Tumor Detection and Malignancy Identification1262

R-Super is a training framework for tumor segmentation. However, tumor detection and malignancy identification1263

are essential tasks. These are classification tasks that determine whether each organ has tumors or not, and1264

whether each organ has malignant tumors or not. Here, we perform this classification based on segmentation,1265

which enables better tumor detection performance and interpretability (as seen in Sec. 2.2 and [12]). Therefore,1266

we use classification heads to convert tumor segmentation outputs into classification outputs (Fig. C2).1267

The input of the classification heads is the output of the segmentation model. For each organ, the classifica-1268

tion head receives the 3 channels of segmentation logits: tumor segmentation, malignant tumor segmentation, and1269

benign tumor segmentation. Based on these channels the classification head outputs, for each organ, the proba-1270

bility of tumors, benign tumors, and malignant tumors. Because the classification head only needs to analyze the1271

tumor segmentations, not the CT scan itself, it can be lightweight. Specifically, it uses three 3D convolutional1272

blocks (each with a 3→ 3→ 3 convolution and down-sampling by 2→ 2→ 2), followed by 2 light transformer layers1273

for better use of contextual information, and a final fully-connected layer with sigmoid activation. The heads are1274
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Fig. C2: R-Super performs tumor detection and malignancy identification based on segmentation. This
approach substantially outperformed a standard classification model (without segmentation) in our experiments (Fig. 4).
Tumor detection and malignancy identification are essentially classification tasks. R-Super solves them by applying a light
classification head to the outputs of the segmentation model trained with the R-Super losses. The segmentation model has
3 channels per tumor type (tumor, benign, malignant). Therefore, the classification head outputs are a simple summary
of the segmentation outputs. The classification head is trained jointly with the segmentation model, using a standard
classification loss (cross-entropy) and labels extracted from reports.

trained with a standard classification loss (cross-entropy), using classification labels (per organ: tumor presen-1275

t/absent; malignant tumor present/absent; benign tumor present/absent) previously extracted from radiology1276

and pathology reports by the LLM.1277

C.2 R-Super-guided Mask Creation1278

CT-Report Training
R-Super learns tumor 

segmentation from 
CT-Report pairs alone

Mask Creation
R-Super creates 

tumor masks for the 
training dataset

Report Score
We compare masks 

to reports & find most 
inconsistent masks

Radiologists
in-the-loop

Radiologists correct 
inconsistent masks

R-Super Training
R-Super trains with all 
CT-Report & CT-Mask 

pairs available

Fig. C3: Our report-guided active learning enables radiologists to create tumor masks 3 to 5 times faster.

Instead of drawing masks from scratch, radiologists correct AI-generated masks and have access to the original radiology
reports—reducing annotation time from 16 to 3 minutes for small tumors, and from 52 to 18 minutes for large tumors.
The process prioritizes the most inaccurate masks, identified automatically using the Ball Loss, which increases when AI
predictions disagree with report details (tumor number, size, or rough location). Fine-tuning on these corrected masks
helps R-Super avoid previous errors. Standard active learning begins with radiologists creating masks from scratch, without
AI assistance—the cold-start problem. In contrast, our strategy starts with R-Super, already trained from CT–Report
pairs, providing AI assistance from the start. As radiologist-corrected masks are created, R-Super continuously improves
and consistently outperforms standard segmentation models (trained with masks, no reports), making it a more e!ective
assistant throughout the entire active learning process.

Drawing a single tumor mask in CT (tri-dimensional) can take a radiologist over 30 minutes, making large-1279

scale mask creation costly and slow [66, 67]. Our datasets include tumor masks created by 31 radiologists using1280

a new report-guided active learning strategy based on R-Super (dataset summary in Tab. 1).1281
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Figure C3 illustrates our active learning strategy. We first train R-Super on CT–Report pairs only. Then, we1282

iteratively create tumor masks through a loop: (I) R-Super generates AI-made tumor masks; (II) we identify those1283

the least consistent with reports; (III) radiologists correct them (the 200 most inconsistent masks); and (IV) we1284

re-train R-Super with the radiologist-corrected tumor masks plus the remaining CT-Report pairs. Consistency1285

between AI-made tumor masks and reports (step II) is quantified using the Ball Loss (Section 4.4), which1286

increases when the AI-made tumor mask disagrees with tumor descriptions in reports—in tumor number, size,1287

and rough location. Fine-tuning on corrected masks (plus all CT-Report pairs) provides per-voxel guidance for1288

di!cult cases, and teaches R-Super to avoid its past mistakes.1289

Unlike traditional active learning (where radiologists begin by creating masks without AI assistance) our1290

strategy starts with a strong segmentation model to assist radiologists, R-Super trained from CT–Report pairs1291

alone (no mask). This provides e"ective AI assistance from the start, accelerating early mask creation. As1292

more radiologist-corrected masks are added to the training dataset, R-Super continuously improves (Fig. 3).1293

Furthermore, R-Super surpasses standard segmentation models (trained with masks and no reports), whether1294

few or many masks are available (Sections 2.1, 2.2). Thus, R-Super provides better assistance throughout the1295

whole active learning process.1296

We measured annotation time on 20 randomly selected tumor scans covering all seven tumor types, from1297

the Stanford Test dataset. Each case was annotated twice by the same radiologist: once with R-Super assistance1298

and once without. To minimize human learning e"ects, cases were alternately assigned to the AI-assisted and1299

unassisted conditions in the first round, and the assignment was reversed in the second round. For scans containing1300

only small tumors (↑ 2 cm), annotation took an average of 3 minutes with R-Super assistance and 16 minutes1301

without assistance. For scans containing larger tumors (>2 cm), annotation took 18 minutes with R-Super1302

assistance and 52 minutes without assistance.1303

C.3 Volume Loss for Reports without Tumor Size or Count1304

When a report mentions that an organ has tumors, but it does not inform tumor diameters or the number1305

of tumors in the organ, we cannot calculate the standard Volume Loss. That is because tumor numbers and1306

diameters are needed to estimate the total tumor volume from the report (Vr,o). When this information is missing,1307

we resort to a prior-based, high-tolerance version of the Volume Loss. This loss version only constrains the AI to1308

segment tumors within a reasonable volume range, [Vmin,Vmax]. I.e., we do not penalize the AI when it segments1309

tumors with volumes within this range, but we penalize it when volumes are outside the range.1310

To define Vmin and Vmax, we analyzed the reports in our dataset (R-Super train): less than 3% of tumors1311

have diameters smaller than 5 mm, and less than 2% have diameters larger than 120 mm. Therefore, we set1312

Vmin = 65 and Vmax = 904, 779, the volumes of balls with 5 mm and 120 mm of diameter, respectively. The1313

high-tolerance Volume Loss is defined in Eq. C1. Lforg,o is zero and has zero gradient when the segmented tumor1314

volume (Vs,o) is in the range [Vmin,Vmax].1315

Lvol,o = Lforg,o

(
Vs,o, V̂r,o

)
+ Lbkg,o(T

o) (C1)1316

where V̂r,o =






Vmin if Vs,o < Vmin,

Vs,o if Vmin ↑ Vs,o ↑ Vmax,

Vmax if Vs,o > Vmax,

(C2)1317

C.4 Ball Loss for Reports without Tumor Size or Count1318

For reports missing tumor sizes, we use a prior-based version of the Ball Loss. As in the prior-based Volume1319

Loss, we assume that the tumor has at least 5 mm in diameter, because less than 3% of tumors reported in our1320

dataset have less than 5 mm. So, we first apply the Ball Convolution with a 5 mm ball kernel. This locates a1321

small tumor, which may be part of a larger tumor. As in the original Ball Loss, we maximize the probabilities1322

of the located tumor, using cross-entropy and Dice losses. However, in the original Ball Loss, after locating all1323

tumors mentioned in the report, we minimized the probabilities for all voxels not assigned to any of the located1324

tumors. Here, we do not do this. We only maximize probabilities in voxels assigned to the located tumor, and we1325

minimize probabilities outside the organ. Voxels inside the organ but not assigned to any located tumor are not1326

optimized at all. The reason is that we do not know the real tumor size. Thus, it is not possible to estimate how1327

many voxels inside the organ o are tumor voxels. We just enforce that, at least, a 5 mm tumor is segmented, but1328

we do not penalize the segmentation model if it segments a larger tumor. In case a report does not inform how1329

many tumors an organ has, we use the Ball Loss to localize and maximize probabilities for each tumor described1330

in the report. However, we again do not penalize the voxels inside the organ but not assigned to any tumor.1331

Thus, we do not penalize the model for segmenting more tumors.1332
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C.5 Details on the Ball Loss1333

Weighted cross-entropy compensating for uncertain tumor borders. To better account for uncertainty1334

in the tumor diameters in the reports, our cross-entropy function (CE in Eq. 19) gives higher weights (w(x, y, z))1335

to voxels where the AI predicts higher tumor probabilities, reducing the penalty on uncertain tumor borders1336

(Eq. C3). To assign these weights, we rank the voxels in generated tumor mask M by predicted tumor probability1337

in descending order, assigning rank r(x, y, z) ↓ {0, . . . , n ↔ 1}, where n is the number of tumor voxels in M1338

(|M|) and r = 0 marks the highest-probability voxel. The weight w(x, y, z) decays with the rank, as shown in1339

Eq. C4; c ↓ (0, 1) sets the decay sharpness (we set c = 0.5, where the most confident half of M carries half of1340

the loss weight). The normalization in Eq. C4 ensures
∑

(x,y,z)→M w(x, y, z) = n, preserving the overall scale of1341

the cross-entropy loss. Outside M, the weight is set to w = 1 (standard cross-entropy).1342

CE
(
(1↔M↑)↗To, M

)
= ↔

1

|!|

∑

(x,y,z)→!

w(x, y, z)
[
M log

(
(1↔M↑)To

)
+ (1↔M) log

(
1↔ (1↔M↑)To

)]
(C3)1343

w(x, y, z) =






n (1↔ c)r(x,y,z)/n
∑

n↓1
r→=0(1↔ c)r→/n

, if M(x, y, z) = 1

1, otherwise
(C4)1344

Improving tumor localization in the Ball convolution. To improve tumor localization, the Ball Convo-1345

lution kernel has slightly lower values near the ball border (small Gaussian decay). This improves the alignment1346

between the kernel center and the tumor center, where predicted tumor probabilities tend to be higher. However,1347

this decay is mild, so that the Ball Convolution output is close to the sum of tumor probabilities inside each ball1348

location. The Gaussian Ball Convolution kernel is shown in Eq. C5. In the equation, (u, v, w) are kernel coor-1349

dinates, with origin at the kernel center, and di is tumor i’s reported diameter. We set the Gaussian standard1350

deviation ωi to the ball radius multiplied by a constant ε, keeping the decay identical across tumor sizes. We1351

use ε = 3, so that the kernel falls only to about 0.95 of its center value at the boundary, ensuring a mild decay.1352

ki(u, v, w) =





e
↓

u
2+v

2+w
2

2ω2
i , if

↘
u2 + v2 + w2 ↑

d

2
0, otherwise

(C5)1353

where ωi = ε
di
2

(C6)1354

Appendix D Supplementary Results1355

D.1 R-Super Results: Summary Tables1356

In this section, we summarize the performance of R-Super trained with only CT-Report pairs and R-Super†1357

trained on CT-Report plus CT-Mask pairs. The tables in this section include aggregate results over all test sets,1358

for all tumor types. First, we evaluate tumor detection, malignant tumor detection, and malignancy identification,1359

using sensitivity, specificity, F1-Score and AUC. Next, we present tumor localization performance on the Stanford1360

external test set (which includes a large number of tumor segmentation masks, 602). Localization performance1361

is displayed in plots, which show both DSC and localization adjusted sensitivity, i.e., percentage of AI-made1362

tumor segmentation masks that overlap with radiologist-made tumor segmentation masks. Comparisons between1363

R-Super and public AI models are shown in Supp. D.6, comparisons to other training methods trained on our1364

dataset in Supp. D.7, and comparisons to radiologists in Supp. D.8.1365
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Table D2: Tumor detection: R-Super detects tumors across multiple organs. The results show tumor detection,
i.e., identifying scans that contain tumors (benign or malignant) in a given organ versus no tumor scans. We show results
for R-Super trained with CT-Report pairs only, and R-Super† trained with CT-Report plus CT-Mask pairs. The models
tested on UCSF (internal, USA), Basel (external, Switzerland), and Medipol (external, Turkey) were trained on the R-
Super train set (USA); models tested on Stanford (external, USA) were trained on UCSF train (USA). See train/test
dataset details in Tab. A1. Results are shown as average and 95% CI (bootstrap, 1,000 samples). We show the operating
point of best balanced accuracy.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 77 [72,81] 73 [64,80] 83 [79,86] 79 [74,83] 85 [81,88] 87 [80,93] 90 [87,92] 91 [88,94]
R-Super† 64 [59,69] 91 [85,96] 76 [73,80] 82 [78,86] 82 [79,86] 90 [85,95] 89 [86,91] 90 [88,93]

external evaluation: Stanford (USA)
R-Super 75 [69,81] 82 [73,88] 81 [76,85] 82 [77,87] 76 [62,88] 69 [61,78] 58 [46,69] 79 [70,87]
R-Super† 72 [66,79] 84 [77,90] 80 [75,84] 84 [79,88] 78 [65,91] 92 [87,96] 78 [67,87] 90 [83,95]

external evaluation: Medipol (Türkiye)
R-Super 90 [84,94] 65 [58,71] 77 [72,82] 84 [80,88] 77 [71,83] 89 [84,93] 82 [77,86] 89 [86,92]
R-Super† 61 [53,69] 94 [90,97] 72 [66,78] 87 [83,90] 83 [78,88] 80 [74,86] 82 [78,86] 89 [86,92]

external validation: Basel (Switzerland)
R-Super 71 [65,76] 92 [84,98] 82 [78,86] 89 [84,92] 85 [77,92] 89 [80,96] 89 [83,93] 90 [84,94]
R-Super† 84 [80,89] 92 [84,98] 91 [88,93] 92 [88,94] 90 [83,96] 87 [77,95] 91 [86,95] 92 [87,96]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 73 [67,78] 72 [63,79] 79 [74,82] 78 [73,82] 83 [78,87] 87 [80,93] 88 [85,91] 89 [86,92]
R-Super† 78 [73,83] 80 [73,87] 83 [80,87] 84 [80,88] 80 [75,84] 90 [85,95] 87 [84,90] 88 [84,91]

external evaluation: Stanford (USA)
R-Super 74 [69,80] 75 [67,83] 79 [75,84] 80 [75,85] 76 [71,80] 85 [78,91] 84 [81,87] 90 [87,93]
R-Super† 76 [70,81] 89 [83,94] 83 [79,87] 87 [83,91] 84 [80,87] 79 [71,86] 88 [85,90] 89 [84,92]

external evaluation: Medipol (Türkiye)
R-Super 60 [52,67] 68 [62,75] 62 [56,68] 68 [63,74] 88 [82,93] 76 [70,82] 80 [74,84] 88 [84,92]
R-Super† 67 [60,74] 84 [78,89] 73 [68,78] 77 [72,82] 95 [90,98] 68 [62,76] 80 [75,84] 90 [87,93]

external validation: Basel (Switzerland)
R-Super 70 [59,80] 53 [39,68] 69 [60,77] 64 [55,75] 64 [58,70] 100 [100,100] 78 [73,82] 83 [78,87]
R-Super† 55 [43,67] 98 [94,100] 71 [60,80] 84 [76,90] 81 [76,86] 98 [94,100] 89 [86,92] 90 [86,93]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 69 [63,76] 92 [87,97] 80 [74,84] 85 [80,90] 87 [85,90] 88 [81,93] 92 [90,94] 93 [90,95]
R-Super† 86 [81,90] 80 [71,87] 86 [82,90] 87 [82,91] 82 [79,85] 92 [87,97] 90 [88,91] 91 [89,93]

external evaluation: Stanford (USA)
R-Super 76 [68,84] 90 [84,95] 82 [75,87] 89 [84,92] 84 [81,87] 91 [86,96] 91 [89,92] 93 [90,95]
R-Super† 94 [89,98] 68 [60,76] 82 [77,88] 90 [86,93] 83 [80,85] 90 [84,95] 90 [88,91] 90 [88,93]

external evaluation: Medipol (Türkiye)
R-Super 80 [67,93] 97 [94,99] 81 [70,90] 93 [86,98] 88 [84,91] 91 [87,95] 92 [89,94] 94 [91,96]
R-Super† 89 [77,98] 97 [94,99] 86 [76,94] 96 [92,99] 82 [78,86] 92 [87,96] 88 [86,91] 90 [88,93]

external validation: Basel (Switzerland)
R-Super 82 [76,88] 89 [79,96] 89 [84,92] 88 [83,93] 72 [69,74] 85 [74,94] 83 [82,85] 83 [78,88]
R-Super† 87 [82,92] 77 [66,88] 90 [86,93] 86 [81,91] 77 [75,79] 92 [84,98] 87 [86,88] 87 [83,90]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 76 [72,80] 92 [87,97] 86 [83,88] 88 [85,91] 78 [77,80] 84 [81,87] 85 [84,86] 86 [84,88]
R-Super† 75 [71,79] 95 [90,98] 85 [82,88] 87 [84,90] 78 [76,80] 88 [86,90] 85 [84,86] 87 [86,88]

external evaluation: Stanford (USA)
R-Super 68 [64,72] 90 [85,95] 80 [77,83] 81 [77,84] 76 [73,78] 83 [81,86] 79 [77,81] 85 [83,86]
R-Super† 76 [73,80] 90 [83,95] 85 [83,88] 83 [80,86] 80 [78,83] 84 [82,87] 84 [82,86] 88 [86,89]

external evaluation: Medipol (Türkiye)
R-Super 62 [56,67] 89 [84,94] 74 [70,78] 81 [77,84] 78 [75,80] 82 [80,84] 78 [76,81] 85 [84,87]
R-Super† 69 [65,74] 82 [76,88] 78 [74,81] 80 [76,84] 78 [75,81] 85 [83,88] 80 [78,82] 87 [86,89]

external validation: Basel (Switzerland)
R-Super 67 [64,70] 85 [75,94] 80 [77,82] 82 [77,86] 73 [70,75] 85 [81,88] 81 [79,83] 83 [80,85]
R-Super† 77 [74,80] 81 [70,90] 86 [84,88] 82 [77,87] 79 [76,81] 90 [86,93] 86 [84,88] 88 [86,89]
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Table D3: Malignant tumor detection: R-Super detects malignant tumors across multiple organs. The results
show tumor detection stratified for malignant tumors (malignant vs no-tumor). We show results for R-Super trained with
CT-Report pairs, and R-Super† trained with CT-Report plus CT-Mask pairs. The models tested on UCSF (internal,
USA), Basel (external, Switzerland), and Medipol (external, Turkey) were trained on the R-Super train set (USA); models
tested on Stanford (external, USA) were trained on UCSF train (USA). Train/test dataset details in Tab. A1. Results are
shown as average and 95% CI (bootstrap, 1,000 samples). We show the operating point of best balanced accuracy. n/a:
we skipped organs with less than 10 positive scans in the dataset.

AI bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 77 [71,82] 78 [70,85] 81 [76,85] 82 [77,86] 88 [83,92] 87 [80,93] 90 [87,93] 92 [89,95]
R-Super† 75 [69,81] 91 [85,96] 84 [79,87] 87 [83,91] 86 [82,90] 90 [85,95] 90 [87,93] 94 [91,96]

external evaluation: Stanford (USA)
R-Super 82 [71,91] 83 [76,89] 76 [66,84] 84 [76,91] 73 [50,93] 89 [82,94] 56 [36,74] 83 [68,94]
R-Super† 84 [74,93] 97 [94,100] 88 [82,95] 94 [88,98] 93 [78,100] 96 [93,99] 85 [67,97] 98 [95,100]

external evaluation: Medipol (Türkiye)
R-Super 82 [70,94] 94 [90,97] 78 [67,87] 90 [83,96] 93 [85,98] 93 [88,96] 86 [78,92] 97 [93,99]
R-Super† 72 [57,86] 99 [98,100] 82 [71,91] 93 [87,97] 96 [90,100] 80 [74,86] 73 [65,81] 95 [92,98]

external validation: Basel (Switzerland)
R-Super 77 [68,86] 96 [90,100] 86 [80,92] 93 [88,97] 79 [61,92] 89 [80,96] 79 [64,88] 82 [69,92]
R-Super† 87 [79,94] 92 [84,98] 91 [85,95] 94 [89,97] 93 [82,100] 83 [72,92] 82 [71,92] 89 [79,97]

AI gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 90 [82,96] 93 [88,97] 90 [85,94] 95 [91,99] 80 [71,88] 96 [92,99] 86 [80,91] 91 [86,95]
R-Super† 91 [84,96] 96 [93,99] 93 [88,97] 98 [97,99] 81 [72,90] 94 [89,98] 86 [80,91] 92 [87,96]

external evaluation: Stanford (USA)
R-Super 76 [62,89] 96 [92,99] 80 [70,90] 92 [86,97] 81 [70,91] 93 [88,97] 83 [74,90] 95 [92,98]
R-Super† 93 [84,100] 96 [92,99] 90 [83,96] 96 [91,100] 88 [78,96] 86 [80,92] 81 [73,88] 92 [87,96]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external validation: Basel (Switzerland)
R-Super 65 [40,90] 76 [64,87] 54 [32,71] 69 [54,84] 93 [83,100] 98 [94,100] 95 [88,100] 95 [87,100]
R-Super† 94 [80,100] 87 [77,96] 80 [63,92] 95 [89,99] 100 [100,100] 98 [94,100] 98 [95,100] 100 [100,100]

AI prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 91 [85,96] 72 [63,80] 80 [73,86] 88 [82,93] 92 [87,96] 93 [88,97] 93 [90,96] 96 [94,98]
R-Super† 93 [88,98] 80 [71,87] 85 [79,90] 90 [85,94] 92 [88,96] 94 [89,98] 94 [90,96] 96 [94,99]

external evaluation: Stanford (USA)
R-Super 90 [76,100] 90 [84,95] 74 [60,86] 95 [89,99] 95 [90,99] 96 [92,99] 95 [91,98] 98 [95,100]
R-Super† 86 [68,100] 94 [89,98] 78 [64,90] 97 [93,100] 98 [95,100] 90 [84,95] 93 [89,97] 98 [95,99]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a 95 [89,100] 91 [87,95] 86 [78,92] 97 [95,99]
R-Super† n/a n/a n/a n/a 92 [84,98] 95 [91,98] 88 [82,94] 96 [92,99]

external validation: Basel (Switzerland)
R-Super 82 [67,96] 89 [79,96] 81 [67,90] 87 [77,95] 72 [68,76] 85 [74,94] 83 [80,86] 83 [78,88]
R-Super† 86 [72,97] 79 [68,89] 76 [62,86] 86 [74,94] 77 [73,81] 92 [84,98] 86 [84,89] 86 [82,90]

AI spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 91 [81,100] 92 [87,97] 84 [74,92] 95 [90,98] 87 [84,90] 87 [84,90] 86 [84,88] 91 [89,93]
R-Super† 85 [72,96] 96 [91,99] 85 [74,93] 93 [86,98] 86 [84,89] 92 [90,93] 88 [86,90] 93 [91,94]

external evaluation: Stanford (USA)
R-Super 90 [83,96] 90 [84,95] 87 [80,92] 92 [88,96] 84 [79,88] 91 [89,93] 79 [74,83] 91 [89,94]
R-Super† 96 [90,100] 95 [90,98] 94 [89,97] 96 [93,99] 91 [87,94] 93 [92,95] 87 [83,90] 96 [94,97]

external evaluation: Medipol (Türkiye)
R-Super 78 [69,85] 89 [84,94] 79 [73,85] 87 [82,92] 87 [82,91] 92 [89,94] 82 [77,86] 93 [90,95]
R-Super† 81 [73,88] 89 [85,94] 81 [75,87] 90 [86,94] 85 [80,89] 91 [89,93] 81 [77,85] 94 [91,95]

external validation: Basel (Switzerland)
R-Super 77 [67,86] 76 [63,86] 80 [73,86] 81 [74,88] 78 [73,83] 87 [83,90] 80 [75,83] 84 [81,87]
R-Super† 81 [73,89] 81 [70,90] 85 [78,90] 86 [79,92] 88 [85,91] 88 [84,91] 86 [81,89] 91 [88,93]
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Table D4: Small tumor detection. The results show tumor detection (benign + malignant vs no-tumor), stratified
to small tumors (→ 2 cm in diameter). We show results for R-Super trained with CT-Report pairs only, and R-Super†

trained with CT-Report plus CT-Mask pairs. The models tested on UCSF (internal, USA), Basel (external, Switzerland),
and Medipol (external, Turkey) were trained on the R-Super train set (USA); models tested on Stanford (external) were
trained on UCSF train. Train/test dataset details in Tab. A1. Results are shown as average and 95% CI (bootstrap, 1,000
samples). We show the operating point of best balanced accuracy. n/a: we skipped organs with less than 10 positive scans
in the dataset.

AI bladder small tumor esophagus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 57 [48,66] 73 [64,80] 61 [54,69] 67 [60,74] 88 [79,95] 87 [80,93] 83 [75,89] 93 [89,96]
R-Super† 50 [40,59] 91 [85,96] 62 [53,71] 74 [67,81] 89 [81,97] 90 [85,95] 86 [79,92] 91 [84,97]

external evaluation: Stanford (USA)
R-Super 73 [60,86] 82 [73,88] 65 [53,75] 81 [72,88] n/a n/a n/a n/a
R-Super† 80 [67,92] 84 [77,90] 72 [60,82] 84 [74,92] n/a n/a n/a n/a

external evaluation: Medipol (Türkiye)
R-Super 91 [82,98] 65 [58,71] 59 [49,67] 80 [74,85] 86 [75,96] 89 [84,93] 74 [63,84] 93 [89,97]
R-Super† 37 [24,50] 94 [90,97] 47 [33,60] 80 [73,85] 89 [78,98] 80 [74,86] 66 [56,75] 90 [84,95]

external validation: Basel (Switzerland)
R-Super 51 [36,68] 92 [84,98] 63 [49,77] 83 [74,91] n/a n/a n/a n/a
R-Super† 86 [75,97] 92 [84,98] 88 [79,94] 92 [84,98] n/a n/a n/a n/a

AI gallbladder small tumor uterus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 55 [43,67] 72 [63,79] 54 [43,64] 70 [62,77] 75 [63,86] 87 [80,93] 75 [65,83] 86 [79,92]
R-Super† 62 [49,73] 80 [73,87] 62 [52,72] 76 [68,84] 63 [52,75] 90 [85,95] 69 [59,79] 81 [73,88]

external evaluation: Stanford (USA)
R-Super 68 [54,82] 75 [67,83] 58 [45,68] 76 [66,85] 74 [61,87] 85 [78,91] 71 [59,80] 87 [80,93]
R-Super† 73 [58,86] 89 [83,94] 71 [59,82] 88 [82,94] 74 [63,86] 79 [71,86] 66 [55,76] 84 [78,90]

external evaluation: Medipol (Türkiye)
R-Super 56 [45,67] 68 [62,75] 49 [39,57] 68 [61,76] 100 [100,100] 76 [70,82] 36 [20,50] 83 [76,88]
R-Super† 75 [65,84] 84 [78,89] 70 [62,78] 80 [73,87] 83 [57,100] 68 [62,76] 26 [12,38] 80 [72,88]

external validation: Basel (Switzerland)
R-Super n/a n/a n/a n/a 42 [14,71] 100 [100,100] 59 [25,83] 78 [54,97]
R-Super† n/a n/a n/a n/a 67 [40,100] 98 [94,100] 76 [53,95] 90 [75,100]

AI prostate small tumor adrenal small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 42 [24,59] 92 [87,97] 49 [30,64] 72 [59,82] 88 [84,92] 88 [81,93] 91 [88,93] 93 [90,96]
R-Super† 77 [60,91] 80 [71,87] 62 [47,74] 81 [71,89] 81 [76,86] 92 [87,97] 88 [85,91] 90 [86,93]

external evaluation: Stanford (USA)
R-Super n/a n/a n/a n/a 87 [83,90] 91 [86,96] 92 [89,94] 94 [92,96]
R-Super† n/a n/a n/a n/a 84 [80,87] 90 [84,95] 90 [87,92] 92 [89,94]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a 94 [89,98] 91 [87,95] 90 [86,94] 96 [93,98]
R-Super† n/a n/a n/a n/a 87 [80,92] 92 [87,96] 87 [82,91] 91 [87,95]

external validation: Basel (Switzerland)
R-Super 69 [42,94] 89 [79,96] 64 [40,83] 82 [66,95] 65 [57,74] 85 [74,94] 76 [70,82] 79 [73,85]
R-Super† 85 [62,100] 77 [66,88] 61 [40,77] 84 [68,96] 70 [62,78] 92 [84,98] 81 [75,86] 84 [78,90]

AI spleen small tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 77 [70,83] 92 [87,97] 84 [79,89] 86 [80,90] 69 [65,73] 84 [81,87] 71 [67,75] 81 [78,84]
R-Super† 75 [68,82] 95 [90,98] 84 [79,88] 86 [81,91] 71 [67,74] 88 [86,90] 73 [70,76] 83 [80,85]

external evaluation: Stanford (USA)
R-Super 70 [63,77] 90 [85,95] 80 [74,84] 83 [79,88] 75 [70,80] 85 [82,87] 73 [68,77] 84 [81,87]
R-Super† 72 [65,79] 90 [83,95] 80 [76,85] 84 [79,88] 77 [72,82] 86 [83,89] 76 [72,80] 86 [84,89]

external evaluation: Medipol (Türkiye)
R-Super 71 [63,78] 89 [84,94] 77 [70,82] 85 [81,89] 83 [80,86] 80 [77,82] 64 [60,68] 84 [82,86]
R-Super† 73 [66,81] 82 [76,88] 74 [68,80] 81 [76,86] 74 [69,79] 83 [80,86] 62 [57,66] 84 [81,86]

external validation: Basel (Switzerland)
R-Super 60 [50,68] 85 [75,94] 71 [64,78] 75 [67,82] 58 [48,66] 90 [86,94] 67 [57,74] 79 [73,85]
R-Super† 62 [54,71] 81 [70,90] 73 [65,79] 76 [68,84] 74 [67,82] 88 [84,92] 76 [69,82] 85 [80,89]
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Table D5: Small malignant tumor detection. The results show tumor detection stratified for small malignant tumors
(malignant vs no-tumor). We show results for R-Super trained with CT-Report pairs, and R-Super trained with CT-Report
plus CT-Mask pairs (R-Super†). The models tested on UCSF (internal, USA), Basel (external, Switzerland), and Medipol
(external, Turkey) were trained on the R-Super train set (USA); models tested on Stanford (external, USA) were trained
on UCSF train (USA). See train/test dataset details in Tab. A1. Results are shown as average and 95% CI (bootstrap,
1,000 samples). We show the operating point of best balanced accuracy. n/a: we skipped organs with less than 10 positive
scans in the dataset.

AI bladder small malignant tumor esophagus small malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 58 [46,71] 78 [70,85] 57 [46,67] 70 [60,78] 95 [88,100] 87 [80,93] 82 [73,90] 96 [93,99]
R-Super† 69 [57,80] 91 [85,96] 74 [63,82] 82 [73,90] 100 [100,100] 90 [85,95] 88 [81,94] 99 [98,100]

external evaluation: Stanford (USA)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a 88 [70,100] 93 [88,96] 65 [46,81] 96 [87,100]
R-Super† n/a n/a n/a n/a 88 [68,100] 80 [74,86] 42 [28,56] 93 [85,99]

external validation: Basel (Switzerland)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

AI gallbladder small malignant tumor uterus small malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external evaluation: Stanford (USA)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external validation: Basel (Switzerland)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

AI prostate small malignant tumor adrenal small malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 80 [58,100] 72 [63,80] 41 [23,56] 81 [65,93] 81 [68,94] 93 [88,97] 79 [66,88] 91 [83,98]
R-Super† 87 [67,100] 80 [71,87] 51 [33,67] 86 [74,96] 81 [67,94] 94 [89,98] 80 [68,90] 89 [79,97]

external evaluation: Stanford (USA)
R-Super n/a n/a n/a n/a 88 [69,100] 96 [92,99] 80 [62,93] 93 [81,100]
R-Super† n/a n/a n/a n/a 94 [80,100] 90 [84,95] 70 [53,84] 93 [80,100]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a 90 [73,100] 91 [87,95] 65 [49,79] 96 [90,99]
R-Super† n/a n/a n/a n/a 90 [73,100] 95 [91,98] 76 [60,88] 93 [84,99]

external validation: Basel (Switzerland)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

AI spleen small malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 82 [56,100] 92 [87,97] 62 [36,80] 94 [84,100] 79 [71,87] 84 [80,88] 64 [56,71] 86 [82,90]
R-Super† 91 [71,100] 96 [91,99] 77 [56,92] 94 [82,100] 86 [79,91] 90 [88,92] 74 [67,80] 90 [86,93]

external evaluation: Stanford (USA)
R-Super 90 [76,100] 90 [84,95] 72 [57,85] 92 [82,98] 89 [77,98] 92 [89,96] 76 [65,85] 92 [84,98]
R-Super† 90 [76,100] 95 [90,98] 82 [67,92] 92 [81,100] 92 [82,100] 92 [89,95] 76 [65,85] 92 [84,99]

external evaluation: Medipol (Türkiye)
R-Super 72 [56,86] 89 [84,94] 64 [51,76] 84 [75,92] 83 [74,91] 91 [88,94] 65 [55,73] 92 [87,95]
R-Super† 75 [60,88] 89 [85,94] 66 [53,77] 88 [80,94] 84 [75,92] 88 [85,91] 61 [53,69] 91 [86,95]

external validation: Basel (Switzerland)
R-Super n/a n/a n/a n/a 32 [17,63] 87 [83,90] 15 [7,24] 55 [49,85]
R-Super† n/a n/a n/a n/a 58 [30,82] 88 [84,91] 18 [9,28] 77 [64,92]
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Table D6: Malignancy identification: R-Super di!erentiates between benign and malignant tumors. The
results shows malignancy identification, i.e., identifying malignant tumors versus benign tumors plus no-tumor cases. We
show results for R-Super trained with CT-Report pairs, and R-Super trained with CT-Report plus CT-Mask pairs (R-
Super†). The models tested on UCSF (internal, USA), Basel (external, Switzerland), and Medipol (external, Turkey) were
trained on the R-Super train set (USA); models tested on Stanford (external, USA) were trained on UCSF train (USA).
See train/test dataset details in Tab. A1. Results are shown as average and 95% CI (bootstrap, 1,000 samples). We show
the operating point of best balanced accuracy. n/a: we skipped organs with less than 10 positive scans in the dataset.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 74 [68,80] 86 [80,91] 81 [76,85] 84 [80,88] 77 [72,82] 88 [82,94] 84 [80,88] 87 [83,91]
R-Super† 78 [71,83] 88 [82,93] 83 [78,87] 87 [82,90] 86 [82,90] 89 [83,94] 90 [87,93] 93 [91,95]

external evaluation: Stanford (USA)
R-Super 78 [66,88] 83 [76,88] 70 [59,79] 80 [72,88] 73 [50,93] 86 [80,92] 51 [32,69] 81 [67,93]
R-Super† 84 [74,93] 92 [87,96] 81 [73,89] 92 [87,97] 93 [78,100] 93 [88,97] 74 [53,88] 95 [88,99]

external evaluation: Medipol (Türkiye)
R-Super 85 [72,96] 91 [87,95] 72 [61,83] 92 [86,97] 82 [70,91] 92 [87,95] 77 [67,85] 88 [81,94]
R-Super† 72 [57,86] 98 [95,100] 78 [67,88] 91 [85,97] 82 [70,91] 92 [87,95] 77 [68,86] 94 [90,97]

external validation: Basel (Switzerland)
R-Super 83 [75,91] 86 [77,94] 86 [80,92] 88 [82,94] 64 [46,82] 91 [84,98] 71 [53,83] 78 [66,89]
R-Super† 86 [77,94] 85 [75,94] 87 [80,92] 91 [85,95] 86 [70,97] 82 [72,92] 77 [63,88] 87 [76,94]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 85 [77,93] 82 [77,88] 77 [70,83] 88 [83,93] 80 [71,88] 79 [74,85] 70 [62,78] 83 [77,88]
R-Super† 91 [84,96] 89 [84,93] 85 [78,90] 95 [93,98] 80 [71,89] 75 [69,82] 68 [60,76] 82 [76,88]

external evaluation: Stanford (USA)
R-Super 76 [62,89] 87 [82,92] 65 [52,76] 87 [81,92] 72 [60,84] 86 [81,90] 59 [48,68] 86 [80,91]
R-Super† 83 [71,93] 85 [80,90] 66 [54,76] 90 [83,95] 63 [50,74] 75 [70,80] 43 [34,52] 73 [66,80]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a n/a n/a

external validation: Basel (Switzerland)
R-Super 71 [47,92] 69 [58,80] 49 [29,64] 66 [47,85] 60 [41,77] 93 [90,97] 60 [44,73] 83 [75,90]
R-Super† 94 [80,100] 89 [81,96] 80 [65,92] 95 [88,100] 93 [82,100] 51 [44,58] 38 [27,48] 75 [67,83]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 53 [42,64] 82 [76,88] 59 [49,68] 78 [72,84] 87 [81,93] 74 [68,80] 77 [71,82] 86 [82,90]
R-Super† 90 [83,96] 72 [64,80] 78 [71,84] 86 [81,91] 92 [87,96] 63 [57,70] 74 [69,79] 80 [76,85]

external evaluation: Stanford (USA)
R-Super 67 [46,87] 99 [96,100] 76 [58,89] 92 [85,97] 93 [87,98] 70 [63,76] 73 [67,79] 88 [84,91]
R-Super† 81 [61,96] 90 [85,94] 64 [47,77] 94 [88,99] 78 [69,86] 86 [81,91] 76 [68,82] 89 [85,92]

external evaluation: Medipol (Türkiye)
R-Super n/a n/a n/a n/a 90 [82,97] 74 [68,80] 62 [53,70] 86 [80,91]
R-Super† n/a n/a n/a n/a 88 [80,96] 73 [67,78] 60 [50,68] 81 [76,86]

external validation: Basel (Switzerland)
R-Super 43 [24,62] 98 [94,100] 58 [36,74] 77 [64,88] 60 [55,64] 71 [66,75] 64 [60,68] 68 [64,71]
R-Super† 71 [52,86] 91 [82,98] 76 [60,86] 83 [71,93] 34 [30,38] 89 [86,92] 47 [42,52] 61 [57,65]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

internal evaluation: UCSF (USA)
R-Super 79 [64,92] 75 [68,82] 54 [41,65] 80 [72,88] 76 [73,80] 81 [78,84] 72 [68,74] 84 [81,86]
R-Super† 85 [72,96] 77 [70,84] 58 [45,69] 84 [75,90] 86 [83,89] 79 [76,81] 76 [74,79] 87 [85,89]

external evaluation: Stanford (USA)
R-Super 83 [73,91] 72 [66,79] 63 [54,70] 82 [76,88] 77 [72,82] 83 [81,85] 65 [60,69] 85 [82,88]
R-Super† 90 [82,97] 73 [67,79] 67 [59,74] 87 [83,92] 82 [77,86] 85 [82,87] 67 [62,71] 89 [86,91]

external evaluation: Medipol (Türkiye)
R-Super 86 [79,92] 74 [68,80] 72 [65,78] 85 [80,89] 85 [80,90] 83 [80,85] 71 [66,75] 88 [85,90]
R-Super† 88 [80,93] 73 [67,79] 72 [65,78] 88 [83,91] 82 [77,87] 84 [81,86] 72 [67,76] 88 [86,91]

external validation: Basel (Switzerland)
R-Super 68 [58,78] 64 [57,70] 53 [45,61] 68 [62,75] 64 [58,70] 82 [79,84] 63 [58,68] 76 [71,79]
R-Super† 66 [56,76] 69 [63,75] 55 [46,62] 70 [63,76] 76 [71,80] 80 [76,82] 66 [61,69] 80 [77,83]
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D.2 Segmentation DSC and Inter-Reader Agreement1366

Table D7: Inter-reader agreement is relatively low for the 7 tumor types we study, reflecting the di"culty

of detecting and segmenting them. Here, average inter-reader DSC was 56%, lower than values observed in some
public datasets, such as the 86% inter-reader DSC observed for pancreatic tumors in PanTS [18]. This is expected since CT
is often not the primary detection modality for these tumor types, unlike for pancreatic tumors. To quantify inter-reader
variability, two radiologists from the same hospital, both with two years of experience, independently segmented tumors
in 70 test CT scans (10 per tumor type), and we compared their masks using DSC, NSD, and HD95. Dataset size (small,
large): adrenal (5, 5); bladder (5, 5); esophagus (3, 7); gallbladder (5, 5); prostate (5, 5); spleen (3, 7); uterus (2, 8).

metric adrenal bladder esophagus gallbladder prostate spleen uterus average
tumor tumor tumor tumor tumor tumor tumor

small lesions

DSC 50 43 46 44 47 55 52 48
NSD 55 40 40 45 48 57 50 48
HD95 15 mm 20 mm 22 mm 17 mm 15 mm 12 mm 13 mm 16 mm
large lesions

DSC 66 53 52 59 60 70 64 61
NSD 69 56 51 57 60 75 65 62
HD95 9 mm 16 mm 19 mm 14 mm 12 mm 7 mm 10 mm 12 mm
all lesions

DSC 58 48 50 52 53 66 62 56
NSD 62 48 48 51 54 70 62 56
HD95 12 mm 18 mm 20 mm 16 mm 14 mm 8 mm 11 mm 14 mm

The Dice score (DSC) assesses the overlap between tumor masks produced by a segmentation model and1367

ground-truth tumor masks drawn by radiologists. The normalized surface distance (NSD) measures how well1368

the segmented tumor border matches the tumor border in the radiologist-drawn mask. Tab. D8 reports both1369

metrics for R-Super and all other segmentation models in this study, evaluated externally on the Stanford Test1370

set, for which our radiologists created 602 masks. The table includes models trained on our UCSF train dataset1371

(Tab. 1), as well as public segmentation models trained on ULS and FLARE.1372

R-Super†, trained on 116,514 reports and 870 masks, substantially and significantly (p<0.05) surpassed a1373

segmentation model trained on the 870 masks alone, by +14% DSC (Tab. D8). R-Super† also surpassed every1374

alternative training method trained on our dataset (CLIP, MTL, ModelsGenesis, nnU-Net) by at least +14%1375

DSC, and surpassed the public tumor segmentation models by even larger margins, of at least +31% DSC1376

(Tab. D8).1377

Furthermore, all baseline models trained on our datasets surpassed the public tumor segmentation models.1378

This gap likely reflects the composition of public abdominal CT datasets, which are dominated by liver, kidney,1379

and pancreas tumors and leave the tumor types we study strongly underrepresented. Our public data release fills1380

this gap in the public domain, and R-Super is a highly e"ective framework for learning segmentation from such1381

large-scale data.1382

Is DSC low? Inter-reader agreement provides a useful reference point for interpreting DSC. We asked two1383

radiologists from the same hospital, both with 2 years of experience, to independently annotate the same 701384

CT scans from our test dataset (randomly selected, 10 per tumor type). We then computed the inter-reader1385

DSC and NSD between the two sets of radiologist-drawn masks (Tab. D7). The average inter-reader DSC was1386

56%, below the inter-reader DSC reported for other tumor types, such as pancreatic tumors in PanTS (86%)1387

[18]. This is consistent with the nature of the tumor types studied here: they are known to be di!cult to see1388

and outline on CT, which is not the primary detection modality for several of these tumor types (e.g., bladder,1389

prostate, and esophagus tumors). Even so, CT remains a critical modality for incidental tumor detection: over1390

300 million CT scans are performed worldwide each year for many clinical indications, inevitably capturing all1391

types of tumor; AI could help radiologists flag these tumors, prompting timely confirmation with specialized1392

exams such as endoscopy or MRI.1393

Importantly, in scans where R-Super† detected the tumor, its segmentation output overlapped the radiologist-1394

drawn mask 86% of the time. This was measured on the radiologist-drawn masks from Stanford test (external).1395

The FROC curves in Fig. 3b further confirm that the model is detecting and localizing the real tumors, even1396

when contours are imperfect. The relatively low DSC therefore mainly reflects the lower inter-reader agreement1397

and possible contouring inaccuracies, not critical failures of tumor detection or localization. Although contouring1398

is important, tumor detection is the main goal of this study. Here, we demonstrate that detection through1399

report-based segmentation is interpretable and accurate, as R-Super strongly surpassed a classification model1400

and VLMs in tumor detection (Fig.2).1401
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Table D8: R-Super surpasses public segmentation models and alternative training methods in segmentation

DSC, in external validation. R-Super† trained with reports and masks significantly (p<0.05) surpassed the mask-based
segmentation model by +14% DSC on average. The DSC values in the table are below 50%. This is expected, since even the
DSC between two radiologists reached only 56% on average (Tab. D7), given the high di"culty of detecting and segmenting
these tumor types in CT. Importantly, R-Super† produced tumor masks that overlapped with the radiologist-drawn mask
on 86% of the test cases where the tumor was detected, indicating that R-Super† is detecting and localizing real tumors,
even when contours and DSC are imperfect. Models were externally tested on Stanford Test for tumor segmentation. The
models we trained were trained on the UCSF train (Tab. 1). The test set include the following radiologist-drawn tumor
masks: bladder (95), gallbladder (76), esophagus (51), uterus (91), prostate (68), spleen (101), and adrenal glands (120).
The NSD (normalized surface distance) tolerance is 3 mm. Blue indicates statistical significance (p < 0.05), comparing
the best-performing model with the second-best model for each metric. We used paired permutation tests (two-sided,
10,000 permutations). Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000
bootstrap samples.

AI bladder tumor esophagus tumor

DSC NSD DSC NSD

Public AI Models
ULS 8 [5,12] 11 [8,15] 0 [0,0] 0 [0,1]
FLARE 23 Top1 0 [0,0] 0 [0,0] 0 [0,0] 0 [0,0]
FLARE 23 Top2 0 [0,0] 0 [0,0] 0 [0,1] 1 [0,2]
FLARE 24 Top1 1 [0,2] 1 [0,2] 0 [0,0] 0 [0,1]
FLARE 25 Baseline 2 [0,3] 2 [1,3] 0 [0,0] 0 [0,0]

AI Models Trained on UCSF
CLIP 19 [15,24] 19 [14,24] 21 [14,27] 23 [16,29]
MTL 25 [20,30] 27 [21,32] 21 [15,28] 22 [16,27]
ModelsGenesis 20 [15,26] 19 [15,24] 25 [19,33] 28 [21,35]
segmentation 19 [14,24] 19 [14,24] 28 [21,35] 31 [25,38]
nnUNet 9 [5,13] 8 [4,12] 10 [4,18] 9 [3,16]

R-Super 8 [6,11] 8 [6,11] 6 [3,10] 8 [5,11]
R-Super† 34 [28,40] 34 [28,40] 23 [18,28] 25 [20,31]

AI gallbladder tumor uterus tumor

DSC NSD DSC NSD

Public AI Models
ULS 2 [1,5] 2 [1,4] 8 [5,12] 6 [3,9]
FLARE 23 Top1 7 [3,11] 6 [3,9] 2 [0,5] 2 [1,4]
FLARE 23 Top2 13 [7,19] 13 [8,19] 0 [0,0] 0 [0,0]
FLARE 24 Top1 9 [5,14] 7 [3,11] 9 [5,13] 5 [3,7]
FLARE 25 Baseline 6 [3,10] 5 [2,8] 16 [10,21] 10 [7,14]

AI Models Trained on UCSF
CLIP 15 [11,19] 23 [17,29] 28 [22,35] 22 [17,26]
MTL 11 [7,15] 16 [11,21] 40 [33,47] 32 [27,38]
ModelsGenesis 15 [11,20] 21 [16,27] 29 [23,35] 23 [19,27]
segmentation 20 [15,25] 26 [20,33] 28 [22,35] 22 [18,27]
nnUNet 0 [0,0] 0 [0,0] 21 [15,29] 19 [13,25]

R-Super 19 [14,24] 20 [15,24] 21 [17,26] 17 [14,19]
R-Super† 41 [36,47] 44 [37,50] 42 [37,49] 32 [27,37]

AI prostate tumor adrenal tumor

DSC NSD DSC NSD

Public AI Models
ULS 26 [17,36] 17 [10,25] 0 [0,0] 0 [0,0]
FLARE 23 Top1 1 [0,2] 0 [0,1] 5 [2,8] 7 [3,10]
FLARE 23 Top2 0 [0,0] 0 [0,0] 7 [4,11] 10 [6,14]
FLARE 24 Top1 3 [0,7] 1 [0,3] 8 [4,12] 10 [5,15]
FLARE 25 Baseline 12 [5,19] 6 [3,10] 5 [2,8] 6 [3,10]

AI Models Trained on UCSF
CLIP 15 [12,18] 9 [6,13] 22 [16,27] 29 [22,35]
MTL 12 [9,15] 9 [5,13] 32 [26,38] 44 [37,51]
ModelsGenesis 12 [8,16] 8 [4,12] 24 [19,29] 32 [26,38]
segmentation 17 [13,21] 12 [8,16] 33 [27,39] 43 [37,50]
nnUNet 8 [5,12] 6 [2,12] 24 [19,30] 30 [23,38]

R-Super 29 [22,36] 23 [17,29] 30 [27,34] 41 [37,45]
R-Super† 41 [33,48] 30 [24,37] 45 [40,50] 59 [54,64]

AI spleen tumor Average

DSC NSD DSC NSD

Public AI Models
ULS 3 [0,6] 3 [1,5] 7 [5,9] 6 [4,7]
FLARE 23 Top1 6 [3,10] 9 [5,14] 3 [2,4] 3 [2,4]
FLARE 23 Top2 13 [8,17] 16 [10,22] 5 [4,6] 6 [4,7]
FLARE 24 Top1 9 [4,13] 10 [5,14] 6 [4,7] 5 [4,6]
FLARE 25 Baseline 9 [4,14] 10 [5,15] 7 [6,9] 6 [4,7]

AI Models Trained on UCSF
CLIP 24 [18,30] 29 [23,36] 21 [19,22] 22 [20,24]
MTL 28 [22,35] 34 [27,42] 24 [22,26] 26 [24,28]
ModelsGenesis 25 [19,31] 30 [23,36] 21 [19,23] 23 [21,25]
segmentation 28 [22,34] 31 [25,37] 24 [22,27] 26 [24,29]
nnUNet 18 [12,24] 20 [13,27] 13 [11,15] 13 [11,15]

R-Super 17 [13,21] 20 [16,24] 19 [17,21] 20 [18,21]
R-Super† 39 [34,45] 47 [40,53] 38 [36,40] 39 [36,41]

41



D.3 Scaling Performance1402

Fig. D4: Training with many reports surpasses training with fewer masks in tumor detection, and CT-

Report plus CT-Mask training consistently surpasses mask-only training. The vertical axes show AUC for tumor
detection stratified for malignant tumors. The horizontal axes indicate the number of training masks. On average across
all tumor types, R-Super trained on reports alone (116,514 reports, no masks) substantially surpassed a segmentation
model trained on 175 and 350 masks (no reports), and was slightly above the model trained on 870 masks; when trained
on reports and masks, R-Super† significantly surpassed the segmentation model at all mask counts. R-Super (orange) was
trained on reports only (leftmost point) or reports plus masks (other points); the segmentation model (blue) was trained
on masks only. Both models were trained on the UCSF train set and tested on the whole Stanford test set. Error bars
represent 95% confidence intervals, calculated with bootstrapping (1,000 bootstrap samples).
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Fig. D5: Training with many reports surpasses training with fewer masks in tumor localization, and CT-

Report plus CT-Mask training consistently surpasses mask-only training. Trained on reports alone (116,514
reports, no masks), R-Super surpassed a segmentation model trained on 175 masks and matched one trained on 350 masks
in average localization adjusted sensitivity (i.e., the percentage of images where AI-made tumor segmentation masks
overlap with radiologist-made tumor segmentation masks, at 80% specificity). Trained on reports and masks, R-Super†

significantly surpassed the segmentation model at all mask counts. The vertical axis shows localization adjusted sensitivity
for all tumors (malignant and benign); the horizontal axis indicates number of training masks. R-Super (orange) was
trained on reports only (leftmost point) or reports plus masks; the segmentation model (blue) was trained on masks only.
Models were trained on UCSF train and externally validated on the Stanford test set (test cases with masks, N=602).
Error bars represent 95% confidence intervals, calculated with bootstrapping (1,000 bootstrap samples).
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Fig. D6: Training with many reports surpasses training with fewer masks in DSC, and CT-Report plus

CT-Mask training consistently surpasses mask-only training. The DSC values are below 50%. This is expected,
since even the DSC between two radiologists reached only 56% on average (Tab. D7), given the high di"culty of detecting
and segmenting these tumor types in CT. Trained on reports alone (116,514 reports, no masks), R-Super surpassed a
segmentation model trained on 175 masks and matched one trained on 350 masks in average DSC. Trained on reports and
masks, R-Super† significantly surpassed the segmentation model at all mask counts. The vertical axis shows DSC for tumor
segmentation (malignant and benign), averaged across tumor types; the horizontal axis indicates the number of training
masks. R-Super (orange) was trained on reports only (leftmost point) or reports plus masks; the segmentation model
(blue) was trained on masks only. Models were trained on the UCSF train set and externally validated on the Stanford
test set (test cases with masks, N=602). Error bars represent 95% confidence intervals, calculated with bootstrapping
(1,000 bootstrap samples).
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Table D9: Scaling the number of training masks improves R-Super performance. We trained multiple R-Super†

models using all reports in UCSF train (117K) plus di!erent numbers of masks. We compared to a segmentation model
trained only with these masks (no report). Consistently, training with masks and reports (R-Super†) surpassed training
on masks only. All models were externally evaluated on Stanford test for malignant tumor detection (malignant vs no-
tumor), dataset details are in Tab. 1 and Tab. A1. All models were evaluated at 80% specificity.

training masks bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super
0 82 [71,91] 74 [64,82] 84 [76,91] 73 [50,93] 46 [28,63] 83 [68,94]
175 82 [70,91] 74 [64,82] 87 [79,93] 67 [40,90] 43 [23,60] 78 [60,93]
350 74 [62,86] 70 [59,78] 86 [80,92] 93 [79,100] 55 [36,70] 95 [90,99]
870 93 [85,98] 80 [72,87] 94 [88,98] 100 [100,100] 58 [39,71] 98 [95,100]

classification 14 [6,23] 19 [8,29] 47 [38,56] 33 [10,60] 25 [7,41] 70 [56,84]
segmentation
175 76 [64,87] 71 [60,80] 81 [73,88] 87 [67,100] 63 [43,78] 90 [79,98]
350 66 [52,77] 64 [52,74] 78 [71,86] 73 [50,95] 46 [27,63] 82 [67,95]
870 87 [78,95] 77 [69,85] 88 [82,94] 100 [100,100] 59 [40,74] 97 [94,99]

training masks gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super
0 83 [70,94] 70 [59,80] 92 [86,97] 88 [77,96] 78 [69,85] 95 [92,98]
175 90 [80,98] 74 [64,83] 93 [88,97] 93 [86,98] 80 [73,88] 95 [92,98]
350 85 [74,95] 71 [61,80] 91 [85,96] 77 [66,88] 72 [62,80] 90 [86,94]
870 98 [92,100] 78 [68,86] 96 [91,100] 90 [81,97] 78 [69,86] 92 [87,96]

classification 27 [14,41] 31 [17,44] 58 [46,68] 42 [28,55] 47 [33,58] 71 [62,79]
segmentation
175 32 [18,46] 46 [28,61] 65 [58,72] 68 [57,80] 66 [56,75] 79 [71,86]
350 66 [49,80] 74 [60,84] 82 [73,89] 65 [52,77] 64 [53,74] 81 [74,88]
870 85 [72,96] 83 [74,90] 92 [85,97] 58 [44,70] 60 [48,70] 82 [75,88]

training masks prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super
0 90 [76,100] 67 [51,79] 95 [89,99] 98 [94,100] 88 [84,93] 98 [95,100]
175 90 [76,100] 61 [44,74] 96 [90,100] 98 [95,100] 88 [84,93] 98 [96,100]
350 95 [85,100] 64 [48,76] 97 [94,100] 97 [93,100] 88 [83,92] 97 [94,99]
870 95 [84,100] 64 [48,75] 97 [93,100] 98 [95,100] 89 [84,94] 98 [95,99]

classification 67 [46,86] 49 [32,64] 79 [68,88] 22 [14,31] 31 [21,40] 55 [47,62]
segmentation
175 48 [27,68] 38 [21,53] 69 [57,80] 90 [84,96] 93 [89,96] 95 [91,98]
350 71 [50,90] 52 [35,66] 87 [79,93] 95 [90,99] 94 [90,98] 97 [94,99]
870 86 [70,100] 60 [44,74] 88 [78,97] 92 [86,97] 93 [89,96] 96 [93,98]

training masks spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

R-Super
0 90 [83,96] 82 [74,88] 92 [88,96] 86 [82,91] 72 [67,77] 91 [89,94]
175 97 [93,100] 85 [79,90] 96 [93,98] 88 [83,92] 72 [67,77] 92 [89,94]
350 94 [89,99] 83 [76,89] 95 [92,98] 88 [84,92] 72 [67,76] 93 [92,95]
870 97 [93,100] 85 [79,91] 96 [93,99] 96 [93,98] 76 [71,80] 96 [94,97]

classification 25 [14,35] 32 [20,42] 55 [46,64] 33 [27,39] 33 [28,38] 62 [58,66]
segmentation
175 81 [72,89] 88 [82,93] 90 [86,95] 69 [64,74] 66 [61,71] 81 [78,84]
350 80 [70,89] 76 [68,83] 87 [81,92] 74 [68,79] 67 [62,72] 85 [82,88]
870 87 [78,94] 86 [79,91] 92 [87,96] 85 [81,89] 74 [69,78] 91 [88,93]
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Table D10: Scaling the number of training reports improves R-Super performance. We trained multiple R-
Super† models using all masks in UCSF train plus di!erent numbers of reports. We also trained multiple R-Super models
using no mask and di!erent numbers of reports. In both cases, increasing the number of training reports improved
performance. All models were externally evaluated on Stanford test for malignant tumor detection (malignant vs no-
tumor), dataset details are in Tab. 1 and Tab. A1. All models were evaluated at 80% specificity.

training reports bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super (reports & all masks)
1k reports 56 [42,70] 57 [45,68] 78 [70,84] 93 [78,100] 55 [35,71] 95 [90,99]
10k reports 78 [68,89] 72 [62,81] 90 [84,95] 100 [100,100] 58 [40,72] 97 [93,99]
all reports (116k) 93 [85,98] 80 [72,87] 94 [88,98] 100 [100,100] 58 [39,71] 98 [95,100]

R-Super (reports & no mask)
1k reports 62 [48,75] 61 [50,72] 75 [66,82] 33 [10,57] 24 [7,41] 66 [51,80]
10k reports 29 [17,41] 34 [21,46] 70 [61,77] 80 [58,100] 50 [30,66] 90 [80,98]
all reports (116k) 82 [71,91] 74 [64,82] 84 [76,91] 73 [50,93] 46 [28,63] 83 [68,94]

training reports gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super (reports & all masks)
1k reports 80 [68,92] 69 [57,79] 85 [77,92] 74 [62,85] 69 [61,79] 86 [81,91]
10k reports 93 [84,100] 75 [65,84] 94 [89,98] 61 [49,74] 61 [50,71] 87 [82,92]
all reports (116k) 98 [92,100] 78 [68,86] 96 [91,100] 90 [81,97] 78 [69,86] 92 [87,96]

R-Super (reports & no mask)
1k reports 37 [22,52] 40 [25,54] 63 [52,73] 72 [59,84] 68 [57,77] 87 [82,92]
10k reports 90 [80,98] 74 [64,83] 94 [88,98] 65 [52,77] 64 [53,74] 87 [81,92]
all reports (116k) 83 [70,94] 70 [59,80] 92 [86,97] 88 [77,96] 78 [69,85] 95 [92,98]

training reports prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

R-Super (reports & all masks)
1k reports 86 [70,100] 59 [43,73] 93 [88,97] 97 [93,100] 88 [83,92] 98 [95,99]
10k reports 90 [77,100] 61 [45,74] 92 [85,97] 98 [95,100] 88 [84,93] 99 [97,100]
all reports (116k) 95 [84,100] 64 [48,75] 97 [93,100] 98 [95,100] 89 [84,94] 98 [95,99]

R-Super (reports & no mask)
1k reports 86 [68,100] 59 [43,72] 92 [86,96] 42 [32,52] 50 [41,59] 65 [58,72]
10k reports 81 [62,95] 57 [40,71] 92 [86,97] 76 [67,85] 76 [69,82] 86 [80,91]
all reports (116k) 90 [76,100] 67 [51,79] 95 [89,99] 98 [94,100] 88 [84,93] 98 [95,100]

training reports spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

R-Super (reports & all masks)
1k reports 94 [88,99] 83 [76,89] 94 [90,98] 83 [79,87] 69 [64,74] 90 [88,92]
10k reports 94 [88,99] 83 [76,89] 95 [91,98] 88 [85,91] 71 [66,76] 93 [92,95]
all reports (116k) 97 [93,100] 85 [79,91] 96 [93,99] 96 [93,98] 76 [71,80] 96 [94,97]

R-Super (reports & no mask)
1k reports 30 [19,42] 38 [26,50] 56 [47,65] 52 [46,57] 49 [43,53] 72 [68,75]
10k reports 30 [20,42] 38 [26,49] 57 [48,66] 64 [60,69] 56 [51,61] 82 [79,85]
all reports (116k) 90 [83,96] 82 [74,88] 92 [88,96] 86 [82,91] 72 [67,77] 91 [89,94]
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D.4 LLM Evaluation1403

Table D11: The LLM achieves high accuracy in extracting tumor information from reports. Radiologists
evaluated the LLM outputs on 448 radiology reports, of which 130 had paired pathology reports. The tumor detection

and localization evaluation assess whether each LLM-extracted tumor is truly mentioned in the report, and is assigned to
the correct organ; it also assesses whether reports the LLM deemed tumor-free across the 7 organs were truly tumor-free.
The malignancy, size, and attenuation evaluation assess whether each LLM-extracted tumor malignancy/size/attenuation
matched the report. Evaluation cohorts: tumor detection and localization used the full dataset (tumor reports: 47 adrenal;
48 bladder; 27 esophagus; 41 gallbladder; 57 prostate; 28 spleen; 56 uterus; 191 no-tumor reports); malignancy was
evaluated for all correctly extracted tumors; size for 219 tumors (others had no reported size) and attenuation for 92
tumors (others had no reported attenuation). Sensitivity, specificity, and F1-score are reported only for tumor detection
and localization, because the other tasks have no negative class (each lesion yields a single right/wrong verdict, unlike
detection, which has a no-tumor class). Results are shown as average and 95% CI (bootstrap, 1,000 samples).

metric adrenal bladder esophagus gallbladder

tumor detection and localization
accuracy 99.5 [98.6,100.0] 99.5 [98.6,100.0] 99.0 [97.5,100.0] 98.6 [96.7,100.0]
sensitivity 97.9 [92.9,100.0] 97.9 [92.9,100.0] 100.0 [100.0,100.0] 95.1 [87.8,100.0]
specificity 100.0 [100.0,100.0] 100.0 [100.0,100.0] 98.8 [97.0,100.0] 99.4 [98.2,100.0]
F1 98.9 [96.3,100.0] 98.9 [96.3,100.0] 96.4 [90.0,100.0] 96.3 [91.7,100.0]

malignancy
accuracy 93.3 [84.4,100.0] 100.0 [100.0,100.0] 96.3 [88.9,100.0] 92.5 [85.0,100.0]

size
accuracy 97.5 [92.5,100.0] 100.0 [100.0,100.0] 100.0 [100.0,100.0] 89.7 [79.3,100.0]

attenuation
accuracy 90.9 [72.7,100.0] 90.0 [70.0,100.0] 83.3 [50.0,100.0] 93.3 [80.0,100.0]

metric prostate spleen uterus average

tumor detection and localization
accuracy 94.9 [91.2,97.7] 98.5 [96.5,100.0] 98.2 [96.4,99.6] 98.3 [97.6,98.9]
sensitivity 80.7 [69.2,89.8] 96.4 [87.1,100.0] 92.9 [85.7,98.3] 94.4 [91.9,96.6]
specificity 100.0 [100.0,100.0] 98.8 [97.1,100.0] 100.0 [100.0,100.0] 99.6 [99.2,99.9]
F1 89.3 [81.8,94.6] 94.7 [87.5,100.0] 96.3 [92.3,99.2] 95.8 [94.0,97.4]

malignancy
accuracy 91.3 [82.6,97.8] 85.2 [70.4,96.3] 100.0 [100.0,100.0] 94.1 [91.2,96.7]

size
accuracy 89.5 [78.9,97.4] 100.0 [100.0,100.0] 92.5 [82.5,100.0] 95.6 [93.1,97.9]

attenuation
accuracy 92.9 [78.6,100.0] 100.0 [100.0,100.0] 100.0 [100.0,100.0] 92.9 [86.3,98.7]

We evaluated the LLM’s performance at extracting tumor information from reports. The evaluation covered1404

four tasks: (i) tumor detection and localization, i.e., determining whether each LLM-extracted tumor truly1405

existed in the report and was assigned to the correct organ, and whether reports deemed tumor-free across the1406

seven organs were truly tumor-free; (ii) malignancy extraction, i.e., determining whether the LLM-extracted1407

tumor malignancy matched the report; (iii) size extraction, i.e., determining whether the LLM-extracted tumor1408

diameters matched the report; and (iv) attenuation extraction, i.e., determining whether the LLM-extracted1409

attenuation matched the report. Results are shown in Tab. D11. We evaluated the LLM on 448 radiology reports,1410

including 130 cases with paired pathology reports (used for malignancy extraction). To assess generalization, the1411

evaluation included reports from multiple hospitals: 67% came from UCSF-test (including all pathology reports),1412

18% from Medipol, and 15% from Stanford-Test.1413

Our LLM prompt (Supp. G) and this evaluation use a broad definition of tumor, which is in fact closer to a1414

clinical definition of lesion: “any focal abnormality, including masses, cysts, or areas of altered density (hyperdense,1415

hypodense, or isodense).” This definition is intentionally broader than the standard clinical tumor definition1416

because it is designed to capture any lesion that may be concerning for current or future malignancy. Accordingly,1417

the definition includes benign tumors, metastases, primary malignant tumors, nodules, soft tissue lesions, tissue1418

thickening, lesions, masses, cysts, pseudo-cysts, neoplasms, cancers, index lesions, oncologic findings, adenomas,1419

carcinomas, growths, abnormalities, foci, LI-RADS lesions, hyperdensities, hypodensities, and isodensities. The1420

LLM is instructed to extract both certain and uncertain lesions, recording both the tumor type and the certainty1421

according to the reports.1422

For tumor detection and localization, the LLM achieved 98.3% average accuracy (95% CI: 97.6-98.9) and1423

95.8% average F1-Score (94.0-97.4). This performance surpasses natural language processing algorithms used1424

to process reports and extract ground-truth labels in widely used datasets such as ChestX-ray8 (90% F1-Score1425

[50]). In our evaluation, an LLM-extracted tumor was considered a true positive if the tumor was described in1426

the report and the LLM assigned it to the correct organ. An extracted tumor not described in the report for that1427

organ was considered a false positive. Most false positives were not random, but borderline findings. Examples1428

included fluid collections adjacent to the spleen being classified as spleen lesions and distended gallbladders1429

without reported lesions being classified as lesions. To identify possible false negatives, radiologists also reviewed1430
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219 reports for which the LLM extracted no tumor in any of the seven organs. False negatives also involved1431

borderline findings, such as minor spleen calcifications being ignored by the LLM. Importantly, none of the false1432

negatives were malignant tumors, meaning that the LLM successfully captured all malignant tumors in this1433

evaluation dataset.1434

For malignancy extraction, the LLM achieved 94.1% accuracy (91.2-96.7%). Our broad tumor definition is1435

appropriate because R-Super not only detects tumors but also estimates whether they are malignant, which is1436

a much narrower definition. The LLM extracts malignancy information from pathology reports when available1437

and from radiology reports otherwise. The LLM also determines whether malignancy is certain (e.g., a clear1438

pathology result or a mention of known active cancer diagnosis in a radiology report) or uncertain. In this1439

evaluation dataset, 41% of lesions were malignant, 36% were benign, and 23% were uncertain. Among the 1301440

cases with pathology reports, only a single LLM error was identified. In that case, the pathology report confirmed1441

a right adrenal metastasis, and the LLM incorrectly classified an additional left adrenal nodule as malignant,1442

even though the radiology report described it as indeterminate.1443

For tumor size extraction, the LLM achieved 95.6% accuracy (93.1-98.0%). A total of 219 tumors had reported1444

sizes. Most LLM errors occurred when the LLM extracted the organ size instead of the tumor size. For example,1445

one report stated, “The uterus is enlarged, measuring 14.2 × 8.3 × 8.6 cm with a large mass centered within the1446

uterine body and fundus” and the LLM incorrectly extracted 14.2 × 8.3 × 8.6 cm as the tumor diameters.1447

For tumor attenuation extraction, the LLM achieved 92.9% accuracy (86.2-98.6%). A total of 92 tumors had1448

reported attenuation. Errors included inferring attenuation directly from tumor type (e.g., classifying an adrenal1449

adenoma as low attenuation) and misinterpreting PET hypermetabolism as CT enhancement.1450

Overall, the LLM achieved high performance (Tab. D11), surpassing widely accepted natural language pro-1451

cessing algorithms used to extract information from reports and label medical datasets [50, 56]. The LLM’s1452

strong performance across reports from three hospitals in two countries (USA and Turkey) further demonstrates1453

robust generalization. Nevertheless, the LLM accuracy was not perfect, indicating that some LLM errors exist1454

in the R-Super training pipeline. Despite these errors, R-Super outperformed six alternative training methods1455

(not LLM-dependent) and multiple public AI models, demonstrating that R-Super is robust to occasional LLM1456

extraction errors.1457

D.5 Ablation Studies1458

We perform ablation studies to demonstrate that each of our loss functions contributes to model performance.1459

Specifically, we trained versions of R-Super† without the Ball Loss, Volume Loss, or Attenuation Loss. We did1460

not ablate the Malignancy Loss because its purpose is to enable R-Super to distinguish between malignant and1461

benign tumors, rather than improve tumor detection. I.e., if we remove the Malignancy Loss, R-Super simply1462

loses its ability to identify malignancy. In the full R-Super, the Volume Loss is applied as deep supervision and1463

the Ball Loss at the final layer. In the ablations, when either of these losses was removed, the remaining loss was1464

applied both as deep supervision and at the final layer.1465

The ablation results (Tab. D13 to D12) show that the Ball Loss, Volume Loss, and Attenuation Loss all1466

contribute to tumor detection performance. Removing any of these losses reduces average tumor detection AUC1467

and F1-score across the three external test sets. Only in the internal UCSF test set, removing the Attenuation1468

Loss did not a"ect the average performance. On all datasets, removing the Attenuation Loss produces the smallest1469

AUC decrease, whereas removing the Volume Loss produces the largest decrease.1470

These findings are consistent with the design of the Ball Loss and Volume Loss. The Ball Loss refines the1471

segmentation model’s output according to the tumor description in the radiology report, and the refined output1472

guides the model updates. Therefore, the Ball Loss depends on the current segmentation model’s output. Early1473

in training this output is still largely random, and the resulting loss signal is noisy and di!cult to optimize. In1474

contrast, the Volume Loss does not attempt to refine the segmentation model’s output. Instead, it enforces that1475

segmented tumors have the volume estimated from the report and are located in the correct organs. Consequently,1476

the Volume Loss provides a more stable training signal when model outputs are still unreliable, leading to1477

better convergence. This explains why training with the Volume Loss alone surpasses training with the Ball Loss1478

alone. The best performance is achieved when both losses are used together: the Volume Loss improves training1479

convergence, especially when the segmentation model’s outputs are unreliable; once these outputs become reliable,1480

the Ball Loss further improves performance by ensuring that the segmented tumors match the report not only1481

in volume and location, but also in number and diameter.1482
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Table D12: Ablation studies (internal validation, UCSF, USA): removing the Volume Loss or the Ball

Loss decreased performance. Unlike the 3 external test sets, removing the Attenuation Loss did not reduce average
tumor detection AUC and F1-Score in internal validation. This table presents ablation studies of R-Super† for tumor
detection (tumor vs no-tumor). All models were trained with CT-Report and CT-Mask pairs from the R-Super Train
dataset (Tab. A1). We compare the full R-Super to versions trained without the Ball Loss, Volume Loss, or Attenuation
Loss. Removing the Volume Loss causes the largest AUC decrease, followed by the Ball Loss removal. Train/test dataset
details are provided in Tab. A1. Results are shown as average and 95% confidence intervals, calculated via bootstrapping
with 1,000 bootstrap samples. Blue indicates statistical significance (p < 0.05). We used DeLong’s test for AUC and paired
permutation tests (two-sided, 10,000 permutations) for the other metrics.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 52 [47,57] 92 [87,97] 67 [62,72] 76 [72,81] 82 [78,86] 94 [89,98] 89 [87,92] 94 [91,95]
w/o ball loss 66 [61,71] 86 [79,92] 78 [74,81] 82 [78,86] 82 [77,85] 94 [89,98] 89 [86,91] 94 [92,96]
w/o att. loss 77 [72,81] 67 [58,76] 82 [78,85] 78 [73,82] 82 [78,85] 95 [90,98] 89 [86,91] 94 [91,96]

R-Super† 64 [59,69] 91 [85,96] 76 [73,80] 82 [78,86] 82 [79,86] 90 [85,95] 89 [86,91] 90 [88,93]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 66 [60,72] 77 [69,84] 75 [71,79] 77 [72,81] 83 [78,87] 85 [78,91] 88 [85,91] 87 [84,91]
w/o ball loss 70 [65,76] 76 [68,84] 78 [74,82] 78 [73,82] 78 [73,83] 86 [79,92] 85 [82,88] 86 [82,89]
w/o att. loss 63 [57,68] 89 [83,94] 75 [70,79] 82 [77,86] 85 [81,89] 88 [81,93] 90 [87,92] 88 [85,92]

R-Super† 78 [73,83] 80 [73,87] 83 [80,87] 84 [80,88] 80 [75,84] 90 [85,95] 87 [84,90] 88 [84,91]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 82 [77,88] 72 [63,80] 82 [77,86] 82 [77,87] 81 [78,84] 96 [92,99] 89 [87,91] 90 [88,92]
w/o ball loss 83 [78,88] 76 [68,84] 84 [79,88] 84 [80,89] 85 [83,88] 88 [83,94] 91 [89,93] 92 [90,94]
w/o att. loss 88 [83,92] 75 [66,83] 86 [82,90] 84 [78,88] 86 [83,88] 94 [89,98] 92 [90,93] 92 [91,94]

R-Super† 86 [81,90] 80 [71,87] 86 [82,90] 87 [82,91] 82 [79,85] 92 [87,97] 90 [88,91] 91 [89,93]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 66 [62,71] 96 [92,99] 80 [76,83] 85 [82,88] 73 [71,75] 87 [85,89] 82 [80,83] 84 [83,86]
w/o ball loss 64 [60,68] 90 [85,96] 77 [74,80] 80 [76,84] 76 [74,77] 85 [83,88] 83 [82,84] 85 [84,87]
w/o att. loss 72 [68,76] 96 [91,99] 83 [80,86] 89 [86,91] 79 [77,80] 86 [84,89] 85 [84,86] 87 [85,88]

R-Super† 75 [71,79] 95 [90,98] 85 [82,88] 87 [84,90] 78 [76,80] 88 [86,90] 85 [84,86] 87 [86,88]

Table D13: Ablation studies (external validation, Stanford, USA): all three loss functions contribute to

performance. This table presents ablation studies of R-Super† for tumor detection (tumor vs no-tumor). All models were
trained with the CT-Report and CT-Mask pairs from the UCSF Train dataset. We compare the full R-Super to versions
trained without the Ball Loss, Volume Loss, or Attenuation Loss. Removing any loss function reduces tumor detection
performance, demonstrating that all three losses contribute to the final model. Consistent with the design of the method,
removing the Volume Loss causes the largest AUC decrease, whereas removing the Attenuation Loss causes the smallest
decrease. Train/test dataset details are provided in Tab. A1. Results are shown as average and 95% confidence intervals,
calculated via bootstrapping with 1,000 bootstrap samples. Blue indicates statistical significance (p < 0.05). We used
DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 68 [61,74] 87 [80,92] 77 [72,82] 81 [76,86] 68 [53,82] 95 [90,99] 75 [62,85] 85 [76,92]
w/o ball loss 78 [72,83] 76 [68,84] 81 [77,86] 82 [77,86] 85 [74,95] 84 [77,90] 74 [63,84] 91 [85,96]
w/o att. loss 68 [61,74] 90 [85,95] 78 [73,83] 84 [80,89] 83 [71,93] 80 [72,86] 69 [57,79] 85 [77,92]

R-Super† 72 [66,79] 84 [77,90] 80 [75,84] 84 [79,88] 78 [65,91] 92 [87,96] 78 [67,87] 90 [83,95]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 64 [57,70] 90 [83,95] 75 [70,80] 81 [76,85] 89 [85,92] 67 [58,75] 89 [86,91] 85 [81,89]
w/o ball loss 64 [57,70] 91 [86,96] 76 [70,81] 81 [76,85] 81 [77,85] 71 [63,79] 85 [82,88] 84 [79,88]
w/o att. loss 67 [60,74] 88 [82,94] 77 [72,82] 84 [79,88] 77 [73,81] 79 [71,86] 84 [81,86] 86 [82,90]

R-Super† 76 [70,81] 89 [83,94] 83 [79,87] 87 [83,91] 84 [80,87] 79 [71,86] 88 [85,90] 89 [84,92]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 81 [73,88] 75 [67,82] 78 [72,84] 88 [84,92] 78 [76,81] 91 [86,96] 87 [85,89] 90 [87,92]
w/o ball loss 73 [64,81] 90 [83,94] 79 [73,85] 90 [87,94] 78 [75,81] 83 [76,90] 86 [84,88] 88 [85,91]
w/o att. loss 73 [65,82] 88 [81,93] 79 [72,84] 90 [86,94] 76 [74,79] 97 [94,100] 86 [84,88] 92 [90,94]

R-Super† 94 [89,98] 68 [60,76] 82 [77,88] 90 [86,93] 83 [80,85] 90 [84,95] 90 [88,91] 90 [88,93]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 72 [68,76] 96 [92,99] 83 [80,86] 82 [78,85] 74 [71,77] 86 [84,88] 81 [78,83] 84 [83,86]
w/o ball loss 52 [48,56] 96 [92,99] 68 [64,72] 79 [75,83] 73 [70,75] 85 [82,87] 79 [76,81] 85 [83,86]
w/o att. loss 77 [73,80] 91 [86,96] 86 [84,88] 86 [83,89] 74 [72,77] 88 [85,90] 80 [78,82] 87 [85,89]

R-Super† 76 [73,80] 90 [83,95] 85 [83,88] 83 [80,86] 80 [78,83] 84 [82,87] 84 [82,86] 88 [86,89]
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Table D14: Ablation studies (external validation, Medipol, Turkey): all three loss functions contribute

to performance. This table presents ablation studies of R-Super† for tumor detection (tumor vs no-tumor). All models
were trained with the CT-Report and CT-Mask pairs from the R-Super Train dataset. We compare the full R-Super to
versions trained without the Ball Loss, Volume Loss, or Attenuation Loss. Removing any loss function reduces tumor
detection performance, demonstrating that all three losses contribute to the final model. Consistent with the design of the
method, removing the Volume Loss causes the largest AUC decrease, whereas removing the Attenuation Loss causes the
smallest decrease. Train/test dataset details are provided in Tab. A1. Results are shown as average and 95% confidence
intervals, calculated via bootstrapping with 1,000 bootstrap samples. Blue indicates statistical significance (p < 0.05). We
used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 77 [71,84] 72 [65,79] 73 [67,79] 82 [77,86] 52 [45,60] 96 [92,98] 67 [60,73] 80 [75,85]
w/o ball loss 81 [74,87] 82 [76,87] 80 [74,84] 87 [83,90] 58 [51,66] 92 [88,96] 70 [64,76] 79 [75,84]
w/o att. loss 80 [73,86] 69 [62,75] 74 [68,78] 80 [75,85] 59 [51,66] 87 [82,92] 69 [62,74] 82 [78,86]

R-Super† 61 [53,69] 94 [90,97] 72 [66,78] 87 [83,90] 83 [78,88] 80 [74,86] 82 [78,86] 89 [86,92]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 36 [29,44] 90 [85,94] 49 [42,57] 64 [58,69] 94 [90,98] 66 [59,73] 78 [73,83] 89 [86,93]
w/o ball loss 45 [38,52] 92 [88,96] 59 [52,65] 72 [66,77] 92 [88,96] 72 [66,79] 80 [75,85] 90 [87,93]
w/o att. loss 60 [53,68] 80 [74,85] 67 [61,72] 73 [67,78] 79 [72,86] 86 [81,91] 80 [74,85] 91 [87,94]

R-Super† 67 [60,74] 84 [78,89] 73 [68,78] 77 [72,82] 95 [90,98] 68 [62,76] 80 [75,84] 90 [87,93]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 100 [100,100] 79 [73,84] 65 [54,75] 96 [93,98] 74 [69,78] 92 [88,96] 83 [80,86] 85 [82,88]
w/o ball loss 94 [85,100] 93 [89,96] 82 [71,90] 96 [94,99] 81 [77,85] 91 [87,95] 88 [85,90] 88 [85,91]
w/o att. loss 86 [73,96] 97 [94,99] 84 [74,93] 95 [91,98] 78 [74,82] 94 [91,98] 86 [84,89] 91 [88,94]

R-Super† 89 [77,98] 97 [94,99] 86 [76,94] 96 [92,99] 82 [78,86] 92 [87,96] 88 [86,91] 90 [88,93]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 75 [71,79] 75 [69,81] 80 [77,83] 81 [77,85] 73 [71,75] 81 [79,84] 71 [68,73] 82 [81,84]
w/o ball loss 74 [69,78] 71 [64,78] 78 [75,82] 76 [72,81] 75 [73,77] 85 [83,87] 77 [74,79] 84 [83,86]
w/o att. loss 71 [66,76] 83 [77,88] 79 [75,82] 81 [77,85] 73 [71,76] 85 [83,87] 77 [74,79] 85 [83,86]

R-Super† 69 [65,74] 82 [76,88] 78 [74,81] 80 [76,84] 78 [75,81] 85 [83,88] 80 [78,82] 87 [86,89]

Table D15: Ablation studies (external validation, Basel, Switzerland): all three loss functions contribute

to performance. This table presents ablation studies of R-Super† for tumor detection (tumor vs no-tumor). All models
were trained with the CT-Report and CT-Mask pairs from the R-Super Train dataset. We compare the full R-Super to
versions trained without the Ball Loss, Volume Loss, or Attenuation Loss. Removing any loss function reduces tumor
detection performance, demonstrating that all three losses contribute to the final model. Consistent with the design of the
method, removing the Volume Loss causes the largest AUC decrease, whereas removing the Attenuation Loss causes the
smallest decrease. Train/test dataset details are provided in Tab. A1. Results are shown as average and 95% confidence
intervals, calculated via bootstrapping with 1,000 bootstrap samples. Blue indicates statistical significance (p < 0.05). We
used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 80 [76,84] 95 [88,100] 88 [86,91] 92 [89,95] 86 [78,93] 91 [83,98] 90 [84,94] 90 [84,94]
w/o ball loss 81 [77,86] 96 [91,100] 89 [86,92] 92 [89,95] 84 [75,90] 86 [76,94] 87 [81,92] 91 [86,95]
w/o att. loss 78 [73,83] 91 [83,98] 86 [83,90] 91 [86,94] 86 [79,93] 91 [83,98] 90 [85,94] 93 [88,97]

R-Super† 84 [80,89] 93 [85,98] 91 [88,93] 92 [88,94] 90 [83,96] 86 [77,94] 90 [85,94] 92 [87,96]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 37 [26,48] 93 [85,98] 52 [40,62] 67 [57,76] 84 [80,89] 98 [94,100] 91 [88,94] 91 [88,94]
w/o ball loss 71 [60,81] 75 [64,87] 75 [66,82] 76 [68,84] 84 [79,88] 91 [83,98] 90 [87,93] 91 [87,94]
w/o att. loss 63 [52,74] 89 [81,97] 74 [64,82] 80 [72,87] 84 [79,88] 95 [88,100] 90 [87,93] 90 [86,93]

R-Super† 55 [43,67] 98 [94,100] 71 [60,80] 83 [76,89] 81 [76,86] 96 [91,100] 89 [86,92] 90 [86,93]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 88 [83,93] 79 [67,88] 90 [86,93] 86 [80,91] 76 [73,78] 95 [88,100] 86 [84,87] 87 [83,90]
w/o ball loss 82 [76,88] 79 [67,89] 87 [82,90] 88 [83,92] 76 [73,78] 93 [85,98] 86 [84,87] 87 [83,91]
w/o att. loss 86 [80,91] 82 [72,91] 89 [85,92] 84 [78,90] 78 [76,80] 86 [76,95] 88 [86,89] 87 [84,91]

R-Super† 87 [82,92] 79 [67,88] 90 [86,93] 87 [81,91] 77 [75,79] 93 [85,98] 87 [86,88] 87 [84,90]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

w/o volume loss 59 [55,62] 89 [81,96] 74 [70,76] 78 [73,83] 73 [70,75] 91 [88,94] 82 [79,84] 84 [82,86]
w/o ball loss 62 [59,66] 61 [48,73] 75 [72,78] 60 [52,68] 77 [75,79] 83 [80,86] 84 [82,86] 84 [82,85]
w/o att. loss 63 [59,66] 75 [63,86] 76 [73,79] 72 [64,78] 77 [74,79] 87 [84,90] 85 [83,86] 85 [83,87]

R-Super† 77 [74,80] 80 [70,90] 86 [84,88] 82 [77,86] 79 [76,81] 89 [86,92] 86 [84,88] 87 [86,89]
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D.6 Comparison to Public AI Models1483

In this Section, we compare R-Super, trained only with CT-Report pairs, to state-of-the-art public AI mod-1484

els, including segmentation models and foundational vision-language model. We demonstrate that these public1485

models have di!culty detecting the 7 tumor types studied here, which are scarce or absent from previous pub-1486

lic segmentation datasets. Consistently, R-Super surpasses all previous public AI models in tumor detection,1487

malignant tumor detection, and small tumor detection.1488

D.6.1 Tumor Detection1489
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Table D16: Tumor detection, internal validation (UCSF, USA): trained with no mask, R-Super surpasses

state-of-the-art public AI models in the detection of 7 malignant tumor types. This table evaluates tumor
detection (malignant + benign vs no-tumor). R-Super was trained with the R-Super train set (USA, no tumor mask),
and it was evaluated on the UCSF test set (internal validation). See dataset details in Tab. 1, A1. We compare R-
Super to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE
cancer segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model
with the second-best model for each metric. We used DeLong’s test for AUC and paired permutation tests (two-sided,
10,000 permutations) for the other metrics. Results are shown as average and 95% confidence intervals, calculated via
bootstrapping, with 1,000 bootstrap samples.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 70 [66,75] 41 [32,50] 74 [70,78] 55 [50,62] 45 [40,50] 80 [73,88] 60 [55,64] 64 [58,70]
Merlin 43 [37,48] 81 [74,88] 58 [52,63] 64 [59,70] 62 [58,67] 69 [60,77] 73 [69,77] 70 [65,75]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,51]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 28 [23,33] 79 [71,86] 41 [35,47] 52 [47,58] 4 [3,7] 98 [95,100] 8 [5,12] 50 [46,53]
FLARE23 Top 1 4 [2,6] 99 [97,100] 8 [5,12] 51 [50,53] 0 [0,1] 100 [100,100] 1 [0,3] 50 [50,51]
FLARE23 Top 2 4 [2,5] 99 [97,100] 7 [3,10] 51 [50,52] 10 [8,13] 99 [97,100] 19 [14,23] 55 [53,56]
FLARE24 Top 1 7 [4,10] 99 [97,100] 13 [9,18] 53 [51,55] 3 [1,4] 100 [100,100] 6 [3,9] 51 [51,52]
FLARE25 Baseline 10 [7,14] 97 [94,100] 18 [13,24] 54 [52,56] 5 [3,7] 100 [100,100] 9 [5,14] 52 [51,54]

segmentation from reports (ours)
R-Super 77 [72,81] 73 [64,80] 83 [79,86] 79 [74,83] 85 [81,88] 87 [80,93] 90 [87,92] 91 [88,94]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 66 [60,71] 44 [35,53] 70 [65,74] 56 [49,62] 51 [46,56] 57 [48,65] 61 [56,66] 51 [46,57]
Merlin 29 [23,35] 80 [73,88] 42 [36,48] 52 [46,58] 56 [50,62] 77 [69,84] 68 [63,73] 68 [63,73]

VLM report generation
Merlin 1 [0,2] 100 [100,100] 2 [0,4] 50 [50,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 2 [0,3] 100 [100,100] 3 [1,6] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [47,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 8 [5,11] 96 [92,99] 15 [9,20] 51 [49,54] 25 [20,30] 85 [78,91] 38 [32,44] 54 [50,59]
FLARE23 Top 1 18 [13,22] 98 [95,100] 30 [23,36] 58 [55,60] 6 [3,8] 100 [100,100] 11 [6,15] 53 [52,54]
FLARE23 Top 2 43 [37,48] 95 [90,98] 59 [53,65] 69 [65,72] 7 [5,11] 100 [100,100] 14 [9,19] 54 [52,55]
FLARE24 Top 1 22 [18,27] 98 [95,100] 36 [30,42] 60 [57,63] 23 [18,28] 100 [100,100] 38 [31,44] 62 [59,64]
FLARE25 Baseline 20 [16,25] 98 [95,100] 33 [27,40] 59 [56,62] 40 [34,45] 92 [87,97] 56 [50,61] 66 [62,69]

segmentation from reports (ours)
R-Super 73 [67,78] 72 [63,79] 79 [74,82] 78 [73,82] 83 [78,87] 87 [80,93] 88 [85,91] 89 [86,92]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 63 [56,70] 54 [46,63] 66 [60,72] 57 [51,64] 66 [63,70] 45 [36,54] 76 [73,78] 54 [48,59]
Merlin 64 [57,71] 74 [65,81] 71 [65,76] 70 [64,76] 42 [38,46] 78 [70,85] 58 [54,62] 64 [58,69]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 3 [2,4] 98 [96,100] 6 [4,8] 51 [49,52]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,1] 50 [50,50]

segmentation from masks
ULS 26 [19,32] 90 [84,96] 39 [31,47] 58 [53,63] 1 [0,2] 100 [100,100] 2 [1,3] 50 [50,51]
FLARE23 Top 1 1 [0,2] 100 [100,100] 1 [0,4] 50 [50,51] 11 [9,14] 100 [100,100] 20 [16,24] 56 [54,57]
FLARE23 Top 2 1 [0,2] 100 [100,100] 1 [0,3] 50 [49,51] 27 [23,30] 100 [100,100] 42 [38,46] 63 [62,65]
FLARE24 Top 1 2 [0,4] 100 [100,100] 3 [0,7] 50 [48,52] 11 [8,13] 100 [100,100] 19 [15,23] 55 [54,56]
FLARE25 Baseline 24 [18,30] 93 [88,97] 37 [29,44] 58 [54,62] 10 [8,12] 100 [100,100] 18 [15,22] 55 [54,56]

segmentation from reports (ours)
R-Super 69 [63,76] 92 [87,97] 80 [74,84] 85 [80,90] 87 [85,90] 88 [81,93] 92 [90,94] 93 [90,95]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 71 [67,75] 42 [33,50] 77 [73,80] 56 [50,62] 62 [60,64] 52 [47,57] 69 [67,71] 56 [53,60]
Merlin 58 [53,62] 58 [48,67] 69 [65,72] 59 [54,65] 51 [48,53] 74 [68,80] 63 [60,65] 64 [60,68]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 10 [7,12] 95 [90,98] 17 [13,22] 52 [49,55] 2 [2,2] 99 [98,100] 4 [3,5] 50 [50,51]
Lingshu 27 [23,31] 77 [69,84] 41 [36,46] 52 [48,56] 4 [3,4] 97 [96,98] 6 [5,7] 50 [49,51]

segmentation from masks
ULS 22 [18,26] 89 [84,95] 36 [30,41] 56 [52,59] 16 [15,18] 91 [89,93] 26 [24,28] 53 [51,55]
FLARE23 Top 1 18 [15,22] 100 [100,100] 31 [26,36] 59 [57,61] 8 [7,10] 100 [99,100] 15 [13,16] 54 [53,55]
FLARE23 Top 2 36 [32,40] 97 [94,100] 53 [48,57] 67 [64,69] 18 [17,20] 99 [98,99] 28 [26,29] 58 [57,59]
FLARE24 Top 1 22 [18,26] 97 [94,100] 36 [31,41] 60 [57,62] 13 [12,14] 99 [99,100] 22 [20,23] 56 [55,57]
FLARE25 Baseline 20 [16,24] 99 [97,100] 33 [28,38] 60 [57,62] 18 [17,20] 97 [95,98] 29 [27,31] 58 [57,59]

segmentation from reports (ours)
R-Super 76 [72,80] 92 [87,97] 86 [83,88] 88 [85,91] 78 [77,80] 84 [81,87] 85 [84,86] 86 [84,88]
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Table D17: Tumor detection, external validation (Merlin, Stanford, USA): trained with no mask, R-Super
surpasses state-of-the-art public AI models in the detection of 7 malignant tumor types. This table evaluates
tumor detection (malignant + benign vs no-tumor). R-Super was trained with the UCSF dataset (no tumor mask), and
it was evaluated on the Merlin test set (Stanford hospital). No data from the Stanford hospital was used in training,
making this an external (out-of-distribution) test set. See dataset details in Tab. 1, A1. We compare R-Super to prominent
public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer segmentation
challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best,
using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results
are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap samples.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 69 [63,75] 51 [41,60] 70 [65,75] 60 [53,66] 10 [2,19] 99 [97,100] 17 [4,32] 50 [40,61]
Merlin 59 [53,66] 84 [77,90] 71 [65,76] 76 [71,81] 63 [49,79] 79 [71,86] 57 [44,68] 68 [56,81]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 39 [33,46] 74 [66,82] 51 [44,57] 51 [45,57] 7 [0,16] 99 [97,100] 13 [0,27] 50 [44,56]
FLARE23 Top 1 3 [1,6] 100 [100,100] 6 [2,12] 52 [51,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 12 [3,23] 100 [100,100] 22 [6,37] 56 [52,61]
FLARE24 Top 1 8 [4,12] 99 [97,100] 14 [8,21] 53 [51,55] 2 [0,9] 100 [100,100] 5 [0,16] 51 [50,54]
FLARE25 Baseline 14 [10,19] 100 [100,100] 25 [18,32] 57 [55,60] 2 [0,8] 100 [100,100] 5 [0,15] 51 [50,54]

segmentation from reports (ours)
R-Super 75 [69,81] 82 [73,88] 81 [76,85] 82 [77,87] 76 [62,88] 69 [61,78] 58 [46,69] 79 [70,87]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 30 [24,37] 89 [83,94] 44 [37,52] 62 [56,68] 78 [73,82] 29 [21,37] 77 [74,81] 50 [44,57]
Merlin 52 [46,60] 69 [61,78] 62 [55,68] 63 [57,69] 62 [57,67] 81 [74,88] 74 [70,78] 75 [70,80]

VLM report generation
Merlin 1 [0,3] 100 [100,100] 2 [0,5] 50 [50,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 4 [2,7] 98 [96,100] 8 [3,13] 51 [49,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 24 [18,30] 92 [87,97] 37 [29,44] 58 [54,61] 55 [50,61] 68 [60,77] 67 [62,71] 63 [58,68]
FLARE23 Top 1 18 [13,23] 100 [100,100] 30 [23,38] 59 [56,62] 6 [3,8] 100 [100,100] 11 [7,15] 53 [52,54]
FLARE23 Top 2 32 [25,38] 98 [96,100] 48 [40,55] 65 [61,68] 6 [4,9] 99 [97,100] 11 [7,16] 52 [51,54]
FLARE24 Top 1 19 [14,25] 100 [100,100] 32 [24,40] 60 [57,62] 22 [17,26] 99 [97,100] 36 [29,41] 60 [58,63]
FLARE25 Baseline 16 [11,21] 100 [100,100] 28 [20,35] 58 [56,61] 43 [37,48] 87 [81,93] 58 [53,63] 66 [62,70]

segmentation from reports (ours)
R-Super 74 [69,80] 75 [67,83] 79 [75,84] 80 [75,85] 76 [71,80] 85 [78,91] 84 [81,87] 90 [87,93]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 34 [24,43] 74 [66,82] 42 [32,51] 52 [44,59] 16 [13,18] 88 [82,93] 27 [23,30] 45 [40,50]
Merlin 62 [52,71] 76 [68,84] 66 [58,74] 75 [68,82] 59 [55,62] 85 [78,91] 73 [70,76] 75 [71,79]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 1 [0,1] 100 [100,100] 2 [0,3] 50 [50,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,51]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 60 [50,69] 74 [66,81] 64 [56,71] 69 [62,75] 2 [2,4] 100 [100,100] 5 [3,7] 51 [51,52]
FLARE23 Top 1 1 [0,3] 100 [100,100] 2 [0,6] 50 [50,52] 12 [10,15] 100 [100,100] 22 [19,26] 56 [55,57]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 22 [19,25] 100 [100,100] 36 [32,40] 61 [60,63]
FLARE24 Top 1 5 [1,9] 99 [97,100] 9 [2,17] 52 [50,54] 14 [12,17] 100 [100,100] 25 [21,28] 57 [56,58]
FLARE25 Baseline 30 [22,39] 87 [81,93] 42 [32,51] 59 [54,64] 11 [9,13] 100 [100,100] 20 [17,24] 56 [55,57]

segmentation from reports (ours)
R-Super 76 [68,84] 90 [84,95] 82 [75,87] 89 [84,92] 84 [81,87] 91 [86,96] 91 [89,92] 93 [90,95]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 92 [90,95] 18 [11,26] 87 [85,90] 56 [50,62] 47 [44,49] 64 [61,67] 52 [49,55] 54 [50,57]
Merlin 54 [50,59] 88 [82,93] 69 [65,73] 71 [66,76] 59 [56,62] 80 [75,86] 67 [64,71] 72 [68,76]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 0 [0,0] 100 [100,100] 0 [0,1] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]
Lingshu 27 [23,31] 74 [66,82] 40 [35,45] 50 [46,55] 4 [4,5] 96 [95,97] 7 [6,8] 50 [49,51]

segmentation from masks
ULS 38 [34,42] 78 [71,85] 53 [49,58] 59 [55,63] 32 [30,35] 84 [81,86] 41 [38,44] 57 [55,60]
FLARE23 Top 1 15 [12,18] 99 [97,100] 25 [20,30] 57 [55,59] 8 [7,9] 100 [100,100] 14 [12,16] 54 [53,54]
FLARE23 Top 2 29 [25,33] 96 [92,99] 44 [40,49] 62 [60,65] 14 [13,16] 99 [98,100] 23 [20,26] 57 [56,58]
FLARE24 Top 1 19 [15,22] 100 [100,100] 32 [27,36] 59 [58,61] 13 [11,14] 100 [99,100] 22 [19,24] 56 [55,57]
FLARE25 Baseline 14 [11,17] 100 [100,100] 24 [20,29] 57 [55,58] 19 [17,21] 96 [95,98] 29 [26,32] 58 [56,59]

segmentation from reports (ours)
R-Super 68 [64,72] 90 [85,95] 80 [77,83] 81 [77,84] 76 [73,78] 83 [81,86] 79 [77,81] 85 [83,86]
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Table D18: Tumor detection, external validation: R-Super generalized well to European images (Medipol,

Istanbul, Turkey) despite being trained only on American images (UCSF and Stanford, USA). This table
evaluates tumor detection (malignant + benign vs no-tumor). R-Super was trained with the R-Super train dataset (USA),
and it was evaluated on the Medipol test set (external validation, Turkey). See dataset details in Tab. 1, A1. We compare
R-Super to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE
cancer segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model
with the second-best, using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for
the other metrics. Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000
bootstrap samples.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 51 [43,59] 79 [72,84] 57 [50,64] 71 [66,76] 8 [4,12] 94 [90,97] 13 [7,20] 46 [40,52]
Merlin 54 [46,62] 74 [68,80] 58 [51,65] 67 [60,72] 76 [70,83] 48 [41,56] 68 [62,73] 67 [62,72]

VLM report generation
Merlin 6 [2,9] 99 [98,100] 10 [4,17] 52 [51,55] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 1 [0,4] 99 [98,100] 3 [0,7] 50 [49,52] 2 [0,4] 99 [98,100] 3 [0,7] 50 [49,52]
Lingshu 3 [1,7] 98 [96,100] 6 [1,13] 51 [49,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 62 [54,69] 72 [66,80] 63 [56,70] 70 [63,75] 37 [30,45] 86 [82,91] 50 [42,57] 62 [57,67]
FLARE23 Top 1 1 [0,2] 99 [98,100] 1 [0,4] 50 [48,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 17 [12,22] 100 [100,100] 29 [21,36] 59 [56,61]
FLARE24 Top 1 1 [0,2] 100 [100,100] 1 [0,4] 50 [50,51] 8 [4,11] 100 [100,100] 14 [8,20] 54 [52,56]
FLARE25 Baseline 7 [3,11] 99 [98,100] 13 [6,20] 53 [51,55] 6 [3,10] 98 [96,100] 12 [6,18] 52 [50,54]

segmentation from reports (ours)
R-Super 90 [84,94] 65 [58,71] 77 [72,82] 84 [80,88] 77 [71,83] 89 [84,93] 82 [77,86] 89 [86,92]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 48 [40,56] 82 [76,87] 57 [50,64] 67 [61,73] 92 [86,96] 24 [18,30] 62 [56,67] 58 [52,64]
Merlin 54 [46,62] 69 [63,76] 58 [52,65] 64 [58,70] 56 [48,64] 82 [76,87] 62 [56,69] 71 [65,76]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 30 [23,38] 87 [82,92] 41 [32,49] 59 [54,64]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,51] 2 [0,4] 100 [100,100] 3 [0,8] 51 [50,52]
Lingshu 2 [1,5] 100 [100,100] 4 [1,10] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]

segmentation from masks
ULS 47 [39,54] 82 [76,87] 56 [49,63] 65 [60,70] 77 [70,85] 74 [68,80] 73 [66,78] 79 [74,84]
FLARE23 Top 1 3 [1,6] 98 [96,100] 6 [1,10] 51 [49,52] 9 [4,15] 99 [98,100] 17 [8,26] 54 [51,57]
FLARE23 Top 2 10 [6,15] 97 [94,99] 18 [11,25] 54 [51,56] 11 [6,16] 100 [100,100] 19 [11,27] 55 [52,58]
FLARE24 Top 1 3 [1,6] 99 [98,100] 7 [2,12] 51 [50,53] 35 [26,43] 97 [94,99] 50 [40,58] 66 [62,70]
FLARE25 Baseline 3 [1,6] 98 [96,100] 7 [2,12] 50 [48,52] 48 [39,57] 94 [90,97] 61 [53,69] 72 [67,76]

segmentation from reports (ours)
R-Super 60 [52,67] 68 [62,75] 62 [56,68] 68 [63,74] 88 [82,93] 76 [70,82] 80 [74,84] 88 [84,92]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 66 [50,81] 62 [55,70] 37 [26,47] 63 [54,72] 68 [63,72] 49 [42,56] 70 [66,74] 58 [53,63]
Merlin 77 [62,90] 73 [66,79] 49 [37,60] 76 [66,84] 61 [57,66] 80 [74,85] 72 [67,75] 75 [71,80]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 3 [2,5] 99 [97,100] 6 [3,10] 51 [50,52]
MedGemma 3 [0,10] 99 [97,100] 5 [0,17] 51 [49,54] 3 [1,5] 98 [95,100] 6 [2,9] 50 [49,52]
Lingshu 17 [5,31] 96 [93,99] 25 [8,41] 57 [51,64] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 83 [70,94] 75 [69,81] 53 [42,64] 82 [74,88] 15 [11,18] 97 [94,99] 25 [19,30] 56 [53,58]
FLARE23 Top 1 3 [0,9] 99 [97,100] 5 [0,16] 51 [48,54] 6 [4,8] 100 [100,100] 11 [7,15] 53 [52,54]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 13 [10,17] 100 [100,100] 23 [18,29] 56 [55,58]
FLARE24 Top 1 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,50] 1 [0,3] 100 [100,100] 3 [1,5] 51 [50,51]
FLARE25 Baseline 17 [5,31] 96 [92,98] 24 [8,41] 56 [50,63] 1 [0,2] 100 [100,100] 2 [0,4] 51 [50,51]

segmentation from reports (ours)
R-Super 80 [67,93] 97 [94,99] 81 [70,90] 93 [86,98] 88 [84,91] 91 [87,95] 92 [89,94] 94 [91,96]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 77 [72,81] 37 [30,45] 74 [70,77] 55 [49,60] 58 [55,61] 61 [58,64] 53 [50,56] 60 [56,63]
Merlin 68 [64,73] 65 [58,72] 74 [70,77] 68 [62,72] 64 [61,67] 70 [65,76] 63 [60,66] 70 [66,74]

VLM report generation
Merlin 3 [1,5] 99 [97,100] 5 [2,9] 51 [50,52] 6 [5,7] 98 [97,99] 9 [7,11] 52 [51,53]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,51] 2 [1,3] 99 [99,100] 3 [1,5] 50 [50,51]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [46,54] 3 [2,5] 99 [99,100] 5 [2,8] 51 [50,52]

segmentation from masks
ULS 66 [61,71] 51 [43,58] 69 [65,73] 58 [54,63] 55 [52,58] 77 [74,80] 56 [52,58] 67 [65,69]
FLARE23 Top 1 28 [23,33] 97 [94,99] 43 [37,49] 62 [60,65] 7 [6,9] 99 [98,100] 12 [10,14] 53 [52,54]
FLARE23 Top 2 38 [33,43] 90 [86,94] 53 [48,58] 64 [60,67] 13 [11,14] 98 [98,99] 20 [18,22] 55 [54,56]
FLARE24 Top 1 22 [18,26] 95 [92,98] 36 [30,41] 59 [56,61] 10 [8,11] 99 [98,99] 16 [14,18] 54 [53,55]
FLARE25 Baseline 20 [16,24] 96 [92,98] 32 [27,38] 58 [55,60] 15 [12,17] 97 [96,98] 22 [18,25] 56 [55,57]

segmentation from reports (ours)
R-Super 62 [56,67] 89 [84,94] 74 [70,78] 81 [77,84] 78 [75,80] 82 [80,84] 78 [76,81] 85 [84,87]
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Table D19: Tumor detection, external validation: R-Super generalized well to European images (Basel,

Switzerland) despite being trained only on American images (UCSF and Stanford, USA). This table evaluates
tumor detection (malignant + benign vs no-tumor). R-Super was trained with the R-Super train dataset (USA), and it was
evaluated on the Basel test set (external validation, Switzerland). See dataset details in Tab. 1, A1. We compare R-Super
to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer
segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best, using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other
metrics. Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap
samples.

AI bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 75 [70,80] 78 [66,89] 84 [80,87] 82 [76,87] 99 [96,100] 17 [6,27] 79 [72,84] 46 [36,57]
Merlin 22 [18,27] 93 [85,98] 36 [30,42] 52 [44,59] 31 [22,42] 76 [64,86] 42 [31,53] 45 [36,54]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 2 [1,4] 100 [100,100] 4 [1,7] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 9 [6,12] 93 [85,98] 16 [10,22] 51 [46,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 83 [79,88] 65 [52,78] 88 [85,91] 73 [66,81] 66 [56,76] 63 [50,77] 70 [61,77] 66 [57,75]
FLARE23 Top 1 2 [1,4] 100 [100,100] 4 [1,7] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 12 [5,18] 100 [100,100] 21 [10,31] 56 [53,59]
FLARE24 Top 1 5 [2,7] 100 [100,100] 9 [5,14] 52 [50,54] 7 [2,13] 100 [100,100] 13 [4,22] 53 [51,56]
FLARE25 Baseline 15 [11,20] 98 [94,100] 26 [20,32] 57 [54,59] 17 [10,25] 100 [100,100] 29 [18,40] 58 [54,62]

segmentation from reports (ours)
R-Super 71 [65,76] 92 [84,98] 82 [78,86] 89 [84,92] 85 [77,92] 89 [80,96] 89 [83,93] 90 [84,94]

AI gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 72 [62,82] 65 [52,77] 73 [65,80] 69 [59,78] 80 [75,85] 32 [20,45] 82 [79,86] 48 [39,57]
Merlin 59 [47,70] 70 [58,83] 66 [55,74] 64 [54,74] 36 [30,42] 87 [78,95] 52 [46,58] 59 [52,66]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,52] 24 [19,29] 93 [85,98] 38 [31,45] 58 [54,62]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 7 [2,13] 96 [90,100] 12 [3,22] 51 [48,56] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 50 [39,63] 76 [64,87] 60 [49,70] 64 [54,73] 67 [61,72] 94 [88,100] 80 [75,84] 84 [80,88]
FLARE23 Top 1 14 [7,23] 98 [94,100] 25 [12,37] 55 [50,60] 5 [2,7] 100 [100,100] 9 [4,14] 52 [51,54]
FLARE23 Top 2 17 [9,26] 96 [91,100] 29 [16,40] 57 [51,63] 4 [2,6] 100 [100,100] 7 [3,12] 52 [51,53]
FLARE24 Top 1 16 [8,25] 100 [100,100] 27 [15,40] 58 [54,62] 19 [14,24] 100 [100,100] 32 [25,38] 60 [57,62]
FLARE25 Baseline 8 [2,15] 100 [100,100] 15 [5,26] 53 [49,57] 31 [26,37] 100 [100,100] 48 [41,54] 66 [63,68]

segmentation from reports (ours)
R-Super 70 [59,80] 53 [39,68] 69 [60,77] 64 [55,75] 64 [58,70] 100 [100,100] 78 [73,82] 83 [78,87]

AI prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 51 [43,58] 70 [57,82] 63 [57,69] 60 [51,69] 23 [21,25] 87 [76,95] 37 [34,40] 46 [39,53]
Merlin 8 [4,13] 100 [100,100] 15 [9,22] 46 [38,54] 21 [19,23] 89 [80,96] 34 [32,37] 45 [39,53]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 48 [45,50] 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,1] 100 [100,100] 1 [0,2] 50 [50,50]
Lingshu 15 [10,20] 96 [90,100] 26 [18,33] 56 [52,59] 0 [0,0] 100 [100,100] 0 [0,1] 50 [50,50]

segmentation from masks
ULS 64 [56,71] 87 [77,96] 76 [70,81] 78 [72,83] 28 [26,30] 96 [91,100] 44 [41,46] 60 [55,65]
FLARE23 Top 1 2 [0,4] 100 [100,100] 4 [0,7] 51 [50,52] 11 [10,13] 98 [94,100] 20 [17,23] 55 [52,56]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 20 [18,22] 100 [100,100] 33 [31,36] 60 [59,61]
FLARE24 Top 1 2 [0,4] 100 [100,100] 4 [0,8] 51 [50,52] 10 [9,12] 100 [100,100] 18 [16,21] 55 [54,56]
FLARE25 Baseline 14 [9,20] 100 [100,100] 25 [17,33] 57 [55,60] 8 [7,10] 100 [100,100] 15 [13,18] 54 [53,55]

segmentation from reports (ours)
R-Super 82 [76,88] 89 [79,96] 89 [84,92] 88 [83,93] 72 [69,74] 85 [74,94] 83 [82,85] 83 [78,88]

AI spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 91 [88,93] 17 [7,26] 92 [90,93] 44 [36,52] 70 [68,72] 52 [47,57] 73 [70,75] 57 [52,61]
Merlin 18 [15,21] 91 [82,98] 30 [26,34] 47 [40,53] 28 [25,31] 86 [80,92] 39 [36,42] 51 [45,57]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [47,52] 3 [3,4] 99 [98,100] 5 [4,6] 50 [48,52]
MedGemma 0 [0,1] 100 [100,100] 1 [0,2] 50 [50,50] 0 [0,1] 100 [100,100] 1 [0,1] 50 [50,50]
Lingshu 23 [19,26] 80 [68,90] 36 [32,40] 51 [45,57] 8 [6,9] 95 [93,97] 13 [11,15] 51 [50,53]

segmentation from masks
ULS 81 [78,84] 17 [7,27] 86 [84,88] 34 [25,44] 63 [60,65] 71 [67,75] 72 [70,74] 66 [63,68]
FLARE23 Top 1 30 [27,34] 94 [88,100] 47 [43,51] 63 [59,66] 9 [8,11] 99 [97,100] 16 [13,17] 54 [53,55]
FLARE23 Top 2 49 [45,52] 85 [76,94] 65 [62,68] 68 [63,73] 14 [13,16] 97 [96,99] 22 [20,25] 56 [55,57]
FLARE24 Top 1 28 [24,31] 82 [71,92] 43 [39,46] 53 [47,59] 12 [11,14] 97 [96,99] 21 [18,23] 55 [53,56]
FLARE25 Baseline 20 [17,23] 85 [75,94] 34 [29,38] 51 [44,57] 16 [14,18] 98 [96,99] 27 [24,30] 56 [55,58]

segmentation from reports (ours)
R-Super 67 [64,70] 85 [75,94] 80 [77,82] 82 [77,86] 73 [70,75] 85 [81,88] 81 [79,83] 83 [80,85]
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D.6.2 Malignant Tumor Detection1490

Table D20: Malignant tumors, internal validation (UCSF, USA): trained with no mask, R-Super surpasses

state-of-the-art public AI models in the detection of 7 malignant tumor types. This table evaluates tumor
detection stratified for malignant tumors (malignant vs no-tumor). R-Super was trained with the R-Super train set (USA,
no tumor mask), and it was evaluated on the UCSF test set (internal validation). See dataset details in Tab. 1, A1. We
compare R-Super to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the
FLARE cancer segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing
model with the second-best model for each metric. We used DeLong’s test for AUC and paired permutation tests (two-
sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% confidence intervals, calculated
via bootstrapping, with 1,000 bootstrap samples.

AI bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 31 [25,38] 78 [70,86] 44 [37,51] 53 [46,59] 44 [38,50] 80 [73,88] 57 [50,63] 62 [56,68]
Merlin 42 [35,49] 81 [74,88] 55 [48,61] 65 [59,71] 60 [54,66] 69 [60,77] 69 [64,74] 70 [64,75]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,51]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 26 [20,33] 79 [71,86] 37 [30,45] 51 [45,57] 5 [3,8] 98 [95,100] 10 [5,15] 51 [47,54]
FLARE23 Top 1 7 [4,11] 99 [97,100] 13 [7,19] 53 [50,55] 1 [0,2] 100 [100,100] 2 [0,4] 50 [50,51]
FLARE23 Top 2 3 [1,6] 99 [97,100] 6 [2,11] 51 [50,53] 12 [8,16] 99 [97,100] 20 [14,27] 55 [53,57]
FLARE24 Top 1 8 [4,12] 99 [97,100] 14 [8,21] 53 [51,55] 4 [2,6] 100 [100,100] 7 [3,12] 52 [51,53]
FLARE25 Baseline 11 [7,16] 97 [94,100] 20 [12,27] 54 [52,57] 7 [4,11] 100 [100,100] 14 [8,19] 54 [52,55]

segmentation from reports (ours)
R-Super 77 [71,82] 78 [70,85] 81 [76,85] 82 [77,86] 88 [83,92] 87 [80,93] 90 [87,93] 92 [89,95]

AI gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 83 [75,91] 42 [34,52] 62 [55,70] 65 [57,72] 57 [46,68] 57 [48,65] 53 [44,61] 55 [47,63]
Merlin 31 [21,41] 80 [73,88] 39 [27,48] 52 [44,61] 71 [61,81] 78 [70,85] 71 [62,79] 76 [68,84]

VLM report generation
Merlin 1 [0,4] 100 [100,100] 2 [0,8] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 4 [0,9] 100 [100,100] 8 [0,17] 52 [50,55] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 48 [46,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 13 [6,21] 96 [92,99] 22 [11,33] 54 [49,58] 32 [23,42] 85 [78,91] 42 [31,53] 58 [52,65]
FLARE23 Top 1 35 [24,46] 98 [95,100] 50 [37,62] 66 [61,72] 11 [5,17] 100 [100,100] 19 [9,30] 55 [52,59]
FLARE23 Top 2 83 [74,91] 94 [89,98] 87 [80,92] 89 [84,94] 17 [10,25] 99 [97,100] 28 [17,40] 58 [54,62]
FLARE24 Top 1 55 [44,66] 98 [95,100] 70 [60,78] 77 [71,82] 52 [41,63] 98 [96,100] 68 [57,77] 76 [70,81]
FLARE25 Baseline 50 [39,61] 98 [95,100] 66 [55,75] 74 [68,80] 61 [50,70] 92 [87,97] 71 [62,79] 77 [71,83]

segmentation from reports (ours)
R-Super 90 [82,96] 93 [88,97] 90 [85,94] 95 [91,99] 80 [71,88] 96 [92,99] 86 [80,91] 91 [86,95]

AI prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 58 [49,69] 58 [50,67] 55 [47,64] 56 [49,64] 32 [23,39] 77 [70,84] 42 [32,50] 52 [45,59]
Merlin 64 [54,74] 81 [74,88] 68 [60,76] 75 [68,82] 77 [70,84] 46 [37,56] 69 [62,75] 65 [58,72]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 4 [1,8] 98 [96,100] 9 [3,15] 51 [49,54]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 33 [24,42] 85 [78,91] 43 [32,53] 58 [52,65] 1 [0,3] 100 [100,100] 2 [0,5] 50 [50,51]
FLARE23 Top 1 1 [0,4] 100 [100,100] 2 [0,7] 51 [50,52] 30 [23,38] 100 [100,100] 46 [37,55] 65 [61,69]
FLARE23 Top 2 1 [0,4] 100 [100,100] 2 [0,7] 50 [49,52] 35 [27,44] 100 [100,100] 52 [43,61] 68 [64,72]
FLARE24 Top 1 2 [0,6] 100 [100,100] 4 [0,10] 50 [48,52] 19 [12,25] 100 [100,100] 32 [22,40] 59 [56,63]
FLARE25 Baseline 28 [20,38] 93 [88,97] 41 [30,51] 60 [55,65] 20 [13,26] 100 [100,100] 33 [23,42] 60 [56,63]

segmentation from reports (ours)
R-Super 91 [85,96] 72 [63,80] 80 [73,86] 88 [82,93] 92 [87,96] 93 [88,97] 93 [90,96] 96 [94,98]

AI spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 85 [72,97] 58 [50,67] 53 [42,64] 71 [62,79] 56 [52,59] 64 [60,69] 52 [48,56] 59 [56,63]
Merlin 59 [42,74] 74 [66,81] 48 [34,60] 71 [61,81] 58 [54,62] 73 [66,79] 60 [56,64] 68 [63,72]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 0 [0,1] 100 [100,100] 0 [0,1] 50 [50,50]
MedGemma 6 [0,16] 95 [90,98] 10 [0,23] 50 [46,55] 2 [1,4] 99 [98,100] 4 [2,6] 50 [50,51]
Lingshu 24 [10,39] 77 [69,84] 24 [11,37] 50 [42,59] 3 [2,6] 97 [96,98] 3 [2,5] 50 [48,51]

segmentation from masks
ULS 28 [13,44] 90 [84,96] 35 [17,50] 58 [50,67] 20 [16,23] 90 [88,93] 27 [23,31] 54 [52,57]
FLARE23 Top 1 15 [3,29] 100 [100,100] 26 [6,44] 57 [51,64] 14 [11,17] 100 [99,100] 23 [18,26] 57 [55,58]
FLARE23 Top 2 44 [27,62] 98 [95,100] 59 [40,75] 71 [62,80] 28 [25,31] 98 [98,99] 36 [33,40] 63 [61,65]
FLARE24 Top 1 18 [6,31] 98 [95,100] 29 [11,46] 57 [52,64] 23 [19,25] 99 [98,100] 32 [28,35] 61 [59,62]
FLARE25 Baseline 24 [11,39] 99 [97,100] 37 [19,55] 61 [55,69] 29 [25,32] 97 [95,98] 40 [36,44] 63 [61,65]

segmentation from reports (ours)
R-Super 91 [81,100] 92 [87,97] 84 [74,92] 95 [90,98] 87 [84,90] 87 [84,90] 86 [84,88] 91 [89,93]
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Table D21: Malignant tumors, external validation (Merlin, Stanford, USA): trained with no mask, R-Super
surpasses state-of-the-art public AI models in the detection of 7 malignant tumor types. This table evaluates
tumor detection stratified for malignant tumors (malignant vs no-tumor). R-Super was trained with the UCSF dataset (no
tumor mask), and it was evaluated on the Merlin test set (Stanford hospital). No data from the Stanford hospital was used
in training, making this an external (out-of-distribution) test set. See dataset details in Tab. 1, A1. We compare R-Super
to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer
segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best, using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other
metrics. Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap
samples.

AI bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 64 [50,76] 54 [43,63] 49 [38,59] 55 [46,65] 13 [0,33] 95 [91,98] 17 [0,38] 41 [25,58]
Merlin 71 [59,82] 91 [86,96] 75 [65,83] 86 [80,91] 60 [31,85] 90 [85,96] 51 [27,71] 62 [37,84]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 44 [31,56] 75 [66,83] 44 [32,56] 54 [44,63] 13 [0,35] 99 [97,100] 22 [0,48] 51 [43,63]
FLARE23 Top 1 4 [0,9] 100 [100,100] 7 [0,17] 52 [50,55] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 13 [0,33] 100 [100,100] 24 [0,50] 57 [50,67]
FLARE24 Top 1 11 [4,19] 99 [97,100] 19 [7,32] 55 [51,59] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE25 Baseline 26 [14,37] 100 [100,100] 41 [24,54] 63 [57,69] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from reports (ours)
R-Super 82 [71,91] 83 [76,89] 76 [66,84] 84 [76,91] 73 [50,93] 89 [82,94] 56 [36,74] 83 [68,94]

AI gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 98 [92,100] 23 [16,31] 47 [38,56] 62 [53,71] 93 [86,98] 12 [7,19] 50 [42,59] 46 [36,55]
Merlin 93 [83,100] 29 [21,38] 48 [38,56] 63 [52,72] 81 [70,90] 87 [80,93] 78 [69,86] 85 [78,92]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 5 [0,13] 98 [96,100] 9 [0,22] 52 [49,56] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 34 [20,48] 92 [87,97] 44 [29,58] 63 [56,71] 72 [60,82] 69 [61,78] 62 [51,71] 72 [64,79]
FLARE23 Top 1 58 [44,75] 99 [97,100] 73 [60,85] 79 [72,87] 9 [2,18] 100 [100,100] 16 [4,30] 54 [51,59]
FLARE23 Top 2 71 [56,84] 98 [96,100] 81 [70,89] 85 [77,91] 4 [0,9] 99 [97,100] 7 [0,16] 51 [49,54]
FLARE24 Top 1 58 [42,74] 100 [100,100] 74 [60,85] 79 [71,87] 46 [34,60] 99 [97,100] 62 [50,74] 73 [66,80]
FLARE25 Baseline 51 [35,66] 100 [100,100] 68 [52,80] 76 [68,83] 63 [50,75] 87 [81,93] 67 [56,76] 77 [70,84]

segmentation from reports (ours)
R-Super 76 [62,89] 96 [92,99] 80 [70,90] 92 [86,97] 81 [70,91] 93 [88,97] 83 [74,90] 95 [92,98]

AI prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 14 [0,31] 92 [87,97] 18 [0,36] 39 [26,54] 5 [1,11] 96 [93,99] 10 [2,18] 43 [34,51]
Merlin 71 [50,91] 92 [87,96] 67 [48,80] 88 [79,95] 79 [70,86] 92 [87,97] 84 [77,88] 87 [81,92]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 2 [0,5] 100 [100,100] 4 [0,10] 51 [50,53]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 48 [46,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 67 [45,86] 84 [77,91] 53 [35,67] 79 [67,89] 5 [1,10] 100 [100,100] 10 [2,18] 53 [51,55]
FLARE23 Top 1 5 [0,15] 100 [100,100] 9 [0,27] 52 [50,58] 27 [18,36] 100 [100,100] 42 [30,53] 63 [59,68]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 48 [38,58] 100 [100,100] 65 [55,74] 74 [69,79]
FLARE24 Top 1 19 [4,36] 99 [97,100] 31 [8,50] 59 [51,68] 28 [20,37] 100 [100,100] 43 [33,54] 64 [60,68]
FLARE25 Baseline 57 [36,78] 87 [81,93] 50 [33,65] 71 [60,81] 27 [19,36] 100 [100,100] 42 [32,52] 63 [59,68]

segmentation from reports (ours)
R-Super 90 [76,100] 90 [84,95] 74 [60,86] 95 [89,99] 95 [90,99] 96 [92,99] 95 [91,98] 98 [95,100]

AI spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 96 [90,100] 25 [18,34] 60 [52,68] 60 [52,69] 55 [50,59] 57 [54,60] 36 [30,42] 50 [45,54]
Merlin 72 [62,83] 88 [82,93] 75 [66,83] 79 [71,87] 75 [69,81] 81 [77,85] 68 [62,74] 78 [73,83]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 0 [0,1] 100 [100,100] 1 [0,2] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 49 [44,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 33 [22,46] 74 [66,82] 38 [25,49] 54 [46,61] 6 [4,8] 96 [95,97] 7 [4,9] 51 [49,52]

segmentation from masks
ULS 48 [36,60] 96 [92,99] 62 [49,72] 74 [67,81] 40 [35,46] 88 [86,90] 42 [37,48] 64 [60,67]
FLARE23 Top 1 35 [23,46] 99 [97,100] 51 [37,62] 67 [61,73] 20 [16,23] 100 [99,100] 28 [24,33] 60 [58,62]
FLARE23 Top 2 59 [49,70] 96 [92,99] 71 [62,80] 78 [72,84] 28 [24,32] 99 [98,100] 35 [31,40] 63 [61,66]
FLARE24 Top 1 30 [20,41] 100 [100,100] 47 [33,58] 65 [60,70] 28 [23,32] 100 [99,100] 39 [34,44] 64 [61,66]
FLARE25 Baseline 32 [22,42] 100 [100,100] 48 [36,60] 66 [61,71] 36 [31,42] 96 [95,98] 45 [39,50] 66 [64,69]

segmentation from reports (ours)
R-Super 90 [83,96] 90 [84,95] 87 [80,92] 92 [88,96] 84 [79,88] 91 [89,93] 79 [74,83] 91 [89,94]
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Table D22: Malignant tumors, external validation: R-Super generalized well to European images
(Medipol, Istanbul, Turkey) despite being trained only on American images (UCSF and Stanford,
USA). This table evaluates tumor detection stratified for malignant tumors (malignant vs no-tumor). R-Super
was trained with the R-Super train dataset (USA), and it was evaluated on the Medipol test set (external
validation, Turkey). See dataset details in Tab. 1, A1. We compare R-Super to prominent public AI models:
MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer segmentation challenge.
Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best,
using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics.
Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap
samples. n/a: we skipped organs with less than 10 positive scans in the dataset.

AI bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 74 [60,87] 79 [72,84] 55 [43,65] 80 [73,88] 54 [41,67] 52 [45,60] 34 [26,43] 48 [39,57]
Merlin 49 [32,63] 79 [73,85] 40 [27,51] 64 [53,72] 37 [25,51] 86 [82,91] 41 [28,53] 66 [58,74]

VLM report generation
Merlin 3 [0,8] 99 [98,100] 5 [0,15] 51 [49,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 2 [0,6] 99 [98,100] 4 [0,11] 51 [49,53]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 67 [52,82] 66 [58,73] 41 [30,52] 68 [57,78] 20 [10,32] 97 [94,99] 31 [17,45] 57 [50,64]
FLARE23 Top 1 3 [0,9] 99 [98,100] 5 [0,15] 50 [48,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 26 [15,38] 100 [100,100] 41 [26,55] 63 [57,69]
FLARE24 Top 1 3 [0,9] 100 [100,100] 5 [0,16] 51 [50,54] 15 [6,24] 100 [100,100] 26 [12,39] 57 [53,62]
FLARE25 Baseline 13 [3,24] 99 [98,100] 22 [5,38] 56 [51,62] 9 [2,18] 98 [96,100] 16 [4,29] 54 [50,58]

segmentation from reports (ours)
R-Super 82 [70,94] 94 [90,97] 78 [67,87] 90 [83,96] 93 [85,98] 93 [88,96] 86 [78,92] 97 [93,99]

AI gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight n/a n/a n/a n/a n/a n/a n/a n/a
Merlin n/a n/a n/a n/a n/a n/a n/a n/a

VLM report generation
Merlin n/a n/a n/a n/a n/a n/a n/a n/a
MedGemma n/a n/a n/a n/a n/a n/a n/a n/a
Lingshu n/a n/a n/a n/a n/a n/a n/a n/a

segmentation from masks
ULS n/a n/a n/a n/a n/a n/a n/a n/a
FLARE23 Top 1 n/a n/a n/a n/a n/a n/a n/a n/a
FLARE23 Top 2 n/a n/a n/a n/a n/a n/a n/a n/a
FLARE24 Top 1 n/a n/a n/a n/a n/a n/a n/a n/a
FLARE25 Baseline n/a n/a n/a n/a n/a n/a n/a n/a

segmentation from reports (ours)
R-Super n/a n/a n/a n/a n/a n/a n/a n/a

AI prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight n/a n/a n/a n/a 75 [64,86] 49 [42,56] 45 [37,54] 60 [52,68]
Merlin n/a n/a n/a n/a 97 [92,100] 74 [67,80] 70 [62,78] 86 [81,90]

VLM report generation
Merlin n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50]
MedGemma n/a n/a n/a n/a 5 [0,12] 98 [95,100] 9 [0,20] 51 [49,55]
Lingshu n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS n/a n/a n/a n/a 12 [4,22] 100 [100,100] 21 [8,36] 54 [50,59]
FLARE23 Top 1 n/a n/a n/a n/a 10 [3,19] 100 [100,100] 18 [6,32] 55 [52,60]
FLARE23 Top 2 n/a n/a n/a n/a 36 [24,48] 100 [100,100] 52 [38,65] 68 [62,74]
FLARE24 Top 1 n/a n/a n/a n/a 2 [0,6] 100 [100,100] 3 [0,11] 51 [50,53]
FLARE25 Baseline n/a n/a n/a n/a 2 [0,5] 100 [100,100] 3 [0,10] 51 [50,53]

segmentation from reports (ours)
R-Super n/a n/a n/a n/a 95 [89,100] 91 [87,95] 86 [78,92] 97 [95,99]

AI spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 68 [59,78] 48 [40,55] 53 [45,60] 57 [50,64] 68 [62,74] 57 [52,61] 47 [42,52] 61 [57,66]
Merlin 82 [74,89] 65 [58,72] 68 [61,74] 75 [69,81] 66 [60,72] 76 [71,81] 55 [48,61] 73 [68,77]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,51] 1 [0,2] 100 [100,100] 1 [0,4] 50 [49,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,52] 2 [0,4] 99 [98,100] 3 [1,7] 50 [49,52]
Lingshu 24 [16,33] 78 [72,83] 30 [21,39] 51 [46,56] 6 [4,8] 94 [93,96] 7 [5,10] 50 [49,51]

segmentation from masks
ULS 47 [38,57] 67 [61,74] 46 [38,55] 58 [51,65] 36 [31,42] 83 [80,85] 35 [29,41] 59 [55,63]
FLARE23 Top 1 46 [37,56] 98 [95,100] 62 [52,70] 72 [67,77] 15 [12,19] 99 [99,100] 21 [17,26] 57 [55,59]
FLARE23 Top 2 64 [55,72] 90 [86,94] 71 [63,78] 78 [73,83] 31 [26,37] 98 [96,99] 41 [35,47] 64 [62,67]
FLARE24 Top 1 54 [45,64] 95 [92,98] 66 [58,75] 75 [70,80] 18 [14,22] 99 [98,100] 25 [20,30] 59 [57,61]
FLARE25 Baseline 42 [33,52] 96 [92,98] 56 [46,65] 69 [64,74] 16 [13,21] 98 [97,99] 24 [19,30] 57 [56,60]

segmentation from reports (ours)
R-Super 78 [69,85] 89 [84,94] 79 [73,85] 87 [82,92] 87 [82,91] 92 [89,94] 82 [77,86] 93 [90,95]
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Table D23: Malignant tumors, external validation: R-Super generalized well to European images (Basel,

Switzerland) despite being trained only on American images (UCSF and Stanford, USA). This table evaluates
tumor detection stratified for malignant tumors (malignant vs no-tumor). R-Super was trained with the R-Super train
dataset (USA), and it was evaluated on the Basel test set (external validation, Switzerland). See dataset details in
Tab. 1, A1. We compare R-Super to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS,
and winners of the FLARE cancer segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing
the best-performing model with the second-best, using DeLong’s test for AUC and paired permutation tests (two-sided,
10,000 permutations) for the other metrics. Results are shown as average and 95% confidence intervals, calculated via
bootstrapping, with 1,000 bootstrap samples.

AI bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 87 [80,94] 67 [53,79] 83 [76,89] 83 [76,90] 89 [76,100] 32 [20,44] 56 [42,67] 50 [38,64]
Merlin 39 [29,50] 78 [66,88] 51 [40,61] 53 [43,63] 43 [25,62] 76 [64,86] 45 [28,62] 54 [40,68]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 2 [0,7] 100 [100,100] 5 [0,12] 51 [50,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 8 [2,14] 93 [85,98] 14 [4,23] 50 [46,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 86 [77,93] 65 [52,78] 82 [75,88] 74 [65,83] 82 [67,95] 59 [46,72] 63 [48,75] 72 [61,83]
FLARE23 Top 1 1 [0,4] 100 [100,100] 2 [0,8] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 11 [0,24] 100 [100,100] 19 [0,39] 55 [50,62]
FLARE24 Top 1 10 [4,17] 98 [94,100] 18 [8,30] 54 [51,58] 4 [0,12] 100 [100,100] 7 [0,21] 52 [50,56]
FLARE25 Baseline 22 [12,31] 98 [94,100] 35 [22,47] 60 [55,65] 18 [4,32] 100 [100,100] 30 [7,49] 58 [51,66]

segmentation from reports (ours)
R-Super 77 [68,86] 96 [90,100] 86 [80,92] 93 [88,97] 79 [61,92] 89 [80,96] 79 [64,88] 82 [69,92]

AI gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 71 [48,91] 65 [52,77] 50 [32,66] 68 [52,81] 73 [54,89] 43 [28,56] 53 [38,65] 55 [42,68]
Merlin 65 [40,87] 70 [58,83] 50 [30,68] 64 [49,78] 87 [74,97] 68 [55,81] 71 [58,82] 81 [70,91]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 48 [45,50] 10 [0,23] 93 [85,98] 16 [0,33] 51 [46,58]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 6 [0,22] 96 [90,100] 10 [0,32] 51 [46,59] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 88 [71,100] 63 [50,76] 58 [40,73] 75 [63,87] 100 [100,100] 96 [91,100] 97 [91,100] 100 [99,100]
FLARE23 Top 1 29 [8,53] 98 [94,100] 44 [12,67] 62 [51,75] 7 [0,17] 100 [100,100] 12 [0,29] 53 [50,58]
FLARE23 Top 2 65 [41,88] 91 [83,98] 67 [44,83] 78 [66,91] 7 [0,17] 100 [100,100] 12 [0,29] 53 [50,58]
FLARE24 Top 1 29 [8,53] 100 [100,100] 46 [15,69] 65 [54,76] 73 [56,89] 100 [100,100] 85 [72,94] 87 [78,94]
FLARE25 Baseline 18 [0,40] 96 [91,100] 27 [0,52] 57 [48,68] 73 [57,89] 100 [100,100] 85 [73,94] 87 [79,94]

segmentation from reports (ours)
R-Super 65 [40,90] 76 [64,87] 54 [32,71] 69 [54,84] 93 [83,100] 98 [94,100] 95 [88,100] 95 [87,100]

AI prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 79 [62,93] 52 [38,65] 58 [44,71] 64 [51,76] 26 [22,30] 87 [76,95] 40 [35,46] 50 [42,57]
Merlin 25 [10,42] 96 [90,100] 38 [17,56] 55 [41,69] 25 [21,30] 91 [83,98] 40 [35,45] 51 [44,58]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 48 [45,50] 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 1 [0,2] 100 [100,100] 2 [0,4] 50 [50,51]
Lingshu 18 [4,32] 96 [90,100] 29 [7,46] 57 [50,64] 0 [0,1] 100 [100,100] 1 [0,2] 50 [50,51]

segmentation from masks
ULS 68 [50,85] 83 [73,93] 68 [53,80] 79 [68,89] 30 [26,34] 96 [91,100] 46 [41,51] 60 [55,66]
FLARE23 Top 1 7 [0,18] 100 [100,100] 13 [0,30] 54 [50,59] 16 [13,20] 98 [94,100] 28 [23,33] 57 [55,60]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 31 [27,36] 100 [100,100] 48 [43,53] 66 [64,68]
FLARE24 Top 1 7 [0,18] 100 [100,100] 13 [0,30] 54 [50,59] 14 [11,18] 100 [100,100] 25 [20,30] 57 [56,59]
FLARE25 Baseline 14 [3,29] 100 [100,100] 25 [6,44] 57 [52,64] 11 [8,14] 100 [100,100] 20 [14,24] 56 [54,57]

segmentation from reports (ours)
R-Super 82 [67,96] 89 [79,96] 81 [67,90] 87 [77,95] 72 [68,76] 85 [74,94] 83 [80,86] 83 [78,88]

AI spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 81 [72,89] 33 [21,46] 74 [66,80] 53 [43,62] 72 [66,77] 54 [48,60] 59 [53,65] 60 [55,66]
Merlin 33 [24,43] 91 [82,98] 48 [36,58] 64 [54,72] 45 [40,51] 82 [74,88] 49 [43,55] 60 [54,67]

VLM report generation
Merlin 6 [1,10] 96 [90,100] 10 [2,19] 51 [47,54] 2 [1,4] 98 [97,100] 4 [1,6] 50 [47,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,1] 100 [100,100] 1 [0,2] 50 [50,51]
Lingshu 22 [14,30] 80 [68,90] 33 [22,43] 51 [44,58] 8 [5,11] 95 [93,97] 12 [8,16] 51 [50,53]

segmentation from masks
ULS 89 [82,95] 17 [7,27] 75 [68,81] 39 [28,50] 78 [73,82] 68 [65,72] 70 [65,74] 71 [68,75]
FLARE23 Top 1 47 [37,58] 94 [88,100] 63 [52,72] 72 [66,78] 15 [12,20] 99 [97,100] 23 [18,28] 57 [55,59]
FLARE23 Top 2 54 [43,64] 96 [90,100] 69 [59,77] 77 [69,83] 24 [20,28] 98 [96,100] 31 [26,35] 61 [59,64]
FLARE24 Top 1 40 [30,50] 85 [76,94] 53 [43,63] 61 [52,68] 25 [21,30] 98 [96,99] 35 [30,40] 61 [59,64]
FLARE25 Baseline 41 [29,51] 85 [75,94] 54 [42,64] 61 [53,69] 28 [23,33] 97 [96,98] 40 [33,45] 62 [60,65]

segmentation from reports (ours)
R-Super 77 [67,86] 76 [63,86] 80 [73,86] 81 [74,88] 78 [73,83] 87 [83,90] 80 [75,83] 84 [81,87]
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D.6.3 Small Tumor Detection1491

Table D24: Small tumor detection, internal validation (UCSF, USA): trained with no mask, R-Super
accurately detects small tumors (diameter → 2 cm). This table evaluates tumor detection (malignant + benign
vs no-tumor), evaluating only on small tumors. R-Super was trained with the R-Super train set (USA, no tumor mask),
and it was evaluated on the UCSF test set (internal validation). See dataset details in Tab. 1, A1. We compare R-
Super to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE
cancer segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model
with the second-best model for each metric. We used DeLong’s test for AUC and paired permutation tests (two-sided,
10,000 permutations) for the other metrics. Results are shown as average and 95% confidence intervals, calculated via
bootstrapping, with 1,000 bootstrap samples.

AI bladder small tumor esophagus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 73 [65,81] 41 [32,50] 62 [55,69] 56 [49,64] 55 [42,67] 80 [73,88] 58 [47,68] 69 [61,77]
Merlin 36 [27,46] 81 [74,88] 47 [36,56] 59 [51,66] 45 [34,58] 69 [60,77] 45 [35,56] 60 [51,69]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,53]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,51] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 28 [20,37] 79 [71,86] 38 [28,47] 53 [46,60] 9 [3,17] 98 [95,100] 17 [5,29] 54 [48,60]
FLARE23 Top 1 4 [1,8] 99 [97,100] 7 [2,14] 51 [49,53] 2 [0,5] 100 [100,100] 3 [0,10] 51 [50,53]
FLARE23 Top 2 5 [1,9] 99 [97,100] 9 [2,17] 52 [50,54] 20 [11,30] 99 [97,100] 33 [20,46] 60 [55,65]
FLARE24 Top 1 3 [0,6] 99 [97,100] 5 [0,12] 50 [49,52] 5 [0,10] 100 [100,100] 9 [0,18] 52 [50,55]
FLARE25 Baseline 3 [0,6] 97 [94,100] 5 [0,12] 50 [48,52] 6 [1,13] 100 [100,100] 12 [3,23] 53 [51,56]

segmentation from reports (ours)
R-Super 57 [48,66] 73 [64,80] 61 [54,69] 67 [60,74] 88 [79,95] 87 [80,93] 83 [75,89] 93 [89,96]

AI gallbladder small tumor uterus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 62 [49,73] 44 [35,53] 48 [38,56] 52 [43,61] 50 [38,63] 57 [48,65] 43 [33,52] 53 [44,62]
Merlin 20 [11,31] 80 [73,88] 26 [15,38] 45 [36,54] 48 [36,61] 77 [69,84] 50 [39,62] 64 [54,73]

VLM report generation
Merlin 2 [0,5] 100 [100,100] 3 [0,10] 51 [50,52] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 2 [0,5] 100 [100,100] 3 [0,10] 51 [50,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 51 [47,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 8 [2,14] 96 [92,99] 14 [3,24] 51 [47,55] 23 [12,34] 85 [78,91] 31 [17,43] 55 [47,62]
FLARE23 Top 1 11 [4,19] 98 [95,100] 19 [7,31] 55 [51,59] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 25 [14,36] 95 [90,98] 37 [23,50] 59 [54,65] 2 [0,6] 100 [100,100] 3 [0,11] 50 [49,52]
FLARE24 Top 1 12 [5,22] 98 [95,100] 21 [9,35] 55 [51,60] 2 [0,6] 100 [100,100] 3 [0,10] 50 [48,52]
FLARE25 Baseline 12 [5,21] 98 [95,100] 21 [9,33] 55 [51,60] 20 [10,30] 92 [87,97] 30 [16,42] 55 [50,61]

segmentation from reports (ours)
R-Super 55 [43,67] 72 [63,79] 54 [43,64] 70 [62,77] 75 [63,86] 87 [80,93] 75 [65,83] 86 [79,92]

AI prostate small tumor adrenal small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 68 [51,83] 54 [46,63] 40 [28,52] 61 [50,72] 67 [61,72] 45 [36,54] 71 [66,75] 55 [49,61]
Merlin 52 [32,69] 74 [65,81] 42 [26,55] 60 [47,72] 44 [39,50] 78 [70,85] 58 [52,63] 64 [58,70]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 4 [2,6] 98 [96,100] 8 [4,12] 51 [49,53]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 23 [9,38] 90 [84,96] 29 [12,45] 55 [46,65] 1 [0,2] 100 [100,100] 1 [0,4] 50 [50,51]
FLARE23 Top 1 3 [0,11] 100 [100,100] 6 [0,20] 52 [50,56] 5 [3,8] 100 [100,100] 10 [5,14] 52 [51,54]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 15 [10,19] 100 [100,100] 26 [19,32] 57 [55,60]
FLARE24 Top 1 3 [0,12] 100 [100,100] 6 [0,21] 51 [48,55] 4 [2,6] 100 [100,100] 8 [3,12] 52 [51,53]
FLARE25 Baseline 16 [4,30] 93 [88,97] 23 [6,38] 54 [47,61] 2 [1,5] 100 [100,100] 5 [2,9] 51 [50,52]

segmentation from reports (ours)
R-Super 42 [24,59] 92 [87,97] 49 [30,64] 72 [59,82] 88 [84,92] 88 [81,93] 91 [88,93] 93 [90,96]

AI spleen small tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 64 [56,71] 42 [33,50] 62 [55,68] 53 [47,60] 62 [58,67] 52 [47,57] 55 [50,59] 57 [53,61]
Merlin 47 [39,56] 58 [48,67] 53 [46,60] 53 [46,60] 42 [38,46] 74 [68,80] 46 [41,51] 58 [52,63]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,51] 0 [0,1] 100 [100,100] 0 [0,1] 50 [50,50]
MedGemma 8 [4,13] 95 [90,98] 15 [8,22] 52 [48,55] 2 [1,3] 99 [98,100] 4 [2,5] 50 [50,51]
Lingshu 25 [18,32] 77 [69,84] 35 [27,43] 51 [46,56] 4 [3,4] 97 [96,98] 5 [4,6] 50 [49,51]

segmentation from masks
ULS 14 [9,20] 89 [84,95] 24 [16,32] 52 [48,56] 15 [12,19] 91 [89,93] 22 [18,26] 53 [50,55]
FLARE23 Top 1 15 [10,21] 100 [100,100] 26 [18,35] 58 [55,61] 6 [4,8] 100 [99,100] 10 [7,13] 53 [52,54]
FLARE23 Top 2 31 [23,37] 97 [94,100] 46 [38,54] 64 [60,68] 14 [11,16] 99 [98,99] 22 [19,25] 56 [55,57]
FLARE24 Top 1 24 [17,30] 97 [94,100] 38 [29,46] 60 [57,64] 8 [6,10] 99 [99,100] 13 [10,16] 53 [52,54]
FLARE25 Baseline 18 [12,24] 99 [97,100] 30 [21,38] 58 [55,62] 11 [8,14] 97 [95,98] 18 [14,22] 54 [52,56]

segmentation from reports (ours)
R-Super 77 [70,83] 92 [87,97] 84 [79,89] 86 [80,90] 69 [65,73] 84 [81,87] 71 [67,75] 81 [78,84]
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Table D25: Small tumor detection, external validation (Merlin, Stanford, USA): trained with no mask,

R-Super accurately detects small tumors (diameter → 2 cm). This table evaluates tumor detection (malignant +
benign vs no-tumor), evaluating only on small tumors. R-Super was trained with the UCSF dataset (no tumor mask),
and it was evaluated on the Merlin test set (Stanford hospital). No data from the Stanford hospital was used in training,
making this an external (out-of-distribution) test set. See dataset details in Tab. 1, A1. We compare R-Super to prominent
public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer segmentation
challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best,
using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results
are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap samples. n/a: we
skipped organs with less than 10 positive scans in the dataset.

AI bladder small tumor esophagus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 83 [71,94] 51 [41,60] 52 [41,62] 68 [57,77] n/a n/a n/a n/a
Merlin 63 [50,78] 84 [77,90] 61 [48,72] 76 [66,85] n/a n/a n/a n/a

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] n/a n/a n/a n/a
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] n/a n/a n/a n/a
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] n/a n/a n/a n/a

segmentation from masks
ULS 29 [15,44] 74 [66,82] 29 [15,42] 44 [33,54] n/a n/a n/a n/a
FLARE23 Top 1 7 [0,16] 100 [100,100] 14 [0,28] 54 [50,58] n/a n/a n/a n/a
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] n/a n/a n/a n/a
FLARE24 Top 1 2 [0,9] 99 [97,100] 5 [0,15] 51 [49,54] n/a n/a n/a n/a
FLARE25 Baseline 10 [2,20] 100 [100,100] 18 [4,33] 55 [51,60] n/a n/a n/a n/a

segmentation from reports (ours)
R-Super 73 [60,86] 82 [73,88] 65 [53,75] 81 [72,88] n/a n/a n/a n/a

AI gallbladder small tumor uterus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 27 [14,41] 89 [83,94] 34 [18,49] 57 [46,67] 70 [57,83] 29 [21,37] 41 [31,51] 48 [39,60]
Merlin 63 [48,78] 69 [61,78] 51 [38,63] 68 [58,78] 47 [33,60] 81 [74,88] 48 [35,60] 67 [57,76]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50]
Lingshu 7 [0,17] 98 [96,100] 13 [0,28] 53 [49,57] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 24 [12,38] 92 [87,97] 33 [17,48] 58 [51,66] 40 [28,56] 68 [60,77] 37 [26,49] 54 [46,63]
FLARE23 Top 1 5 [0,12] 100 [100,100] 9 [0,22] 52 [49,56] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 15 [5,25] 98 [96,100] 24 [9,38] 56 [51,61] 4 [0,11] 99 [97,100] 8 [0,20] 52 [49,55]
FLARE24 Top 1 7 [0,17] 100 [100,100] 14 [0,29] 54 [50,58] 4 [0,11] 99 [97,100] 8 [0,19] 52 [49,55]
FLARE25 Baseline 5 [0,12] 100 [100,100] 9 [0,21] 52 [50,56] 30 [16,43] 87 [81,93] 37 [22,49] 58 [51,66]

segmentation from reports (ours)
R-Super 68 [54,82] 75 [67,83] 58 [45,68] 76 [66,85] 74 [61,87] 85 [78,91] 71 [59,80] 87 [80,93]

AI prostate small tumor adrenal small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight n/a n/a n/a n/a 15 [12,18] 88 [82,93] 25 [20,30] 44 [38,50]
Merlin n/a n/a n/a n/a 55 [50,60] 85 [78,91] 69 [64,73] 71 [67,76]

VLM report generation
Merlin n/a n/a n/a n/a 0 [0,1] 100 [100,100] 0 [0,2] 50 [50,50]
MedGemma n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,50]
Lingshu n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS n/a n/a n/a n/a 2 [0,3] 100 [100,100] 3 [1,6] 51 [50,51]
FLARE23 Top 1 n/a n/a n/a n/a 7 [5,10] 100 [100,100] 13 [9,17] 54 [52,55]
FLARE23 Top 2 n/a n/a n/a n/a 18 [14,22] 100 [100,100] 30 [24,35] 59 [57,61]
FLARE24 Top 1 n/a n/a n/a n/a 8 [5,10] 100 [100,100] 14 [9,18] 54 [52,55]
FLARE25 Baseline n/a n/a n/a n/a 5 [3,7] 100 [100,100] 9 [5,13] 52 [51,53]

segmentation from reports (ours)
R-Super n/a n/a n/a n/a 87 [83,90] 91 [86,96] 92 [89,94] 94 [92,96]

AI spleen small tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 92 [88,96] 18 [11,26] 75 [70,79] 54 [47,62] 50 [41,62] 64 [61,67] 40 [31,47] 54 [46,63]
Merlin 52 [45,60] 88 [82,93] 65 [58,72] 70 [64,76] 55 [46,65] 80 [75,86] 46 [41,52] 70 [61,78]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 50 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [46,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]
Lingshu 27 [21,34] 74 [66,82] 38 [30,45] 50 [45,56] 5 [4,7] 96 [95,97] 7 [5,10] 50 [49,51]

segmentation from masks
ULS 37 [29,44] 78 [71,85] 48 [40,55] 58 [52,63] 22 [16,33] 84 [81,86] 22 [18,26] 52 [48,58]
FLARE23 Top 1 12 [7,17] 99 [97,100] 21 [13,29] 56 [53,58] 4 [3,6] 100 [100,100] 8 [6,11] 52 [51,53]
FLARE23 Top 2 26 [20,33] 96 [92,99] 40 [33,48] 61 [57,65] 9 [7,11] 99 [98,100] 15 [12,18] 54 [53,55]
FLARE24 Top 1 12 [8,18] 100 [100,100] 22 [14,30] 56 [54,59] 5 [3,7] 100 [99,100] 9 [6,12] 52 [51,53]
FLARE25 Baseline 5 [2,8] 100 [100,100] 9 [4,15] 52 [51,54] 8 [5,10] 96 [95,98] 12 [8,15] 52 [50,54]

segmentation from reports (ours)
R-Super 70 [63,77] 90 [85,95] 80 [74,84] 83 [79,88] 70 [59,80] 83 [81,86] 58 [52,64] 82 [77,86]
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Table D26: Small tumor detection, external validation (Medipol, Turkey): trained with no mask, R-Super
accurately detects small tumors (diameter → 2 cm). This table evaluates tumor detection (malignant + benign
vs no-tumor), evaluating only on small tumors. R-Super was trained with the R-Super train dataset (USA), and it was
evaluated on the Medipol test set (external validation, Turkey). See dataset details in Tab. 1, A1. We compare R-Super
to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer
segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best, using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other
metrics. Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap
samples. n/a: we skipped organs with less than 10 positive scans in the dataset.

AI bladder small tumor esophagus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 54 [40,67] 79 [72,84] 48 [37,59] 73 [66,80] 7 [0,15] 94 [90,97] 10 [0,22] 56 [46,66]
Merlin 41 [27,55] 74 [68,80] 36 [24,47] 62 [52,70] 75 [60,87] 48 [41,56] 39 [29,49] 65 [56,74]

VLM report generation
Merlin 4 [0,10] 99 [98,100] 7 [0,17] 52 [50,54] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
MedGemma 0 [0,0] 99 [98,100] 0 [0,0] 50 [49,50] 0 [0,0] 99 [98,100] 0 [0,0] 50 [49,50]
Lingshu 6 [0,13] 98 [96,100] 10 [0,22] 52 [49,56] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 59 [46,72] 72 [66,80] 47 [36,57] 71 [62,79] 59 [44,74] 86 [82,91] 55 [42,67] 74 [64,82]
FLARE23 Top 1 0 [0,0] 99 [98,100] 0 [0,0] 49 [48,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 14 [4,25] 100 [100,100] 24 [8,40] 57 [52,62]
FLARE24 Top 1 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 2 [0,8] 100 [100,100] 4 [0,14] 51 [50,54]
FLARE25 Baseline 4 [0,9] 99 [98,100] 7 [0,16] 52 [50,54] 2 [0,8] 98 [96,100] 4 [0,13] 50 [48,53]

segmentation from reports (ours)
R-Super 91 [82,98] 65 [58,71] 59 [49,67] 80 [74,85] 86 [75,96] 89 [84,93] 74 [63,84] 93 [89,97]

AI gallbladder small tumor uterus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 48 [37,59] 82 [76,87] 50 [40,60] 69 [62,76] 100 [100,100] 24 [18,30] 15 [8,23] 47 [37,58]
Merlin 51 [40,61] 69 [63,76] 45 [36,54] 62 [55,69] 42 [14,70] 82 [76,87] 20 [5,36] 69 [55,84]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [48,50] 33 [8,62] 87 [82,92] 20 [5,39] 60 [47,76]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 51 [49,53] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]

segmentation from masks
ULS 43 [32,54] 82 [76,87] 46 [36,55] 63 [57,69] 50 [21,80] 74 [68,80] 18 [7,31] 66 [50,83]
FLARE23 Top 1 1 [0,4] 98 [96,100] 2 [0,8] 50 [48,52] 0 [0,0] 99 [98,100] 0 [0,0] 49 [48,50]
FLARE23 Top 2 20 [11,30] 97 [94,99] 32 [19,44] 59 [54,64] 0 [0,0] 100 [100,100] 0 [0,0] 50 [49,50]
FLARE24 Top 1 1 [0,4] 99 [98,100] 3 [0,8] 50 [49,52] 0 [0,0] 97 [94,99] 0 [0,0] 49 [47,50]
FLARE25 Baseline 1 [0,4] 98 [96,100] 2 [0,8] 49 [48,51] 0 [0,0] 94 [90,97] 0 [0,0] 47 [45,49]

segmentation from reports (ours)
R-Super 56 [45,67] 68 [62,75] 49 [39,57] 68 [61,76] 100 [100,100] 76 [70,82] 36 [20,50] 83 [76,88]

AI prostate small tumor adrenal small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight n/a n/a n/a n/a 67 [58,76] 49 [42,56] 54 [47,61] 59 [52,66]
Merlin n/a n/a n/a n/a 57 [48,66] 80 [74,85] 60 [52,68] 72 [65,78]

VLM report generation
Merlin n/a n/a n/a n/a 0 [0,0] 99 [97,100] 0 [0,0] 49 [48,50]
MedGemma n/a n/a n/a n/a 4 [1,8] 98 [95,100] 8 [2,14] 51 [49,53]
Lingshu n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS n/a n/a n/a n/a 12 [6,18] 97 [94,99] 21 [12,30] 55 [51,58]
FLARE23 Top 1 n/a n/a n/a n/a 2 [0,5] 100 [100,100] 4 [0,9] 51 [50,52]
FLARE23 Top 2 n/a n/a n/a n/a 4 [1,7] 100 [100,100] 7 [2,14] 52 [50,54]
FLARE24 Top 1 n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE25 Baseline n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from reports (ours)
R-Super n/a n/a n/a n/a 94 [89,98] 91 [87,95] 90 [86,94] 96 [93,98]

AI spleen small tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 76 [69,84] 37 [30,45] 59 [52,65] 53 [46,59] 59 [55,63] 61 [57,64] 40 [36,44] 60 [55,64]
Merlin 77 [70,84] 65 [58,72] 69 [63,75] 71 [65,77] 57 [50,63] 70 [64,75] 45 [40,50] 67 [62,72]

VLM report generation
Merlin 1 [0,2] 99 [97,100] 1 [0,5] 50 [49,51] 6 [2,11] 97 [96,98] 5 [2,8] 52 [50,54]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [47,52] 1 [0,1] 99 [99,100] 1 [0,2] 50 [49,51]
Lingshu 0 [0,0] 100 [100,100] 0 [0,0] 51 [46,56] 1 [0,2] 100 [99,100] 2 [0,4] 50 [49,51]

segmentation from masks
ULS 58 [49,67] 51 [43,58] 52 [45,59] 53 [47,59] 47 [41,53] 77 [74,80] 40 [35,44] 64 [60,67]
FLARE23 Top 1 27 [20,35] 97 [94,99] 42 [32,50] 62 [58,66] 5 [4,6] 99 [98,100] 8 [6,10] 52 [51,53]
FLARE23 Top 2 45 [37,54] 90 [86,94] 57 [49,65] 66 [62,72] 14 [11,17] 98 [97,99] 20 [16,24] 56 [54,57]
FLARE24 Top 1 18 [12,24] 95 [92,98] 29 [20,36] 56 [53,60] 4 [2,5] 99 [98,99] 6 [4,8] 51 [50,52]
FLARE25 Baseline 11 [6,16] 96 [92,98] 19 [11,27] 53 [50,56] 3 [2,5] 98 [97,98] 6 [3,8] 50 [49,51]

segmentation from reports (ours)
R-Super 71 [63,78] 89 [84,94] 77 [70,82] 85 [81,89] 83 [80,86] 80 [77,82] 64 [60,68] 84 [82,86]
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Table D27: Small tumor detection, external validation (Basel, Switzerland): trained with no mask, R-Super
accurately detects small tumors (diameter → 2 cm). This table evaluates tumor detection (malignant + benign
vs no-tumor), evaluating only on small tumors. R-Super was trained with the R-Super train dataset (USA), and it was
evaluated on the Basel test set (external validation, Switzerland). See dataset details in Tab. 1, A1. We compare R-Super
to prominent public AI models: MedGemma, Merlin, MedImageInsight, Lingshu, ULS, and winners of the FLARE cancer
segmentation challenge. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best, using DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other
metrics. Results are shown as average and 95% confidence intervals, calculated via bootstrapping, with 1,000 bootstrap
samples. n/a: we skipped organs with less than 10 positive scans in the dataset.

AI bladder small tumor esophagus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 76 [62,88] 78 [66,89] 73 [60,82] 83 [73,91] n/a n/a n/a n/a
Merlin 11 [2,21] 93 [85,98] 18 [4,32] 43 [32,55] n/a n/a n/a n/a

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,50] n/a n/a n/a n/a
MedGemma 5 [0,14] 100 [100,100] 10 [0,24] 53 [50,57] n/a n/a n/a n/a
Lingshu 14 [3,26] 93 [85,98] 22 [5,38] 53 [46,60] n/a n/a n/a n/a

segmentation from masks
ULS 84 [70,95] 65 [52,78] 71 [58,81] 76 [65,85] n/a n/a n/a n/a
FLARE23 Top 1 5 [0,14] 100 [100,100] 10 [0,24] 53 [50,57] n/a n/a n/a n/a
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] n/a n/a n/a n/a
FLARE24 Top 1 0 [0,0] 100 [100,100] 0 [0,0] 49 [47,50] n/a n/a n/a n/a
FLARE25 Baseline 3 [0,9] 98 [94,100] 5 [0,16] 50 [48,54] n/a n/a n/a n/a

segmentation from reports (ours)
R-Super 51 [36,68] 92 [84,98] 63 [49,77] 83 [74,91] n/a n/a n/a n/a

AI gallbladder small tumor uterus small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight n/a n/a n/a n/a 83 [60,100] 32 [20,45] 34 [19,49] 41 [26,58]
Merlin n/a n/a n/a n/a 17 [0,40] 87 [78,95] 19 [0,40] 51 [34,70]

VLM report generation
Merlin n/a n/a n/a n/a 17 [0,42] 93 [85,98] 22 [0,47] 55 [45,67]
MedGemma n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS n/a n/a n/a n/a 42 [14,70] 94 [88,100] 50 [18,73] 72 [54,88]
FLARE23 Top 1 n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE23 Top 2 n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE24 Top 1 n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
FLARE25 Baseline n/a n/a n/a n/a 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from reports (ours)
R-Super n/a n/a n/a n/a 42 [14,71] 100 [100,100] 59 [25,83] 78 [54,97]

AI prostate small tumor adrenal small tumor

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 50 [21,76] 70 [57,82] 38 [16,57] 57 [39,75] 16 [10,22] 87 [76,95] 26 [17,34] 40 [31,48]
Merlin 7 [0,23] 100 [100,100] 13 [0,38] 27 [13,44] 12 [7,17] 89 [80,96] 20 [12,28] 39 [30,47]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 48 [45,50] 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,51]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Lingshu 14 [0,36] 96 [90,100] 22 [0,47] 55 [47,66] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]

segmentation from masks
ULS 64 [38,90] 87 [77,96] 60 [36,79] 77 [61,92] 27 [20,35] 96 [91,100] 42 [33,51] 56 [48,62]
FLARE23 Top 1 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 4 [1,7] 98 [94,100] 7 [2,13] 51 [48,53]
FLARE23 Top 2 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 8 [4,13] 100 [100,100] 15 [8,22] 54 [52,56]
FLARE24 Top 1 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 4 [1,7] 100 [100,100] 7 [2,13] 52 [50,54]
FLARE25 Baseline 14 [0,36] 100 [100,100] 25 [0,53] 57 [50,68] 3 [1,6] 100 [100,100] 6 [1,12] 52 [50,53]

segmentation from reports (ours)
R-Super 69 [42,94] 89 [79,96] 64 [40,83] 82 [66,95] 65 [57,74] 85 [74,94] 76 [70,82] 79 [73,85]

AI spleen small tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

VLM zero-shot classification
MedImageInsight 92 [87,97] 17 [7,26] 79 [74,84] 42 [32,52] 63 [55,70] 57 [51,62] 50 [43,57] 52 [46,59]
Merlin 12 [7,19] 91 [82,98] 21 [12,30] 42 [34,51] 12 [7,17] 92 [86,96] 18 [11,26] 40 [32,49]

VLM report generation
Merlin 0 [0,0] 100 [100,100] 0 [0,0] 49 [46,52] 3 [0,8] 98 [97,100] 4 [0,9] 50 [47,53]
MedGemma 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50] 1 [0,3] 100 [100,100] 2 [0,5] 50 [50,51]
Lingshu 18 [11,25] 80 [68,90] 28 [19,37] 49 [42,55] 9 [5,14] 94 [90,97] 14 [8,21] 51 [49,55]

segmentation from masks
ULS 80 [72,86] 17 [7,27] 73 [66,78] 32 [22,42] 59 [51,67] 72 [67,76] 59 [50,67] 62 [56,68]
FLARE23 Top 1 23 [16,31] 94 [88,100] 37 [26,46] 59 [54,64] 6 [4,9] 98 [97,100] 11 [7,14] 53 [51,54]
FLARE23 Top 2 38 [28,47] 85 [76,94] 52 [42,62] 61 [55,68] 9 [7,11] 97 [95,99] 14 [11,16] 53 [52,55]
FLARE24 Top 1 15 [8,22] 82 [71,92] 24 [15,33] 47 [41,54] 4 [2,5] 96 [94,98] 6 [4,8] 50 [48,51]
FLARE25 Baseline 8 [3,14] 85 [75,94] 14 [6,22] 45 [38,51] 6 [2,10] 97 [94,99] 10 [4,16] 51 [48,53]

segmentation from reports (ours)
R-Super 60 [50,68] 85 [75,94] 71 [64,78] 75 [67,82] 58 [48,66] 90 [86,94] 67 [57,74] 79 [73,85]
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D.7 Comparison to Alternative Training Methods Trained on Our Dataset1492

After training R-Super with only CT-Report pairs, we used it to help 31 radiologists create tumor segmentation1493

masks for our dataset. With the help of R-Super, radiologists were able to create masks 3 to 5 times faster1494

(Sec. C.2). They created a large number of masks, over 1,400 (Tab. 1). This number surpasses even the largest1495

public pancreatic tumor dataset, PanTS [18]. However, these masks still represent less than 2% of our number1496

of CT-Report pairs, exemplifying the di!culty of mask creation and the importance of learning from radiology1497

reports. In this section, we present detailed results comparing R-Super (trained only on CT-Report pairs) and1498

R-Super† (trained on CT-Report plus CT-Mask pairs) to alternative training methods, which were also trained1499

on the datasets that we built. We show that R-Super e"ectively learns from reports and masks, consistently1500

achieving superior performance in tumor detection, malignant tumor detection, and small tumor detection.1501

D.7.1 Tumor Detection1502

Table D28: Tumor detection, internal validation (UCSF, USA): comparison to alternative methods trained

on the same dataset. This table evaluates tumor detection (malignant + benign vs no-tumor). All models were trained
on the R-Super train set (UCSF + Stanford), and evaluated on the UCSF test set (internal validation). See dataset details
in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple training methods: R-Super†, MTL, and
CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask pairs only;
R-Super and classification on CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue indicates
statistical significance (p < 0.05), comparing the best-performing model with the second-best model (separately for models
trained without masks). We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations)
for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap samples).

AI bladder tumor esophagus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 23 [19,28] 37 [31,42] 68 [62,74] 63 [58,68] 76 [72,80] 85 [81,89]
R-Super 51 [45,56] 66 [61,71] 79 [74,83] 80 [76,84] 88 [85,90] 91 [88,94]

many reports, few masks training
CLIP 34 [29,39] 49 [44,55] 73 [68,78] 73 [68,78] 83 [80,86] 88 [84,91]
MTL 40 [36,46] 56 [51,62] 76 [72,81] 75 [71,80] 84 [82,87] 91 [88,94]
ModelsGenesis 41 [35,46] 56 [51,62] 76 [71,80] 70 [66,74] 81 [78,84] 89 [85,92]
segmentation 42 [37,48] 58 [52,63] 76 [71,80] 79 [74,83] 87 [84,90] 87 [83,90]
nnUNet 36 [31,41] 52 [46,57] 74 [69,78] 75 [70,79] 84 [81,87] 87 [83,89]
R-Super† 64 [59,69] 76 [73,80] 82 [78,86] 82 [79,86] 89 [86,91] 90 [88,93]

AI gallbladder tumor uterus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [2,7] 8 [4,12] 50 [44,57] 50 [44,55] 65 [60,70] 79 [74,83]
R-Super 51 [46,57] 66 [60,71] 78 [73,82] 78 [73,83] 86 [83,89] 89 [86,92]

many reports, few masks training
CLIP 48 [43,55] 64 [58,69] 77 [72,82] 64 [59,70] 77 [72,81] 86 [81,90]
MTL 60 [54,66] 73 [68,77] 80 [76,84] 70 [65,75] 81 [77,84] 89 [86,92]
ModelsGenesis 52 [45,57] 66 [60,71] 79 [75,84] 67 [62,72] 78 [74,82] 87 [83,90]
segmentation 59 [53,64] 72 [67,76] 80 [75,84] 68 [62,73] 79 [75,83] 88 [84,91]
nnUNet 43 [36,48] 58 [52,63] 68 [62,72] 61 [55,66] 74 [70,78] 83 [79,87]
R-Super† 66 [59,71] 77 [72,81] 84 [80,88] 80 [75,84] 87 [84,90] 88 [84,91]

AI prostate tumor adrenal tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 19 [14,25] 31 [24,39] 74 [68,80] 9 [7,11] 16 [13,20] 47 [41,52]
R-Super 70 [63,77] 80 [74,84] 85 [80,90] 84 [82,87] 91 [89,92] 93 [90,95]

many reports, few masks training
CLIP 57 [50,64] 70 [64,76] 81 [76,86] 71 [68,74] 82 [80,85] 89 [86,92]
MTL 61 [54,68] 73 [67,78] 85 [81,89] 77 [74,80] 86 [84,88] 91 [88,93]
ModelsGenesis 58 [50,65] 70 [64,76] 83 [78,88] 73 [69,77] 84 [81,86] 90 [87,92]
segmentation 61 [54,68] 73 [67,78] 83 [79,88] 81 [78,84] 89 [87,90] 92 [89,94]
nnUNet 53 [46,60] 67 [60,73] 79 [74,84] 62 [59,66] 76 [73,79] 79 [76,82]
R-Super† 66 [59,73] 77 [71,82] 87 [82,91] 83 [81,86] 90 [88,92] 91 [89,93]

AI spleen tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 11 [8,14] 20 [15,25] 50 [44,56] 26 [24,28] 36 [34,38] 65 [62,68]
R-Super 77 [73,81] 86 [83,88] 88 [85,91] 70 [68,72] 80 [79,82] 86 [84,88]

many reports, few masks training
CLIP 36 [32,41] 53 [48,57] 74 [69,78] 55 [53,57] 68 [66,70] 81 [79,83]
MTL 53 [49,58] 68 [65,73] 80 [76,83] 62 [61,64] 75 [73,76] 85 [83,86]
ModelsGenesis 33 [29,38] 49 [44,54] 76 [72,81] 56 [54,58] 69 [67,71] 83 [81,85]
segmentation 46 [41,50] 62 [57,66] 80 [75,84] 62 [60,64] 74 [72,76] 84 [82,85]
nnUNet 37 [33,42] 54 [49,58] 73 [67,77] 52 [50,55] 66 [64,68] 77 [76,79]
R-Super† 77 [73,81] 86 [83,88] 87 [84,90] 74 [72,76] 83 [82,84] 87 [86,88]

64



Table D29: Tumor detection, external validation (Stanford, USA): comparison to alternative methods

trained on the same dataset. This table evaluates tumor detection (malignant + benign vs no-tumor). All models
were trained on the UCSF train set (USA), and evaluated on the Stanford test set (external validation, USA). Dataset
details in Tab. 1 and A1. All models were evaluated at 90% specificity. We compare multiple training methods: R-Super†,
MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask
pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue
indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best model (separately
for models trained without masks). We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000
permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap samples).

AI bladder tumor esophagus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [2,7] 7 [3,12] 45 [39,52] 29 [17,44] 38 [22,52] 69 [60,78]
R-Super 61 [54,68] 73 [68,79] 82 [77,87] 44 [29,59] 51 [36,65] 79 [70,87]

many reports, few masks training
CLIP 35 [29,41] 50 [43,56] 76 [71,81] 76 [61,88] 75 [63,85] 90 [83,96]
MTL 71 [64,77] 81 [76,85] 83 [79,86] 76 [62,88] 76 [65,86] 85 [78,92]
ModelsGenesis 39 [32,45] 54 [47,60] 74 [69,79] 78 [64,90] 77 [65,86] 88 [80,95]
segmentation 45 [39,52] 60 [53,66] 75 [70,80] 68 [54,82] 71 [59,81] 86 [78,93]
nnUNet 28 [22,35] 42 [35,49] 65 [59,70] 50 [34,66] 62 [46,75] 74 [66,82]
R-Super† 64 [58,71] 76 [71,81] 84 [79,88] 78 [65,91] 76 [64,86] 90 [83,95]

AI gallbladder tumor uterus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 12 [8,17] 20 [13,27] 50 [43,56] 17 [13,21] 29 [23,34] 71 [64,77]
R-Super 54 [48,61] 68 [62,74] 80 [75,85] 68 [62,72] 79 [75,82] 90 [87,93]

many reports, few masks training
CLIP 58 [51,64] 71 [65,76] 76 [71,80] 43 [38,48] 59 [54,63] 81 [76,86]
MTL 41 [34,48] 56 [49,62] 70 [65,74] 55 [50,61] 70 [66,74] 85 [81,89]
ModelsGenesis 58 [52,65] 71 [66,77] 78 [74,82] 44 [39,49] 60 [55,65] 82 [78,87]
segmentation 60 [53,66] 73 [67,78] 78 [74,81] 41 [37,47] 57 [52,63] 83 [79,88]
nnUNet 0 [0,0] 0 [0,0] 50 [50,50] 58 [53,63] 72 [68,76] 80 [75,84]
R-Super† 71 [65,77] 80 [76,85] 87 [83,91] 69 [64,74] 80 [77,84] 89 [84,92]

AI prostate tumor adrenal tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 36 [28,46] 49 [39,58] 81 [74,86] 15 [12,17] 26 [22,29] 55 [49,60]
R-Super 76 [68,84] 82 [75,87] 89 [84,92] 84 [82,87] 91 [89,92] 93 [90,95]

many reports, few masks training
CLIP 41 [32,50] 54 [44,63] 80 [74,86] 69 [66,72] 81 [79,83] 82 [80,84]
MTL 72 [64,80] 79 [72,85] 86 [81,91] 80 [77,82] 88 [86,90] 88 [86,90]
ModelsGenesis 60 [50,69] 70 [62,77] 83 [78,88] 69 [65,72] 81 [79,84] 83 [81,85]
segmentation 60 [51,70] 71 [63,79] 85 [79,90] 74 [71,76] 84 [82,86] 86 [84,87]
nnUNet 57 [48,67] 68 [60,75] 83 [77,88] 53 [50,57] 69 [66,72] 75 [72,78]
R-Super† 59 [50,68] 70 [62,77] 90 [86,93] 81 [78,84] 89 [87,90] 90 [88,93]

AI spleen tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 10 [8,13] 18 [14,23] 51 [45,56] 18 [15,20] 27 [24,30] 60 [58,63]
R-Super 68 [64,72] 80 [77,83] 81 [77,84] 65 [62,68] 75 [72,78] 85 [83,86]

many reports, few masks training
CLIP 57 [53,62] 72 [68,75] 76 [73,79] 54 [51,57] 66 [63,69] 80 [78,82]
MTL 64 [59,68] 77 [74,80] 80 [77,83] 66 [63,68] 75 [73,78] 82 [81,84]
ModelsGenesis 65 [60,69] 78 [74,81] 80 [77,83] 59 [56,62] 70 [68,73] 81 [79,83]
segmentation 60 [56,64] 74 [71,77] 78 [75,80] 58 [55,62] 70 [67,73] 81 [80,83]
nnUNet 47 [43,52] 63 [59,67] 74 [70,78] 42 [39,45] 54 [51,57] 72 [70,74]
R-Super† 74 [70,78] 84 [81,86] 83 [80,86] 71 [68,74] 79 [77,82] 88 [86,89]
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Table D30: Tumor detection, external validation (Medipol, Turkey): comparison to alternative methods

trained on the same dataset. This table evaluates tumor detection (malignant + benign vs no-tumor). All models were
trained on the R-Super train set (USA), and evaluated on the Medipol test set (external validation, Turkey). See dataset
details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple training methods: R-Super†,
MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask
pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue
indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best model (separately
for models trained without masks). We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000
permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap samples).

AI bladder tumor esophagus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 16 [10,22] 25 [17,33] 68 [62,73] 31 [25,37] 44 [37,52] 74 [68,78]
R-Super 59 [51,66] 69 [62,75] 84 [80,88] 72 [66,79] 80 [75,84] 89 [86,92]

many reports, few masks training
CLIP 27 [20,34] 39 [30,46] 74 [68,79] 67 [60,74] 76 [70,81] 86 [82,90]
MTL 59 [52,67] 69 [62,75] 80 [76,85] 71 [64,77] 79 [74,83] 88 [84,92]
ModelsGenesis 36 [28,44] 48 [40,57] 72 [67,78] 65 [58,72] 75 [69,79] 87 [83,90]
segmentation 40 [32,48] 52 [44,61] 79 [74,84] 67 [60,74] 76 [71,82] 88 [84,91]
nnUNet 46 [37,53] 58 [50,65] 73 [68,78] 58 [51,65] 69 [63,75] 79 [74,83]
R-Super† 61 [53,69] 71 [64,77] 87 [83,90] 65 [57,72] 74 [69,80] 89 [86,92]

AI gallbladder tumor uterus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 3 [1,6] 5 [1,10] 34 [28,39] 49 [40,58] 60 [52,68] 79 [74,84]
R-Super 34 [27,41] 47 [39,55] 68 [63,74] 57 [48,66] 67 [60,74] 88 [84,92]

many reports, few masks training
CLIP 34 [28,42] 47 [40,55] 76 [72,81] 58 [49,67] 68 [60,75] 85 [81,89]
MTL 32 [26,40] 45 [38,53] 71 [66,76] 65 [57,73] 73 [66,78] 89 [86,93]
ModelsGenesis 22 [16,28] 33 [25,41] 71 [65,76] 59 [51,67] 68 [62,75] 85 [81,89]
segmentation 38 [31,46] 52 [44,59] 72 [66,77] 67 [59,75] 75 [68,81] 88 [85,92]
nnUNet 14 [8,19] 22 [14,30] 60 [54,65] 65 [58,74] 73 [67,80] 82 [78,87]
R-Super† 57 [49,64] 68 [62,74] 77 [72,82] 59 [50,67] 70 [62,76] 90 [87,93]

AI prostate tumor adrenal tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 34 [19,50] 38 [22,51] 84 [78,90] 14 [10,18] 23 [18,29] 58 [53,63]
R-Super 83 [70,95] 74 [62,85] 93 [86,98] 88 [84,91] 91 [89,94] 94 [91,96]

many reports, few masks training
CLIP 89 [77,97] 76 [65,85] 93 [86,99] 75 [71,80] 84 [81,87] 92 [89,94]
MTL 80 [67,92] 70 [57,81] 94 [89,98] 86 [82,90] 90 [88,93] 93 [90,95]
ModelsGenesis 94 [85,100] 76 [65,87] 96 [92,99] 81 [77,85] 88 [84,90] 92 [89,95]
segmentation 89 [78,97] 75 [63,84] 92 [84,98] 81 [76,85] 87 [84,90] 93 [90,95]
nnUNet 73 [56,88] 67 [51,78] 83 [73,91] 69 [64,74] 79 [76,83] 82 [78,85]
R-Super† 89 [77,98] 75 [64,85] 96 [92,99] 83 [79,86] 88 [86,91] 90 [88,93]

AI spleen tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 9 [6,12] 16 [11,20] 51 [46,56] 22 [19,25] 30 [27,33] 64 [61,66]
R-Super 59 [54,64] 72 [68,77] 81 [77,84] 65 [62,68] 72 [69,74] 85 [84,87]

many reports, few masks training
CLIP 20 [16,24] 32 [27,38] 71 [66,75] 53 [50,56] 60 [57,63] 83 [80,84]
MTL 32 [27,36] 46 [41,51] 75 [72,79] 61 [58,64] 68 [65,70] 84 [83,86]
ModelsGenesis 11 [8,15] 20 [15,24] 71 [66,76] 53 [50,55] 58 [55,61] 82 [80,84]
segmentation 17 [13,22] 28 [23,34] 75 [70,80] 57 [54,60] 64 [61,66] 84 [82,86]
nnUNet 36 [30,41] 51 [45,56] 70 [65,74] 51 [48,55] 60 [57,63] 76 [73,78]
R-Super† 55 [50,60] 68 [64,73] 80 [76,84] 67 [64,70] 74 [71,76] 87 [86,89]
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Table D31: Tumor detection, external validation (Basel, Switzerland): comparison to alternative methods

trained on the same dataset. This table evaluates tumor detection (malignant + benign vs no-tumor). All models
were trained on the R-Super train set (USA), and evaluated on the Basel test set (external validation, Switzerland). See
dataset details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple training methods: R-
Super†, MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on
CT-Mask pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans and all CT-Mask
pairs. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the second-best model
(separately for models trained without masks). We used DeLong’s test for AUC and paired permutation tests (two-sided,
10,000 permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap samples).

AI bladder tumor esophagus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 24 [19,29] 38 [32,45] 81 [72,88] 61 [50,71] 73 [64,81] 85 [78,92]
R-Super 72 [66,77] 83 [79,86] 89 [84,92] 70 [60,79] 80 [72,86] 90 [84,94]

many reports, few masks training
CLIP 83 [78,87] 90 [87,92] 91 [87,94] 72 [62,81] 81 [73,87] 85 [77,91]
MTL 82 [78,86] 89 [86,92] 91 [87,93] 78 [69,86] 85 [78,90] 86 [79,92]
ModelsGenesis 71 [66,76] 82 [78,86] 90 [86,93] 72 [62,81] 81 [74,87] 84 [76,90]
segmentation 73 [68,78] 84 [80,87] 88 [84,92] 77 [67,86] 84 [77,90] 87 [80,92]
nnUNet 80 [75,84] 88 [85,91] 88 [84,92] 75 [66,84] 83 [76,89] 87 [80,93]
R-Super† 86 [82,90] 92 [89,94] 92 [88,94] 76 [66,84] 84 [76,89] 92 [87,96]

AI gallbladder tumor uterus tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 1 [0,4] 2 [0,8] 36 [26,46] 65 [60,71] 78 [74,82] 86 [81,90]
R-Super 26 [17,36] 40 [27,51] 64 [55,75] 70 [63,75] 81 [77,85] 83 [78,87]

many reports, few masks training
CLIP 49 [37,61] 63 [52,72] 76 [67,83] 86 [82,90] 91 [89,94] 92 [89,94]
MTL 42 [31,54] 58 [46,68] 75 [65,83] 85 [80,89] 91 [88,94] 92 [89,94]
ModelsGenesis 41 [30,52] 55 [44,66] 72 [63,80] 85 [80,89] 91 [88,93] 91 [88,94]
segmentation 36 [25,47] 50 [38,61] 71 [61,79] 86 [82,90] 92 [89,94] 92 [90,94]
nnUNet 41 [30,52] 56 [44,66] 69 [60,77] 78 [74,84] 87 [84,90] 88 [84,91]
R-Super† 59 [48,70] 71 [61,80] 84 [76,90] 85 [80,89] 91 [88,94] 90 [86,93]

AI prostate tumor adrenal tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 61 [54,68] 75 [68,80] 86 [79,91] 9 [8,11] 17 [15,20] 49 [42,58]
R-Super 70 [64,77] 81 [76,86] 88 [83,93] 32 [29,34] 48 [45,51] 83 [78,88]

many reports, few masks training
CLIP 52 [44,60] 67 [60,74] 84 [78,89] 77 [75,80] 87 [86,89] 89 [87,92]
MTL 65 [58,72] 78 [72,83] 84 [78,88] 75 [73,78] 86 [84,87] 87 [83,90]
ModelsGenesis 54 [47,62] 69 [62,75] 84 [77,89] 77 [75,79] 87 [85,88] 89 [85,93]
segmentation 57 [49,65] 71 [64,77] 84 [78,89] 82 [80,85] 90 [89,92] 90 [86,93]
nnUNet 55 [48,63] 70 [63,76] 77 [70,82] 68 [65,70] 80 [79,82] 82 [78,86]
R-Super† 66 [59,73] 78 [73,83] 86 [81,91] 78 [76,80] 88 [86,89] 87 [83,90]

AI spleen tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 5 [3,6] 9 [6,12] 46 [37,56] 32 [30,35] 42 [40,44] 67 [64,70]
R-Super 58 [54,61] 73 [70,76] 82 [77,86] 57 [54,59] 69 [67,72] 83 [80,85]

many reports, few masks training
CLIP 22 [19,26] 36 [32,40] 64 [56,72] 63 [60,66] 74 [71,76] 83 [81,85]
MTL 9 [7,12] 17 [13,20] 57 [49,66] 62 [60,65] 72 [70,74] 82 [79,84]
ModelsGenesis 17 [14,19] 28 [24,32] 61 [53,68] 60 [57,62] 70 [68,73] 81 [79,84]
segmentation 15 [12,18] 26 [22,30] 62 [54,71] 61 [58,64] 71 [68,73] 82 [80,84]
nnUNet 28 [25,31] 43 [39,47] 62 [54,69] 61 [58,63] 72 [70,75] 79 [76,81]
R-Super† 55 [51,58] 70 [67,74] 82 [77,87] 72 [69,75] 82 [80,84] 88 [86,89]
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D.7.2 Malignant Tumor Detection1503

Table D32: Malignant tumor detection, internal validation (UCSF, USA): comparison to alternative

methods trained on the same dataset. This table evaluates tumor detection stratified for malignant tumors (malignant
vs no-tumor). All models were trained on the R-Super train set (UCSF + Stanford), and evaluated on the UCSF test set
(internal validation). See dataset details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple
training methods: R-Super†, MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation
and nnU-Net on CT-Mask pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans
and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best model (separately for models trained without masks). We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap
samples).

AI bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 25 [19,30] 38 [30,45] 69 [62,75] 67 [61,74] 78 [73,83] 86 [82,90]
R-Super 60 [53,67] 73 [67,78] 82 [77,86] 83 [78,87] 88 [85,91] 92 [89,95]

many reports, few masks training
CLIP 39 [33,46] 54 [47,61] 77 [71,81] 77 [71,82] 84 [80,88] 90 [86,93]
MTL 47 [40,54] 61 [54,68] 80 [74,85] 77 [72,83] 85 [81,89] 92 [89,95]
ModelsGenesis 47 [40,53] 61 [54,67] 79 [74,84] 70 [64,76] 80 [76,84] 91 [87,94]
segmentation 46 [39,52] 60 [53,66] 79 [74,84] 82 [77,86] 88 [84,91] 88 [84,92]
nnUNet 45 [37,52] 60 [52,66] 79 [74,84] 75 [69,80] 83 [79,87] 87 [83,90]
R-Super† 75 [69,81] 83 [79,87] 87 [83,91] 86 [82,90] 90 [87,93] 94 [91,96]

AI gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 0 [0,0] 0 [0,0] 51 [43,59] 62 [51,72] 71 [61,78] 84 [77,90]
R-Super 90 [82,96] 88 [82,93] 95 [91,99] 83 [75,91] 85 [78,91] 91 [86,95]

many reports, few masks training
CLIP 86 [78,93] 86 [79,91] 94 [90,97] 76 [67,85] 80 [74,87] 90 [86,95]
MTL 96 [91,100] 92 [86,96] 97 [95,99] 82 [74,90] 84 [77,90] 92 [87,96]
ModelsGenesis 95 [89,100] 90 [84,95] 97 [95,99] 76 [67,85] 80 [73,87] 90 [85,94]
segmentation 96 [91,100] 92 [86,96] 96 [93,98] 75 [66,84] 80 [73,86] 91 [86,95]
nnUNet 70 [59,80] 77 [69,84] 85 [78,90] 68 [56,78] 75 [67,82] 87 [82,92]
R-Super† 94 [88,98] 90 [85,95] 98 [97,99] 82 [74,91] 84 [78,90] 92 [87,96]

AI prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 24 [15,32] 35 [24,46] 78 [72,85] 14 [8,19] 22 [13,30] 60 [53,67]
R-Super 70 [60,79] 76 [69,83] 88 [82,93] 93 [89,97] 92 [89,96] 96 [94,98]

many reports, few masks training
CLIP 53 [42,63] 64 [55,73] 79 [73,85] 71 [64,79] 80 [75,86] 88 [84,92]
MTL 62 [51,72] 71 [62,78] 86 [80,91] 83 [77,89] 87 [82,91] 91 [87,95]
ModelsGenesis 52 [41,62] 62 [52,71] 82 [75,88] 79 [72,86] 85 [80,89] 90 [87,94]
segmentation 52 [42,63] 63 [53,72] 81 [75,87] 87 [82,93] 89 [85,93] 93 [89,96]
nnUNet 55 [44,65] 66 [56,74] 79 [72,85] 69 [61,77] 78 [72,83] 80 [74,85]
R-Super† 74 [66,82] 80 [73,86] 90 [85,94] 95 [91,98] 93 [90,96] 96 [94,99]

AI spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 3 [0,10] 4 [0,14] 42 [32,54] 28 [25,30] 36 [32,38] 67 [64,71]
R-Super 91 [81,100] 82 [71,90] 95 [90,98] 81 [78,84] 84 [81,86] 91 [89,93]

many reports, few masks training
CLIP 56 [39,73] 60 [45,74] 80 [70,89] 65 [62,69] 73 [69,76] 85 [83,88]
MTL 74 [58,89] 71 [58,83] 85 [76,93] 74 [71,78] 79 [76,82] 89 [87,91]
ModelsGenesis 52 [35,68] 56 [41,69] 81 [72,90] 67 [63,71] 74 [70,76] 87 [85,89]
segmentation 71 [56,86] 70 [56,81] 86 [78,93] 73 [69,76] 77 [74,80] 88 [86,90]
nnUNet 38 [22,56] 46 [29,62] 71 [59,82] 60 [56,64] 69 [66,73] 81 [79,84]
R-Super† 85 [72,96] 78 [67,87] 93 [86,98] 84 [82,87] 86 [83,88] 93 [91,94]
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Table D33: Malignant tumor detection, external validation (Stanford, USA): comparison to alternative

methods trained on the same dataset. This table evaluates tumor detection stratified for malignant tumors (malignant
vs no-tumor). All models were trained on the UCSF train set (USA), and evaluated on the Stanford test set (external
validation, USA). See dataset details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple
training methods: R-Super†, MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation
and nnU-Net on CT-Mask pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans
and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best model (separately for models trained without masks). We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap
samples).

AI bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 9 [2,18] 14 [3,26] 47 [38,56] 27 [7,50] 27 [7,46] 70 [56,84]
R-Super 73 [61,85] 76 [65,84] 84 [76,91] 60 [33,83] 51 [29,70] 83 [68,94]

many reports, few masks training
CLIP 54 [41,68] 62 [50,73] 84 [78,90] 87 [67,100] 67 [47,83] 93 [82,100]
MTL 86 [76,94] 85 [77,91] 92 [86,96] 93 [78,100] 74 [54,88] 95 [87,100]
ModelsGenesis 66 [53,78] 71 [60,80] 88 [82,93] 93 [78,100] 72 [53,87] 93 [81,99]
segmentation 78 [67,89] 80 [70,87] 88 [82,94] 93 [76,100] 72 [53,86] 97 [94,99]
nnUNet 47 [34,61] 56 [44,68] 76 [68,84] 87 [69,100] 81 [63,94] 93 [83,100]
R-Super† 86 [75,94] 84 [76,91] 94 [88,98] 93 [78,100] 70 [48,84] 98 [95,100]

AI gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 22 [10,36] 30 [15,45] 58 [46,68] 12 [4,22] 19 [7,31] 71 [62,79]
R-Super 78 [65,90] 77 [67,86] 92 [86,97] 81 [70,91] 81 [72,88] 95 [92,98]

many reports, few masks training
CLIP 83 [71,94] 79 [68,88] 90 [83,96] 49 [35,63] 58 [44,69] 80 [72,86]
MTL 58 [43,74] 63 [49,75] 82 [73,89] 75 [64,86] 78 [68,86] 92 [89,96]
ModelsGenesis 85 [73,95] 80 [70,88] 91 [84,97] 49 [36,63] 58 [45,70] 83 [76,89]
segmentation 85 [72,96] 83 [74,90] 92 [85,97] 44 [31,57] 54 [41,66] 82 [75,88]
nnUNet 0 [0,0] 0 [0,0] 50 [50,50] 62 [48,74] 68 [56,78] 82 [75,89]
R-Super† 93 [84,100] 84 [75,92] 96 [91,100] 82 [71,92] 82 [73,89] 92 [87,96]

AI prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 24 [5,44] 27 [6,45] 79 [68,88] 11 [5,17] 17 [8,28] 55 [47,62]
R-Super 90 [76,100] 74 [60,86] 95 [89,99] 97 [93,100] 93 [89,96] 98 [95,100]

many reports, few masks training
CLIP 62 [41,82] 58 [38,73] 88 [80,94] 90 [84,96] 90 [85,95] 94 [90,97]
MTL 81 [62,96] 69 [53,83] 91 [81,98] 94 [88,98] 93 [88,96] 96 [93,98]
ModelsGenesis 71 [50,90] 64 [44,78] 85 [73,95] 93 [87,98] 93 [89,96] 96 [93,99]
segmentation 67 [47,87] 64 [46,79] 88 [78,97] 92 [86,97] 93 [89,96] 96 [93,98]
nnUNet 67 [46,87] 61 [43,76] 85 [75,94] 76 [67,85] 81 [74,87] 86 [81,92]
R-Super† 86 [68,100] 72 [56,85] 97 [93,100] 97 [93,100] 93 [89,97] 98 [95,99]

AI spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 9 [3,16] 14 [4,25] 55 [46,64] 16 [11,22] 21 [15,27] 62 [58,66]
R-Super 88 [81,96] 86 [80,92] 92 [88,96] 81 [76,86] 77 [72,82] 91 [89,94]

many reports, few masks training
CLIP 88 [79,95] 86 [80,92] 93 [88,97] 73 [68,78] 72 [66,76] 89 [86,91]
MTL 88 [81,95] 90 [84,95] 93 [89,97] 82 [78,86] 79 [74,83] 92 [89,94]
ModelsGenesis 91 [84,97] 89 [84,94] 94 [90,98] 78 [73,83] 75 [70,80] 90 [87,92]
segmentation 87 [78,94] 86 [80,92] 92 [87,96] 78 [73,83] 76 [71,80] 91 [88,93]
nnUNet 71 [60,81] 76 [68,84] 86 [80,92] 58 [54,63] 61 [56,64] 80 [77,83]
R-Super† 96 [90,100] 90 [85,95] 96 [93,99] 90 [86,94] 82 [77,86] 96 [94,97]
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Table D34: Malignant tumor detection, external validation (Medipol, Turkey): comparison to alternative

methods trained on the same dataset. This table evaluates tumor detection stratified for malignant tumors (malignant
vs no-tumor). All models were trained on the R-Super train set (USA), and evaluated on the Medipol test set (external
validation, Turkey). See dataset details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare multiple
training methods: R-Super†, MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs; segmentation
and nnU-Net on CT-Mask pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all CT scans
and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05), comparing the best-performing model with the
second-best model (separately for models trained without masks). We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% CI (1,000 bootstrap
samples). n/a: we skipped organs with less than 10 positive scans in the dataset.

AI bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 15 [4,28] 19 [6,33] 72 [64,79] 30 [18,42] 37 [24,49] 74 [65,81]
R-Super 82 [70,94] 73 [61,82] 90 [83,96] 93 [85,98] 83 [74,90] 97 [93,99]

many reports, few masks training
CLIP 46 [30,62] 49 [33,61] 81 [73,88] 81 [69,91] 76 [66,84] 89 [81,95]
MTL 79 [66,91] 71 [58,80] 89 [81,95] 83 [73,93] 78 [69,86] 93 [87,97]
ModelsGenesis 59 [43,74] 58 [45,71] 86 [80,92] 82 [70,92] 76 [67,84] 91 [85,96]
segmentation 56 [41,73] 56 [43,68] 89 [82,95] 78 [67,88] 74 [65,83] 90 [85,95]
nnUNet 76 [60,89] 69 [56,80] 88 [80,95] 70 [57,82] 69 [59,79] 86 [79,92]
R-Super† 77 [63,90] 70 [58,81] 93 [87,97] 82 [70,91] 76 [67,85] 95 [92,98]

AI gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification n/a n/a n/a n/a n/a n/a
R-Super n/a n/a n/a n/a n/a n/a

many reports, few masks training
CLIP n/a n/a n/a n/a n/a n/a
MTL n/a n/a n/a n/a n/a n/a
ModelsGenesis n/a n/a n/a n/a n/a n/a
segmentation n/a n/a n/a n/a n/a n/a
nnUNet n/a n/a n/a n/a n/a n/a
R-Super† n/a n/a n/a n/a n/a n/a

AI prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification n/a n/a n/a 29 [18,42] 37 [24,49] 64 [56,73]
R-Super n/a n/a n/a 95 [89,100] 85 [78,91] 97 [95,99]

many reports, few masks training
CLIP n/a n/a n/a 95 [89,100] 85 [78,91] 97 [96,99]
MTL n/a n/a n/a 97 [91,100] 86 [79,92] 98 [96,99]
ModelsGenesis n/a n/a n/a 96 [91,100] 86 [79,92] 97 [94,99]
segmentation n/a n/a n/a 97 [91,100] 86 [79,92] 98 [96,99]
nnUNet n/a n/a n/a 90 [81,97] 82 [74,88] 92 [88,97]
R-Super† n/a n/a n/a 93 [86,98] 84 [77,90] 96 [92,99]

AI spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 14 [8,21] 22 [12,31] 54 [47,61] 22 [17,27] 29 [22,35] 66 [62,70]
R-Super 72 [63,80] 77 [69,83] 87 [82,92] 85 [81,90] 79 [75,83] 93 [90,95]

many reports, few masks training
CLIP 41 [32,51] 53 [43,62] 80 [74,85] 66 [60,71] 66 [60,71] 87 [83,90]
MTL 66 [57,75] 73 [65,80] 88 [83,92] 81 [76,86] 77 [72,81] 92 [89,94]
ModelsGenesis 32 [23,40] 43 [33,52] 81 [76,86] 67 [62,73] 66 [60,71] 89 [86,91]
segmentation 41 [32,52] 52 [43,62] 85 [80,90] 68 [62,74] 67 [61,73] 90 [88,93]
nnUNet 55 [46,65] 65 [56,73] 79 [73,85] 72 [67,78] 71 [66,76] 86 [83,89]
R-Super† 74 [65,82] 78 [71,84] 90 [86,94] 81 [76,86] 77 [72,82] 94 [91,95]
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Table D35: Malignant tumor detection, external validation (Basel, Switzerland): comparison to alternative

methods trained on the same dataset. This table evaluates tumor detection stratified for malignant tumors (malignant
vs no-tumor). All models were trained on the R-Super train set (USA), and evaluated on the Basel test set (external
validation, Switzerland). See dataset details in Tab. 1, A1. All models were evaluated at 90% specificity. We compare
multiple training methods: R-Super†, MTL, and CLIP were trained on all available CT-Report plus CT-Mask pairs;
segmentation and nnU-Net on CT-Mask pairs only; R-Super and classification on CT-Report only; ModelsGenesis on all
CT scans and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05), comparing the best-performing model
with the second-best model (separately for models trained without masks). We used DeLong’s test for AUC and paired
permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% CI (1,000
bootstrap samples).

AI bladder malignant tumor esophagus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 30 [20,40] 43 [32,55] 82 [73,90] 68 [48,85] 73 [57,85] 84 [73,93]
R-Super 81 [72,90] 86 [80,92] 93 [88,97] 64 [44,82] 71 [54,83] 82 [69,92]

many reports, few masks training
CLIP 86 [77,93] 89 [83,94] 92 [87,96] 52 [32,70] 61 [42,76] 77 [63,87]
MTL 83 [75,92] 88 [82,93] 93 [89,97] 64 [45,81] 71 [54,83] 78 [65,90]
ModelsGenesis 74 [64,84] 82 [75,89] 93 [88,97] 57 [38,74] 65 [47,79] 73 [58,87]
segmentation 77 [68,86] 85 [78,90] 89 [83,94] 62 [41,82] 68 [50,82] 80 [67,91]
nnUNet 80 [69,89] 86 [78,92] 90 [84,95] 64 [46,82] 71 [55,84] 82 [71,92]
R-Super† 88 [81,95] 91 [85,95] 94 [89,97] 64 [45,81] 71 [55,83] 89 [79,97]

AI gallbladder malignant tumor uterus malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 0 [0,0] 0 [0,0] 28 [18,40] 93 [83,100] 89 [79,96] 97 [93,99]
R-Super 24 [5,47] 31 [8,53] 69 [54,84] 93 [83,100] 89 [79,96] 95 [87,100]

many reports, few masks training
CLIP 69 [45,92] 69 [48,85] 92 [85,98] 100 [100,100] 92 [84,98] 100 [99,100]
MTL 59 [35,83] 67 [44,84] 90 [82,97] 100 [100,100] 95 [89,100] 100 [99,100]
ModelsGenesis 53 [28,79] 58 [33,76] 83 [71,93] 100 [100,100] 92 [84,98] 99 [97,100]
segmentation 56 [31,80] 60 [36,78] 81 [67,93] 100 [100,100] 94 [86,100] 100 [99,100]
nnUNet 59 [33,82] 62 [38,80] 84 [71,95] 97 [89,100] 91 [82,97] 98 [94,100]
R-Super† 76 [56,96] 74 [56,90] 95 [89,99] 100 [100,100] 92 [84,98] 100 [100,100]

AI prostate malignant tumor adrenal malignant tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 43 [25,62] 53 [34,70] 82 [72,91] 5 [3,8] 10 [6,14] 48 [40,56]
R-Super 71 [54,88] 76 [60,87] 87 [77,95] 32 [28,37] 49 [43,54] 83 [78,88]

many reports, few masks training
CLIP 41 [23,58] 51 [31,68] 81 [71,90] 77 [73,81] 87 [84,89] 90 [87,93]
MTL 61 [41,80] 69 [52,83] 84 [74,93] 76 [72,80] 86 [83,88] 87 [83,90]
ModelsGenesis 54 [36,72] 62 [44,77] 80 [68,89] 76 [72,80] 86 [83,88] 90 [86,93]
segmentation 40 [21,61] 50 [29,67] 79 [68,90] 81 [77,85] 89 [86,91] 89 [86,93]
nnUNet 56 [35,74] 64 [44,78] 74 [62,85] 73 [69,77] 84 [81,87] 86 [82,89]
R-Super† 64 [45,83] 71 [54,83] 86 [74,94] 78 [73,81] 87 [84,89] 86 [82,90]

AI spleen malignant tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [1,9] 8 [2,16] 51 [41,62] 35 [30,39] 40 [35,43] 67 [64,72]
R-Super 52 [41,62] 66 [55,75] 81 [74,88] 60 [55,65] 67 [61,71] 84 [81,87]

many reports, few masks training
CLIP 50 [39,60] 64 [54,73] 76 [68,83] 68 [62,73] 73 [68,78] 87 [84,89]
MTL 26 [17,36] 40 [28,50] 70 [61,79] 67 [62,72] 74 [68,78] 86 [83,89]
ModelsGenesis 34 [24,44] 49 [38,58] 72 [64,80] 64 [58,70] 71 [65,75] 84 [81,87]
segmentation 34 [25,45] 48 [38,60] 74 [65,83] 64 [59,70] 71 [65,75] 85 [81,88]
nnUNet 53 [42,64] 67 [57,76] 74 [66,82] 69 [63,75] 75 [70,80] 84 [81,87]
R-Super† 67 [57,78] 78 [70,85] 86 [79,92] 77 [72,82] 80 [76,84] 91 [88,93]
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D.7.3 Small Tumor Detection1504

Table D36: Small tumor detection, internal validation (UCSF, USA): comparison to alternative methods

trained on the same dataset in detecting small tumors. This table evaluates tumor detection (malignant + benign
vs no-tumor), considering only small tumors (diameter → 2 cm). All models were trained on the R-Super train set (UCSF
+ Stanford), and evaluated on the UCSF test set (internal validation). See dataset details in Tab. 1, A1. All models
were evaluated at 90% specificity. We compare multiple training methods: R-Super†, MTL, and CLIP were trained on all
available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask pairs only; R-Super and classification on
CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05),
comparing the best-performing model with the second-best model (separately for models trained without masks). We used
DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are
shown as average and 95% CI (1,000 bootstrap samples).

AI bladder small tumor esophagus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 15 [9,22] 24 [14,33] 61 [53,68] 64 [52,76] 71 [60,79] 88 [83,93]
R-Super 33 [24,41] 46 [36,55] 67 [60,74] 86 [76,94] 85 [77,91] 93 [89,96]

many reports, few masks training
CLIP 14 [8,21] 23 [14,32] 66 [59,74] 81 [71,90] 82 [74,88] 88 [81,94]
MTL 20 [13,28] 30 [20,40] 71 [64,78] 81 [71,90] 82 [74,89] 91 [85,96]
ModelsGenesis 24 [16,32] 36 [25,46] 70 [63,76] 73 [62,83] 77 [67,84] 86 [80,92]
segmentation 23 [16,32] 35 [25,45] 70 [63,76] 81 [70,90] 82 [73,88] 88 [81,94]
nnUNet 22 [14,30] 33 [23,43] 66 [58,72] 84 [74,92] 84 [76,90] 91 [86,95]
R-Super† 50 [40,59] 62 [53,70] 74 [67,81] 89 [81,97] 86 [79,92] 91 [84,97]

AI gallbladder small tumor uterus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 8 [2,14] 12 [3,22] 53 [44,62] 49 [36,61] 59 [46,69] 78 [69,86]
R-Super 31 [20,42] 42 [28,53] 70 [62,77] 68 [56,79] 73 [63,82] 86 [79,92]

many reports, few masks training
CLIP 31 [19,41] 42 [28,52] 66 [58,74] 41 [29,54] 51 [39,63] 78 [71,85]
MTL 34 [22,46] 45 [31,57] 68 [60,76] 49 [37,62] 59 [46,70] 85 [79,91]
ModelsGenesis 31 [19,42] 41 [28,54] 68 [60,75] 42 [29,55] 52 [38,65] 79 [72,86]
segmentation 42 [29,53] 52 [40,63] 71 [63,78] 41 [29,53] 51 [38,63] 81 [75,88]
nnUNet 28 [17,39] 39 [25,51] 60 [51,68] 45 [33,58] 56 [43,67] 80 [73,86]
R-Super† 51 [38,63] 61 [49,71] 76 [68,84] 63 [52,75] 69 [59,79] 81 [73,88]

AI prostate small tumor adrenal small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 10 [0,22] 14 [0,28] 65 [53,76] 5 [2,8] 9 [5,14] 42 [36,48]
R-Super 45 [27,62] 50 [32,65] 72 [59,82] 85 [81,89] 90 [87,92] 93 [90,96]

many reports, few masks training
CLIP 19 [7,34] 26 [9,42] 60 [49,70] 63 [57,69] 76 [71,80] 87 [84,91]
MTL 37 [19,55] 42 [23,59] 69 [58,79] 73 [68,78] 82 [79,86] 89 [85,92]
ModelsGenesis 19 [5,35] 24 [6,41] 63 [52,74] 65 [59,71] 77 [72,81] 87 [84,90]
segmentation 29 [14,46] 35 [17,51] 69 [59,79] 76 [71,81] 84 [81,88] 89 [86,92]
nnUNet 23 [9,39] 30 [12,46] 67 [56,77] 64 [58,69] 76 [72,80] 81 [77,85]
R-Super† 48 [30,67] 53 [35,68] 81 [71,89] 82 [78,87] 88 [85,91] 90 [86,93]

AI spleen small tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 11 [6,16] 19 [11,26] 47 [40,54] 23 [20,26] 30 [26,33] 62 [58,65]
R-Super 78 [70,84] 84 [79,88] 86 [80,90] 61 [57,65] 67 [63,71] 81 [78,84]

many reports, few masks training
CLIP 23 [16,30] 36 [27,44] 71 [65,77] 39 [35,43] 48 [44,52] 74 [71,77]
MTL 49 [42,58] 63 [56,70] 78 [72,83] 49 [45,53] 58 [53,62] 79 [76,81]
ModelsGenesis 24 [17,31] 37 [28,46] 74 [67,79] 40 [36,44] 49 [44,53] 75 [72,78]
segmentation 39 [31,46] 53 [45,61] 79 [72,84] 47 [43,51] 56 [52,60] 78 [75,81]
nnUNet 33 [25,41] 47 [38,55] 70 [64,77] 43 [39,47] 52 [48,56] 73 [71,76]
R-Super† 77 [70,84] 84 [78,88] 86 [81,91] 66 [62,70] 72 [68,75] 83 [80,85]

72



Table D37: Small tumor detection, external validation (Stanford, USA): comparison to alternative meth-

ods trained on the same dataset in detecting small tumors. This table evaluates tumor detection (malignant +
benign vs no-tumor), considering only small tumors (diameter → 2 cm). All models were trained on the UCSF train set
(USA), and evaluated on the Stanford test set (external validation, USA). See dataset details in Tab. 1, A1. All models
were evaluated at 90% specificity. We compare multiple training methods: R-Super†, MTL, and CLIP were trained on all
available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask pairs only; R-Super and classification on
CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05),
comparing the best-performing model with the second-best model (separately for models trained without masks). We used
DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are
shown as average and 95% CI (1,000 bootstrap samples). n/a: we skipped organs with less than 10 positive scans in the
dataset.

AI bladder small tumor esophagus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 2 [0,8] 4 [0,12] 45 [35,55] n/a n/a n/a
R-Super 51 [36,66] 57 [42,70] 81 [72,88] n/a n/a n/a

many reports, few masks training
CLIP 29 [16,44] 38 [23,52] 74 [65,82] n/a n/a n/a
MTL 76 [62,88] 76 [65,86] 84 [77,92] n/a n/a n/a
ModelsGenesis 32 [18,46] 40 [24,54] 70 [61,79] n/a n/a n/a
segmentation 36 [21,52] 44 [28,59] 72 [63,80] n/a n/a n/a
nnUNet 15 [5,28] 21 [7,35] 59 [48,70] n/a n/a n/a
R-Super† 73 [59,87] 74 [62,83] 84 [74,92] n/a n/a n/a

AI gallbladder small tumor uterus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 12 [3,24] 18 [4,32] 46 [36,56] 6 [0,14] 10 [0,20] 70 [61,78]
R-Super 49 [33,64] 56 [41,69] 76 [66,85] 60 [45,74] 65 [52,76] 87 [80,93]

many reports, few masks training
CLIP 46 [31,61] 54 [38,68] 71 [62,80] 23 [12,36] 32 [17,45] 75 [68,83]
MTL 27 [13,41] 35 [18,49] 61 [52,69] 30 [17,44] 39 [24,53] 79 [72,86]
ModelsGenesis 42 [26,58] 49 [34,63] 71 [62,79] 28 [15,41] 37 [21,50] 74 [66,81]
segmentation 51 [36,66] 60 [46,72] 73 [65,81] 28 [16,40] 37 [22,50] 78 [70,85]
nnUNet 0 [0,0] 0 [0,0] 50 [50,50] 48 [33,62] 56 [42,67] 79 [70,86]
R-Super† 68 [54,82] 70 [57,81] 88 [82,94] 60 [45,73] 65 [52,76] 84 [78,90]

AI prostate small tumor adrenal small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification n/a n/a n/a 16 [12,19] 26 [21,32] 56 [50,62]
R-Super n/a n/a n/a 87 [84,90] 92 [89,94] 94 [92,96]

many reports, few masks training
CLIP n/a n/a n/a 68 [64,73] 80 [76,83] 82 [78,84]
MTL n/a n/a n/a 77 [73,82] 86 [83,89] 86 [83,89]
ModelsGenesis n/a n/a n/a 66 [60,70] 78 [75,82] 81 [78,84]
segmentation n/a n/a n/a 70 [65,74] 81 [78,84] 84 [81,86]
nnUNet n/a n/a n/a 50 [44,55] 65 [60,70] 73 [69,77]
R-Super† n/a n/a n/a 83 [79,86] 89 [87,91] 92 [89,94]

AI spleen small tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 10 [6,14] 17 [10,24] 51 [44,57] 9 [7,13] 15 [11,20] 54 [49,58]
R-Super 70 [63,77] 80 [74,84] 83 [79,88] 63 [58,69] 70 [65,74] 84 [81,87]

many reports, few masks training
CLIP 55 [47,62] 68 [61,74] 75 [70,79] 44 [40,50] 54 [49,59] 75 [72,79]
MTL 64 [57,72] 76 [70,82] 80 [76,84] 55 [50,59] 63 [58,67] 78 [76,81]
ModelsGenesis 63 [56,70] 75 [69,80] 79 [74,83] 46 [41,52] 56 [50,61] 75 [72,78]
segmentation 61 [54,68] 73 [68,78] 78 [73,82] 49 [44,54] 59 [54,64] 77 [74,80]
nnUNet 50 [43,57] 64 [57,70] 76 [71,81] 32 [28,37] 41 [37,45] 68 [64,70]
R-Super† 71 [64,78] 80 [75,85] 84 [79,88] 71 [66,76] 76 [71,80] 86 [84,89]
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Table D38: Small tumor detection, external validation (Medipol, Turkey): comparison to alternative

methods trained on the same dataset in detecting small tumors. This table evaluates tumor detection (malignant
+ benign vs no-tumor), considering only small tumors (diameter → 2 cm). All models were trained on the R-Super train set
(USA), and evaluated on the Medipol test set (external validation, Turkey). See dataset details in Tab. 1, A1. All models
were evaluated at 90% specificity. We compare multiple training methods: R-Super†, MTL, and CLIP were trained on all
available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask pairs only; R-Super and classification on
CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue indicates statistical significance (p < 0.05),
comparing the best-performing model with the second-best model (separately for models trained without masks). We used
DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are
shown as average and 95% CI (1,000 bootstrap samples). n/a: we skipped organs with less than 10 positive scans in the
dataset.

AI bladder small tumor esophagus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [0,10] 6 [0,14] 57 [50,64] 30 [16,43] 36 [21,49] 72 [62,80]
R-Super 37 [24,51] 44 [30,56] 80 [74,85] 77 [64,89] 72 [60,81] 93 [89,97]

many reports, few masks training
CLIP 2 [0,6] 3 [0,9] 63 [55,70] 57 [42,73] 58 [44,70] 83 [75,90]
MTL 43 [30,56] 49 [36,60] 70 [62,78] 64 [49,77] 63 [50,73] 86 [77,92]
ModelsGenesis 11 [3,21] 16 [5,28] 62 [54,71] 54 [39,69] 56 [42,68] 86 [78,92]
segmentation 13 [5,22] 18 [7,29] 68 [61,75] 68 [54,82] 66 [55,77] 88 [82,93]
nnUNet 43 [30,56] 50 [37,61] 69 [60,77] 62 [47,77] 61 [47,72] 78 [68,87]
R-Super† 37 [24,50] 44 [31,56] 80 [73,85] 64 [49,78] 63 [50,74] 90 [84,95]

AI gallbladder small tumor uterus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [0,9] 6 [0,14] 32 [25,39] 17 [0,43] 13 [0,29] 72 [60,84]
R-Super 39 [28,49] 48 [37,58] 68 [61,76] 8 [0,29] 7 [0,21] 83 [76,88]

many reports, few masks training
CLIP 37 [26,49] 47 [34,57] 79 [73,85] 8 [0,29] 7 [0,22] 74 [62,85]
MTL 32 [22,43] 41 [30,53] 75 [69,81] 8 [0,29] 7 [0,21] 82 [75,89]
ModelsGenesis 19 [10,30] 27 [15,40] 74 [67,80] 8 [0,27] 7 [0,19] 66 [56,77]
segmentation 41 [30,53] 50 [39,60] 79 [73,84] 8 [0,30] 7 [0,21] 75 [66,83]
nnUNet 18 [9,27] 26 [14,37] 57 [50,65] 17 [0,38] 13 [0,30] 58 [43,76]
R-Super† 71 [60,81] 74 [65,81] 80 [73,87] 17 [0,43] 15 [0,35] 80 [72,88]

AI prostate small tumor adrenal small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification n/a n/a n/a 18 [11,25] 27 [17,36] 64 [57,70]
R-Super n/a n/a n/a 94 [89,98] 90 [85,94] 96 [93,98]

many reports, few masks training
CLIP n/a n/a n/a 71 [63,79] 77 [70,82] 91 [88,94]
MTL n/a n/a n/a 82 [75,89] 84 [78,89] 93 [89,96]
ModelsGenesis n/a n/a n/a 80 [72,87] 82 [76,87] 92 [88,95]
segmentation n/a n/a n/a 86 [79,92] 86 [80,90] 94 [91,96]
nnUNet n/a n/a n/a 70 [61,78] 75 [69,81] 82 [77,87]
R-Super† n/a n/a n/a 87 [80,92] 86 [81,90] 91 [87,95]

AI spleen small tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 12 [7,17] 19 [12,27] 54 [47,60] 14 [10,19] 18 [13,22] 58 [55,62]
R-Super 70 [63,78] 77 [71,83] 85 [81,89] 54 [50,59] 56 [52,60] 84 [82,86]

many reports, few masks training
CLIP 6 [3,10] 10 [5,17] 66 [60,72] 30 [26,35] 33 [29,38] 76 [73,79]
MTL 28 [21,35] 40 [31,48] 76 [71,81] 43 [38,48] 47 [42,52] 80 [78,83]
ModelsGenesis 4 [1,7] 6 [1,12] 74 [69,80] 29 [25,34] 32 [28,36] 76 [72,79]
segmentation 2 [0,5] 4 [0,9] 75 [69,81] 36 [32,42] 38 [34,42] 80 [77,82]
nnUNet 26 [19,33] 38 [29,46] 71 [66,78] 39 [34,44] 44 [39,48] 69 [66,74]
R-Super† 57 [49,65] 67 [60,74] 81 [76,86] 55 [50,61] 58 [53,63] 84 [81,86]
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Table D39: Small tumor detection, external validation (Basel, Switzerland): comparison to alternative

methods trained on the same dataset in detecting small tumors. This table evaluates tumor detection (malignant
+ benign vs no-tumor), considering only small tumors (diameter → 2 cm). All models were trained on the R-Super train
set (USA), and evaluated on the Basel test set (external validation, Switzerland). See dataset details in Tab. 1, A1.
All models were evaluated at 90% specificity. We compare multiple training methods: R-Super†, MTL, and CLIP were
trained on all available CT-Report plus CT-Mask pairs; segmentation and nnU-Net on CT-Mask pairs only; R-Super
and classification on CT-Report only; ModelsGenesis on all CT scans and all CT-Mask pairs. Blue indicates statistical
significance (p < 0.05), comparing the best-performing model with the second-best model (separately for models trained
without masks). We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the
other metrics. Results are shown as average and 95% CI (1,000 bootstrap samples). n/a: we skipped organs with less than
10 positive scans in the dataset.

AI bladder small tumor esophagus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 19 [7,33] 29 [12,46] 80 [70,88] n/a n/a n/a
R-Super 54 [39,70] 64 [50,77] 83 [74,91] n/a n/a n/a

many reports, few masks training
CLIP 78 [64,91] 81 [70,90] 90 [82,96] n/a n/a n/a
MTL 81 [68,93] 83 [72,91] 88 [81,95] n/a n/a n/a
ModelsGenesis 57 [39,73] 67 [51,79] 88 [81,95] n/a n/a n/a
segmentation 68 [52,82] 76 [64,86] 85 [77,94] n/a n/a n/a
nnUNet 76 [62,89] 80 [69,89] 84 [76,92] n/a n/a n/a
R-Super† 89 [79,98] 88 [80,94] 92 [84,98] n/a n/a n/a

AI gallbladder small tumor uterus small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification n/a n/a n/a 67 [38,92] 64 [38,84] 85 [70,97]
R-Super n/a n/a n/a 50 [20,82] 52 [24,75] 78 [54,97]

many reports, few masks training
CLIP n/a n/a n/a 75 [46,100] 69 [42,87] 86 [69,100]
MTL n/a n/a n/a 83 [60,100] 80 [59,95] 91 [78,100]
ModelsGenesis n/a n/a n/a 75 [50,100] 69 [44,88] 85 [70,99]
segmentation n/a n/a n/a 90 [67,100] 82 [59,96] 95 [82,100]
nnUNet n/a n/a n/a 67 [36,91] 64 [36,83] 81 [65,95]
R-Super† n/a n/a n/a 83 [58,100] 74 [52,91] 90 [75,100]

AI prostate small tumor adrenal small tumor

sen. F1 AUC sen. F1 AUC

report only training
classification 62 [33,90] 62 [36,80] 84 [69,95] 14 [9,20] 24 [15,33] 53 [45,63]
R-Super 62 [33,88] 62 [35,80] 82 [66,95] 28 [21,36] 43 [34,52] 79 [73,85]

many reports, few masks training
CLIP 67 [38,93] 64 [38,83] 85 [69,97] 69 [61,77] 80 [75,86] 85 [79,90]
MTL 69 [43,93] 69 [46,88] 86 [73,97] 68 [61,76] 80 [74,85] 84 [78,90]
ModelsGenesis 54 [25,82] 56 [28,77] 84 [71,96] 71 [63,78] 81 [76,86] 86 [80,92]
segmentation 75 [46,100] 69 [44,88] 90 [78,99] 80 [72,86] 87 [82,91] 87 [81,93]
nnUNet 43 [15,71] 48 [19,71] 69 [54,83] 59 [51,68] 74 [66,80] 77 [70,84]
R-Super† 62 [33,88] 62 [33,80] 84 [68,96] 71 [63,78] 81 [75,86] 84 [78,90]

AI spleen small tumor Average

sen. F1 AUC sen. F1 AUC

report only training
classification 4 [1,8] 7 [2,14] 45 [36,57] 33 [24,41] 37 [28,44] 69 [64,75]
R-Super 52 [43,62] 67 [58,74] 75 [67,82] 49 [40,58] 58 [49,65] 79 [73,85]

many reports, few masks training
CLIP 9 [4,15] 16 [8,25] 55 [44,64] 60 [50,67] 62 [54,69] 80 [75,85]
MTL 3 [0,6] 5 [0,11] 46 [37,56] 61 [53,68] 64 [56,69] 79 [74,83]
ModelsGenesis 10 [5,16] 18 [9,27] 51 [41,60] 53 [45,62] 58 [50,65] 79 [74,83]
segmentation 4 [1,8] 7 [2,14] 52 [41,62] 63 [56,70] 64 [57,70] 82 [77,86]
nnUNet 11 [6,16] 18 [10,27] 52 [42,61] 51 [42,59] 57 [49,64] 73 [68,78]
R-Super† 38 [28,47] 53 [43,63] 76 [68,84] 68 [60,76] 72 [64,77] 85 [80,89]
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D.8 Comparison to Radiologists1505

Here, we compare R-Super to radiologists at the probable confidence level. As described in Section 2.4, for each1506

CT scan, radiologists indicated which organs probably or certainly contained a tumor, and which probably or1507

certainly contained a malignant tumor. Radiologists were instructed to mark at the probable level any tumor1508

they would mention in a radiology report, simulating which tumors would be detected in clinical practice. All1509

tumors marked at the certain level were also counted as positives for the probable level. In the tables below,1510

R-Super is evaluated at specificity matched to the radiologists’.1511

Table D40: Experience of radiologists in the reader study. The number of CT scans read per year are approximate,
estimated by the radiologists. Experience time includes residency: the 3 radiologists with 2 years of experience are residents.
The other 3 are board-certified radiologists. We grouped radiologists in pairs. Each radiologist in a pair read half of the
CT scans in the dataset. These two dataset halves were randomly split, keeping tumor proportions the same.

radiologist ID group experience (years) CTs read per year training / expertise

1 group A 2 700 chest and abdominal radiology
2 group A 2 1,100 chest and abdominal radiology
3 group B 2 800 chest and abdominal radiology
4 group B 4 3,000 abdominal radiology
5 group C 8 2,000 chest and abdominal radiology
6 group C 5 2,000 abdominal radiology

Table D41: Reader Study: tumor detection. R-Super surpassed the radiologist average in sensitivity for every
tumor type except uterus, achieving +22% average sensitivity at approximately matched specificity. Here, we show results
for tumor detection (benign + malignant vs no-tumor). Blue indicates statistical significance (p < 0.05), comparing the
AI model with radiologist average. We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000
permutations) for the other metrics. Results are shown as average and 95% confidence intervals (given 1,000 bootstrap
samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 36 [26,46] 98 [95,100] 52 [40,61] 67 [62,72] 55 [44,66] 97 [94,99] 69 [58,77] 76 [71,82]
rad. group B 37 [28,46] 98 [95,100] 53 [42,62] 68 [63,72] 55 [44,65] 97 [94,99] 69 [59,77] 76 [71,82]
rad. group C 23 [15,32] 100 [100,100] 37 [26,48] 61 [57,66] 4 [0,8] 100 [100,100] 7 [0,16] 52 [50,54]

radiologist average 32 [27,37] 98 [97,100] 48 [41,53] 65 [63,68] 38 [32,44] 98 [97,99] 54 [47,60] 68 [65,71]
R-Super† 48 [38,58] 98 [95,100] 64 [54,72] 88 [82,92] 67 [57,77] 98 [95,100] 79 [70,86] 92 [87,96]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 47 [37,58] 95 [90,98] 60 [50,70] 72 [65,77] 74 [66,82] 85 [79,91] 77 [70,83] 82 [77,87]
rad. group B 49 [38,59] 95 [91,98] 62 [52,71] 72 [66,78] 75 [66,83] 84 [78,90] 77 [70,83] 82 [77,87]
rad. group C 24 [15,34] 100 [100,100] 39 [26,50] 62 [57,67] 69 [61,78] 98 [96,100] 81 [74,87] 84 [80,88]

radiologist average 40 [34,46] 96 [95,98] 55 [48,61] 69 [66,72] 73 [68,78] 89 [86,92] 78 [74,82] 83 [80,86]
R-Super† 69 [59,78] 96 [93,99] 79 [71,85] 90 [85,94] 63 [54,72] 89 [83,94] 71 [64,78] 82 [77,87]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 38 [27,48] 96 [92,99] 52 [40,62] 67 [61,72] 8 [4,13] 100 [100,100] 14 [7,23] 54 [52,56]
rad. group B 38 [27,49] 96 [92,99] 52 [40,63] 67 [62,73] 5 [2,8] 100 [100,100] 9 [3,16] 52 [51,54]
rad. group C 14 [7,23] 100 [100,100] 25 [14,37] 57 [54,61] 48 [40,56] 98 [95,100] 64 [56,71] 73 [68,77]

radiologist average 30 [24,36] 97 [95,98] 44 [37,51] 64 [61,66] 20 [17,24] 99 [98,100] 34 [28,39] 60 [58,62]
R-Super† 54 [43,66] 97 [94,99] 68 [58,77] 90 [85,95] 54 [46,63] 99 [98,100] 70 [62,77] 92 [89,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 43 [33,52] 96 [93,99] 58 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 55 [51,58] 70 [68,72]
rad. group B 43 [33,52] 97 [94,99] 59 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 54 [51,57] 70 [68,72]
rad. group C 35 [26,44] 100 [100,100] 52 [41,61] 67 [63,72] 31 [28,34] 99 [99,100] 44 [40,47] 65 [64,67]

radiologist average 40 [35,46] 98 [96,99] 56 [51,62] 69 [66,72] 39 [37,41] 96 [96,97] 53 [50,55] 68 [67,69]
R-Super† 71 [62,79] 98 [95,100] 82 [75,87] 86 [80,91] 61 [57,65] 96 [95,98] 73 [70,76] 88 [87,90]
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Table D42: Reader Study: malignant tumor detection. R-Super surpassed the radiologist average in sensitivity for
all tumor types, with gains ranging up to +48%, and +27% on average. Here, we show results for malignant tumor detection
(malignant vs no-tumor). Blue indicates statistical significance (p < 0.05), comparing the AI model with radiologist
average. We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other
metrics. Results are shown as average and 95% confidence intervals (given 1,000 bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 57 [40,75] 98 [95,100] 69 [53,82] 78 [69,87] 67 [53,81] 97 [94,99] 76 [64,86] 83 [76,90]
rad. group B 57 [40,74] 98 [95,100] 69 [53,82] 78 [69,86] 67 [52,81] 97 [94,99] 76 [64,86] 83 [75,90]
rad. group C 37 [22,55] 100 [100,100] 54 [36,71] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 50 [41,60] 98 [97,100] 65 [55,72] 75 [70,80] 46 [37,55] 98 [97,99] 60 [52,68] 72 [68,77]
R-Super† 71 [56,85] 98 [95,100] 79 [67,89] 95 [89,99] 72 [58,85] 98 [95,100] 80 [69,89] 96 [93,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 68 [48,87] 95 [90,98] 69 [51,82] 82 [72,92] 76 [61,89] 85 [79,91] 64 [50,75] 84 [75,91]
rad. group B 68 [50,85] 95 [91,98] 69 [53,82] 82 [72,92] 76 [61,89] 84 [78,90] 63 [50,75] 83 [75,91]
rad. group C 32 [13,52] 100 [100,100] 48 [23,68] 66 [56,76] 79 [64,92] 98 [96,100] 85 [74,94] 89 [82,96]

radiologist average 56 [44,68] 96 [95,98] 64 [55,74] 77 [71,83] 77 [68,84] 89 [86,92] 70 [62,76] 85 [80,89]
R-Super† 96 [88,100] 96 [93,99] 89 [79,96] 99 [98,100] 79 [64,92] 89 [83,94] 70 [58,81] 86 [78,93]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 42 [23,61] 96 [92,99] 51 [31,68] 69 [60,79] 13 [3,24] 100 [100,100] 23 [6,39] 56 [52,62]
rad. group B 42 [26,63] 96 [92,99] 51 [33,68] 69 [61,80] 8 [0,16] 100 [100,100] 14 [0,28] 54 [50,58]
rad. group C 27 [10,45] 100 [100,100] 42 [18,62] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 37 [27,48] 97 [95,98] 49 [38,59] 67 [62,73] 19 [12,26] 99 [98,100] 31 [21,41] 59 [56,62]
R-Super† 65 [46,83] 97 [94,99] 72 [56,85] 92 [83,98] 67 [50,81] 99 [98,100] 79 [66,88] 94 [89,99]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 96 [93,99] 62 [41,78] 76 [64,88] 54 [48,60] 95 [94,96] 59 [53,64] 76 [72,79]
rad. group B 54 [32,76] 97 [94,99] 63 [42,79] 76 [65,87] 53 [47,59] 95 [94,96] 58 [52,63] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 36 [30,43] 99 [99,100] 49 [41,55] 68 [65,71]

radiologist average 50 [38,61] 98 [96,99] 61 [50,71] 74 [68,80] 48 [44,52] 96 [96,97] 57 [53,61] 73 [71,75]
R-Super† 77 [58,94] 98 [95,100] 81 [67,92] 94 [88,99] 75 [69,81] 96 [95,98] 79 [74,83] 94 [92,96]

Table D43: Reader Study: malignancy identification. Here, we show results for malignancy identification, i.e.,
distinguishing malignant tumors from benign tumors plus no-tumor cases. R-Super surpassed the radiologist average in
sensitivity for 5 tumor types at approximately matched specificity, achieving +14% sensitivity on average. Blue indicates
statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s test for AUC and
paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95%
confidence intervals (given 1,000 bootstrap samples).

bladder malignancy id. esophagus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 46 [30,64] 97 [95,99] 58 [41,73] 72 [64,81] 63 [48,77] 93 [88,96] 67 [54,77] 79 [71,86]
rad. group B 43 [27,61] 97 [95,99] 56 [38,71] 70 [62,79] 65 [50,79] 93 [88,97] 68 [56,80] 80 [72,87]
rad. group C 37 [22,55] 99 [98,100] 53 [35,69] 68 [60,77] 2 [0,8] 99 [98,100] 4 [0,14] 51 [49,54]

radiologist average 42 [32,52] 98 [97,99] 56 [46,65] 70 [65,75] 43 [35,51] 95 [93,97] 54 [46,62] 70 [65,74]
R-Super† 57 [40,73] 98 [96,100] 69 [54,81] 93 [86,98] 63 [48,77] 95 [92,99] 70 [57,81] 90 [85,95]

gallbladder malignancy id. uterus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 56 [36,76] 93 [88,96] 56 [38,71] 76 [65,87] 64 [46,79] 76 [69,81] 42 [29,54] 72 [63,82]
rad. group B 56 [35,76] 94 [90,97] 58 [39,74] 76 [65,86] 64 [47,79] 77 [71,82] 42 [30,53] 73 [63,82]
rad. group C 28 [11,48] 100 [100,100] 44 [19,64] 64 [55,74] 73 [57,87] 97 [94,99] 76 [63,87] 85 [77,93]

radiologist average 47 [36,57] 96 [94,97] 54 [43,63] 72 [66,78] 67 [57,76] 83 [80,86] 50 [43,57] 77 [72,82]
R-Super† 72 [52,89] 96 [92,99] 74 [57,86] 95 [90,99] 64 [47,81] 83 [78,88] 49 [36,60] 77 [66,86]

prostate malignancy id. adrenal malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 38 [20,58] 94 [90,98] 46 [25,63] 67 [57,77] 13 [3,24] 98 [96,100] 21 [6,36] 55 [50,61]
rad. group B 38 [21,59] 94 [90,98] 46 [26,63] 67 [58,78] 8 [0,16] 98 [96,100] 13 [0,27] 53 [49,57]
rad. group C 23 [8,39] 100 [100,100] 38 [14,56] 62 [54,70] 28 [14,43] 97 [94,99] 40 [23,56] 63 [56,71]

radiologist average 33 [23,43] 96 [94,98] 43 [31,54] 65 [60,70] 16 [10,23] 98 [96,99] 26 [17,35] 57 [54,61]
R-Super† 65 [46,83] 96 [92,99] 69 [52,82] 91 [83,97] 15 [5,28] 98 [96,100] 24 [10,40] 79 [69,88]

spleen malignancy id. Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 32 [13,55] 95 [92,98] 38 [17,56] 64 [54,76] 44 [38,51] 92 [91,94] 47 [40,52] 69 [66,73]
rad. group B 27 [10,48] 96 [93,99] 35 [13,56] 62 [53,73] 43 [37,50] 93 [91,94] 46 [39,51] 69 [65,72]
rad. group C 23 [6,42] 99 [98,100] 36 [10,58] 61 [53,71] 31 [25,36] 99 [98,99] 42 [34,48] 65 [62,68]

radiologist average 27 [17,39] 97 [95,98] 36 [24,48] 62 [57,69] 39 [35,43] 95 [94,95] 46 [42,49] 68 [66,70]
R-Super† 32 [12,52] 97 [94,99] 41 [19,61] 89 [82,94] 53 [46,59] 95 [93,96] 57 [51,62] 88 [85,90]
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Table D44: Reader Study: tumor detection (R-Super trained without masks). This table repeats the tumor
detection comparison (malignant + benign vs no-tumor) using R-Super trained with CT-Report pairs only (no tumor
masks). Even without masks, R-Super surpassed the radiologist average in sensitivity for 5 tumor types, achieving +7%
sensitivity on average. These results demonstrate that report-only training is su"cient to surpass human performance in
tumor detection for multiple tumor types. Blue indicates statistical significance (p < 0.05), comparing the AI model with
radiologist average. We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for
the other metrics. Results are shown as average and 95% confidence intervals (given 1,000 bootstrap samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 36 [26,46] 98 [95,100] 52 [40,61] 67 [62,72] 55 [44,66] 97 [94,99] 69 [58,77] 76 [71,82]
rad. group B 37 [28,46] 98 [95,100] 53 [42,62] 68 [63,72] 55 [44,65] 97 [94,99] 69 [59,77] 76 [71,82]
rad. group C 23 [15,32] 100 [100,100] 37 [26,48] 61 [57,66] 4 [0,8] 100 [100,100] 7 [0,16] 52 [50,54]

radiologist average 32 [27,37] 98 [97,100] 48 [41,53] 65 [63,68] 38 [32,44] 98 [97,99] 54 [47,60] 68 [65,71]
R-Super 41 [31,50] 98 [95,100] 57 [46,66] 84 [78,89] 62 [51,72] 98 [95,100] 75 [66,82] 86 [80,91]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 47 [37,58] 95 [90,98] 60 [50,70] 72 [65,77] 74 [66,82] 85 [79,91] 77 [70,83] 82 [77,87]
rad. group B 49 [38,59] 95 [91,98] 62 [52,71] 72 [66,78] 75 [66,83] 84 [78,90] 77 [70,83] 82 [77,87]
rad. group C 24 [15,34] 100 [100,100] 39 [26,50] 62 [57,67] 69 [61,78] 98 [96,100] 81 [74,87] 84 [80,88]

radiologist average 40 [34,46] 96 [95,98] 55 [48,61] 69 [66,72] 73 [68,78] 89 [86,92] 78 [74,82] 83 [80,86]
R-Super 25 [16,34] 96 [92,99] 38 [27,49] 73 [66,80] 65 [56,73] 89 [83,94] 72 [65,79] 87 [82,91]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 38 [27,48] 96 [92,99] 52 [40,62] 67 [61,72] 8 [4,13] 100 [100,100] 14 [7,23] 54 [52,56]
rad. group B 38 [27,49] 96 [92,99] 52 [40,63] 67 [62,73] 5 [2,8] 100 [100,100] 9 [3,16] 52 [51,54]
rad. group C 14 [7,23] 100 [100,100] 25 [14,37] 57 [54,61] 48 [40,56] 98 [95,100] 64 [56,71] 73 [68,77]

radiologist average 30 [24,36] 97 [95,98] 44 [37,51] 64 [61,66] 20 [17,24] 99 [98,100] 34 [28,39] 60 [58,62]
R-Super 43 [32,53] 97 [94,99] 58 [47,68] 88 [82,92] 44 [35,53] 98 [96,100] 60 [52,69] 92 [88,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 43 [33,52] 96 [93,99] 58 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 55 [51,58] 70 [68,72]
rad. group B 43 [33,52] 97 [94,99] 59 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 54 [51,57] 70 [68,72]
rad. group C 35 [26,44] 100 [100,100] 52 [41,61] 67 [63,72] 31 [28,34] 99 [99,100] 44 [40,47] 65 [64,67]

radiologist average 40 [35,46] 98 [96,99] 56 [51,62] 69 [66,72] 39 [37,41] 96 [96,97] 53 [50,55] 68 [67,69]
R-Super 43 [33,52] 98 [95,100] 59 [49,68] 82 [76,88] 46 [43,50] 96 [95,98] 60 [56,64] 84 [82,86]

Table D45: Reader Study: malignant tumor detection (R-Super trained without masks). This table repeats
the malignant tumor detection comparison (malignant vs no-tumor) using R-Super trained with CT-Report pairs only
(no tumor masks). Even without masks, R-Super surpassed the radiologist average in sensitivity for 4 tumor types, and
matched the radiologists on average (no significant di!erence in sensitivity). Unlike sensitivity, R-Super AUC significantly
surpassed the radiologists on average (+16%), indicating that R-Super is operating at an unfavorable operating point at
the radiologists’ specificity but has stronger overall discriminative ability. Blue indicates statistical significance (p < 0.05),
comparing the AI model with radiologist average. We used DeLong’s test for AUC and paired permutation tests (two-
sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% confidence intervals (given 1,000
bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 57 [40,75] 98 [95,100] 69 [53,82] 78 [69,87] 67 [53,81] 97 [94,99] 76 [64,86] 83 [76,90]
rad. group B 57 [40,74] 98 [95,100] 69 [53,82] 78 [69,86] 67 [52,81] 97 [94,99] 76 [64,86] 83 [75,90]
rad. group C 37 [22,55] 100 [100,100] 54 [36,71] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 50 [41,60] 98 [97,100] 65 [55,72] 75 [70,80] 46 [37,55] 98 [97,99] 60 [52,68] 72 [68,77]
R-Super 57 [40,74] 98 [95,100] 69 [54,82] 90 [81,97] 74 [60,86] 98 [95,100] 82 [71,91] 94 [90,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 68 [48,87] 95 [90,98] 69 [51,82] 82 [72,92] 76 [61,89] 85 [79,91] 64 [50,75] 84 [75,91]
rad. group B 68 [50,85] 95 [91,98] 69 [53,82] 82 [72,92] 76 [61,89] 84 [78,90] 63 [50,75] 83 [75,91]
rad. group C 32 [13,52] 100 [100,100] 48 [23,68] 66 [56,76] 79 [64,92] 98 [96,100] 85 [74,94] 89 [82,96]

radiologist average 56 [44,68] 96 [95,98] 64 [55,74] 77 [71,83] 77 [68,84] 89 [86,92] 70 [62,76] 85 [80,89]
R-Super 48 [27,67] 96 [92,99] 57 [36,73] 89 [82,95] 82 [67,94] 89 [83,94] 72 [59,83] 92 [86,97]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 42 [23,61] 96 [92,99] 51 [31,68] 69 [60,79] 13 [3,24] 100 [100,100] 23 [6,39] 56 [52,62]
rad. group B 42 [26,63] 96 [92,99] 51 [33,68] 69 [61,80] 8 [0,16] 100 [100,100] 14 [0,28] 54 [50,58]
rad. group C 27 [10,45] 100 [100,100] 42 [18,62] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 37 [27,48] 97 [95,98] 49 [38,59] 67 [62,73] 19 [12,26] 99 [98,100] 31 [21,41] 59 [56,62]
R-Super 19 [5,36] 97 [94,99] 29 [8,49] 89 [81,95] 56 [40,71] 98 [96,100] 70 [55,82] 94 [89,98]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 96 [93,99] 62 [41,78] 76 [64,88] 54 [48,60] 95 [94,96] 59 [53,64] 76 [72,79]
rad. group B 54 [32,76] 97 [94,99] 63 [42,79] 76 [65,87] 53 [47,59] 95 [94,96] 58 [52,63] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 36 [30,43] 99 [99,100] 49 [41,55] 68 [65,71]

radiologist average 50 [38,61] 98 [96,99] 61 [50,71] 74 [68,80] 48 [44,52] 96 [96,97] 57 [53,61] 73 [71,75]
R-Super 32 [13,52] 98 [95,100] 44 [21,64] 81 [66,92] 53 [47,59] 96 [95,98] 60 [54,66] 90 [87,92]
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Table D46: Reader Study: malignancy identification (R-Super trained without masks). This table repeats the
malignancy identification comparison using R-Super trained with CT-Report pairs only (no tumor masks). Even without
masks, R-Super surpassed the radiologist average in sensitivity for 4 tumor types, achieving +3% sensitivity on average.
Blue indicates statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s
test for AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as
average and 95% confidence intervals (given 1,000 bootstrap samples).

bladder malignancy id. esophagus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 46 [30,64] 97 [95,99] 58 [41,73] 72 [64,81] 63 [48,77] 93 [88,96] 67 [54,77] 79 [71,86]
rad. group B 43 [27,61] 97 [95,99] 56 [38,71] 70 [62,79] 65 [50,79] 93 [88,97] 68 [56,80] 80 [72,87]
rad. group C 37 [22,55] 99 [98,100] 53 [35,69] 68 [60,77] 2 [0,8] 99 [98,100] 4 [0,14] 51 [49,54]

radiologist average 42 [32,52] 98 [97,99] 56 [46,65] 70 [65,75] 43 [35,51] 95 [93,97] 54 [46,62] 70 [65,74]
R-Super 14 [3,26] 99 [97,100] 24 [6,39] 87 [77,94] 74 [60,86] 95 [92,99] 78 [67,87] 92 [87,96]

gallbladder malignancy id. uterus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 56 [36,76] 93 [88,96] 56 [38,71] 76 [65,87] 64 [46,79] 76 [69,81] 42 [29,54] 72 [63,82]
rad. group B 56 [35,76] 94 [90,97] 58 [39,74] 76 [65,86] 64 [47,79] 77 [71,82] 42 [30,53] 73 [63,82]
rad. group C 28 [11,48] 100 [100,100] 44 [19,64] 64 [55,74] 73 [57,87] 97 [94,99] 76 [63,87] 85 [77,93]

radiologist average 47 [36,57] 96 [94,97] 54 [43,63] 72 [66,78] 67 [57,76] 83 [80,86] 50 [43,57] 77 [72,82]
R-Super 52 [32,73] 96 [92,99] 59 [38,76] 92 [86,96] 76 [60,90] 84 [79,89] 56 [42,67] 84 [76,92]

prostate malignancy id. adrenal malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 38 [20,58] 94 [90,98] 46 [25,63] 67 [57,77] 13 [3,24] 98 [96,100] 21 [6,36] 55 [50,61]
rad. group B 38 [21,59] 94 [90,98] 46 [26,63] 67 [58,78] 8 [0,16] 98 [96,100] 13 [0,27] 53 [49,57]
rad. group C 23 [8,39] 100 [100,100] 38 [14,56] 62 [54,70] 28 [14,43] 97 [94,99] 40 [23,56] 63 [56,71]

radiologist average 33 [23,43] 96 [94,98] 43 [31,54] 65 [60,70] 16 [10,23] 98 [96,99] 26 [17,35] 57 [54,61]
R-Super 15 [4,31] 96 [93,99] 23 [6,41] 61 [47,73] 36 [21,51] 98 [95,100] 49 [31,64] 83 [74,91]

spleen malignancy id. Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 32 [13,55] 95 [92,98] 38 [17,56] 64 [54,76] 44 [38,51] 92 [91,94] 47 [40,52] 69 [66,73]
rad. group B 27 [10,48] 96 [93,99] 35 [13,56] 62 [53,73] 43 [37,50] 93 [91,94] 46 [39,51] 69 [65,72]
rad. group C 23 [6,42] 99 [98,100] 36 [10,58] 61 [53,71] 31 [25,36] 99 [98,99] 42 [34,48] 65 [62,68]

radiologist average 27 [17,39] 97 [95,98] 36 [24,48] 62 [57,69] 39 [35,43] 95 [94,95] 46 [42,49] 68 [66,70]
R-Super 23 [5,41] 97 [94,99] 31 [8,50] 79 [65,89] 42 [35,47] 95 [94,96] 46 [39,52] 82 [79,86]
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Table D47: Reader Study: Unlike R-Super, previous public AI models do not surpass human
performance in tumor detection. In tumor detection (benign + malignant vs no-tumor), we compared the
radiologist performance to ULS (segmentation) and Merlin (zero-shot classification), on the reader study test
dataset. These are the previous public models that, after R-Super, achieved the highest performance in our
experiments (Fig. 2). Unlike R-Super, these previous public AI models were not able to match or surpass the
average radiologist sensitivity in any tumor type, at matched specificity. Blue indicates statistical significance
(p < 0.05), comparing the best previous public model with radiologist average. R-Super (ours, included in the
table for reference) was excluded from the comparison. We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% confidence
intervals (given 1,000 bootstrap samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 36 [26,46] 98 [95,100] 52 [40,61] 67 [62,72] 55 [44,66] 97 [94,99] 69 [58,77] 76 [71,82]
rad. group B 37 [28,46] 98 [95,100] 53 [42,62] 68 [63,72] 55 [44,65] 97 [94,99] 69 [59,77] 76 [71,82]
rad. group C 23 [15,32] 100 [100,100] 37 [26,48] 61 [57,66] 4 [0,8] 100 [100,100] 7 [0,16] 52 [50,54]

radiologist average 32 [27,37] 98 [97,100] 48 [41,53] 65 [63,68] 38 [32,44] 98 [97,99] 54 [47,60] 68 [65,71]
ULS 12 [5,20] 92 [85,98] 20 [9,31] 54 [45,64] 11 [3,19] 98 [95,100] 19 [6,31] 53 [46,60]
Merlin (zero-shot) 13 [6,21] 98 [95,100] 22 [11,34] 54 [44,63] 6 [1,12] 98 [95,100] 11 [3,22] 56 [46,66]

R-Super† 48 [38,58] 98 [95,100] 64 [54,72] 88 [82,92] 67 [57,77] 98 [95,100] 79 [70,86] 92 [87,96]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 47 [37,58] 95 [90,98] 60 [50,70] 72 [65,77] 74 [66,82] 85 [79,91] 77 [70,83] 82 [77,87]
rad. group B 49 [38,59] 95 [91,98] 62 [52,71] 72 [66,78] 75 [66,83] 84 [78,90] 77 [70,83] 82 [77,87]
rad. group C 24 [15,34] 100 [100,100] 39 [26,50] 62 [57,67] 69 [61,78] 98 [96,100] 81 [74,87] 84 [80,88]

radiologist average 40 [34,46] 96 [95,98] 55 [48,61] 69 [66,72] 73 [68,78] 89 [86,92] 78 [74,82] 83 [80,86]
ULS 10 [2,19] 97 [92,100] 18 [4,30] 58 [52,64] 15 [8,22] 89 [82,96] 24 [13,35] 54 [46,62]
Merlin (zero-shot) 4 [0,10] 97 [92,100] 8 [0,18] 51 [40,61] 26 [17,36] 89 [81,97] 39 [28,50] 63 [55,72]

R-Super† 69 [59,78] 96 [93,99] 79 [71,85] 90 [85,94] 63 [54,72] 89 [83,94] 71 [64,78] 82 [77,87]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 38 [27,48] 96 [92,99] 52 [40,62] 67 [61,72] 8 [4,13] 100 [100,100] 14 [7,23] 54 [52,56]
rad. group B 38 [27,49] 96 [92,99] 52 [40,63] 67 [62,73] 5 [2,8] 100 [100,100] 9 [3,16] 52 [51,54]
rad. group C 14 [7,23] 100 [100,100] 25 [14,37] 57 [54,61] 48 [40,56] 98 [95,100] 64 [56,71] 73 [68,77]

radiologist average 30 [24,36] 97 [95,98] 44 [37,51] 64 [61,66] 20 [17,24] 99 [98,100] 34 [28,39] 60 [58,62]
ULS 21 [8,37] 97 [92,100] 33 [14,52] 60 [49,71] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Merlin (zero-shot) 9 [0,19] 97 [92,100] 16 [0,30] 63 [50,75] 5 [1,9] 100 [100,100] 9 [2,16] 68 [59,76]

R-Super† 54 [43,66] 97 [94,99] 68 [58,77] 90 [85,95] 54 [46,63] 99 [98,100] 70 [62,77] 92 [89,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 43 [33,52] 96 [93,99] 58 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 55 [51,58] 70 [68,72]
rad. group B 43 [33,52] 97 [94,99] 59 [49,67] 70 [65,75] 43 [39,46] 95 [94,96] 54 [51,57] 70 [68,72]
rad. group C 35 [26,44] 100 [100,100] 52 [41,61] 67 [63,72] 31 [28,34] 99 [99,100] 44 [40,47] 65 [64,67]

radiologist average 40 [35,46] 98 [96,99] 56 [51,62] 69 [66,72] 39 [37,41] 96 [96,97] 53 [50,55] 68 [67,69]
ULS 0 [0,0] 98 [95,100] 0 [0,0] 49 [41,58] 10 [7,13] 96 [94,98] 16 [12,20] 54 [51,57]
Merlin (zero-shot) 10 [4,16] 98 [95,100] 17 [7,28] 60 [50,69] 10 [7,13] 97 [94,99] 17 [13,22] 59 [53,65]

R-Super† 71 [62,79] 98 [95,100] 82 [75,87] 86 [80,91] 61 [57,65] 96 [95,98] 73 [70,76] 88 [87,90]
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Table D48: Reader Study: Unlike R-Super, previous public AI models do not surpass human
performance in malignant tumor detection. In malignant tumor detection (malignant vs no-tumor), we
compared the radiologist performance to ULS (segmentation) and Merlin (zero-shot classification), on the reader
study test dataset. These are the previous public models that, after R-Super, achieved the highest performance
in our experiments (Fig. 2). Unlike R-Super, these previous public AI models were not able to match or surpass
the average radiologist sensitivity in any tumor type, at matched specificity. Blue indicates statistical significance
(p < 0.05), comparing the best previous public model with radiologist average. R-Super (ours, included in the
table for reference) was excluded from the comparison. We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% confidence
intervals (given 1,000 bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 57 [40,75] 98 [95,100] 69 [53,82] 78 [69,87] 67 [53,81] 97 [94,99] 76 [64,86] 83 [76,90]
rad. group B 57 [40,74] 98 [95,100] 69 [53,82] 78 [69,86] 67 [52,81] 97 [94,99] 76 [64,86] 83 [75,90]
rad. group C 37 [22,55] 100 [100,100] 54 [36,71] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 50 [41,60] 98 [97,100] 65 [55,72] 75 [70,80] 46 [37,55] 98 [97,99] 60 [52,68] 72 [68,77]
ULS 11 [2,23] 92 [85,98] 18 [4,34] 56 [45,68] 14 [4,26] 98 [95,100] 24 [8,39] 55 [48,63]
Merlin (zero-shot) 23 [10,37] 98 [95,100] 36 [18,53] 59 [47,72] 2 [0,8] 98 [95,100] 4 [0,15] 58 [47,69]

R-Super† 71 [56,85] 98 [95,100] 79 [67,89] 95 [89,99] 72 [58,85] 98 [95,100] 80 [69,89] 96 [93,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 68 [48,87] 95 [90,98] 69 [51,82] 82 [72,92] 76 [61,89] 85 [79,91] 64 [50,75] 84 [75,91]
rad. group B 68 [50,85] 95 [91,98] 69 [53,82] 82 [72,92] 76 [61,89] 84 [78,90] 63 [50,75] 83 [75,91]
rad. group C 32 [13,52] 100 [100,100] 48 [23,68] 66 [56,76] 79 [64,92] 98 [96,100] 85 [74,94] 89 [82,96]

radiologist average 56 [44,68] 96 [95,98] 64 [55,74] 77 [71,83] 77 [68,84] 89 [86,92] 70 [62,76] 85 [80,89]
ULS 16 [4,31] 97 [92,100] 26 [6,45] 62 [53,72] 12 [2,25] 89 [82,96] 18 [4,34] 58 [48,69]
Merlin (zero-shot) 4 [0,13] 97 [92,100] 7 [0,22] 50 [37,63] 36 [20,52] 89 [81,97] 46 [28,61] 66 [53,80]

R-Super† 96 [88,100] 96 [93,99] 89 [79,96] 99 [98,100] 79 [64,92] 89 [83,94] 70 [58,81] 86 [78,93]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 42 [23,61] 96 [92,99] 51 [31,68] 69 [60,79] 13 [3,24] 100 [100,100] 23 [6,39] 56 [52,62]
rad. group B 42 [26,63] 96 [92,99] 51 [33,68] 69 [61,80] 8 [0,16] 100 [100,100] 14 [0,28] 54 [50,58]
rad. group C 27 [10,45] 100 [100,100] 42 [18,62] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 37 [27,48] 97 [95,98] 49 [38,59] 67 [62,73] 19 [12,26] 99 [98,100] 31 [21,41] 59 [56,62]
ULS 12 [0,26] 97 [92,100] 19 [0,38] 54 [44,66] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Merlin (zero-shot) 12 [0,25] 97 [92,100] 19 [0,37] 68 [53,82] 5 [0,13] 100 [100,100] 10 [0,23] 73 [62,83]

R-Super† 65 [46,83] 97 [94,99] 72 [56,85] 92 [83,98] 67 [50,81] 99 [98,100] 79 [66,88] 94 [89,99]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 96 [93,99] 62 [41,78] 76 [64,88] 54 [48,60] 95 [94,96] 59 [53,64] 76 [72,79]
rad. group B 54 [32,76] 97 [94,99] 63 [42,79] 76 [65,87] 53 [47,59] 95 [94,96] 58 [52,63] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 36 [30,43] 99 [99,100] 49 [41,55] 68 [65,71]

radiologist average 50 [38,61] 98 [96,99] 61 [50,71] 74 [68,80] 48 [44,52] 96 [96,97] 57 [53,61] 73 [71,75]
ULS 0 [0,0] 98 [95,100] 0 [0,0] 58 [46,71] 9 [6,13] 96 [94,98] 15 [10,20] 56 [52,60]
Merlin (zero-shot) 14 [0,30] 98 [95,100] 23 [0,44] 68 [53,81] 14 [9,18] 97 [94,99] 21 [14,27] 63 [56,70]

R-Super† 77 [58,94] 98 [95,100] 81 [67,92] 94 [88,99] 75 [69,81] 96 [95,98] 79 [74,83] 94 [92,96]
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D.8.1 Reader Study (High Confidence)1512

Here, we compare R-Super to radiologists at the certain confidence level. As described in Section 2.4, for each1513

CT scan, radiologists indicated which organs probably or certainly contained a tumor, and which probably or1514

certainly contained a malignant tumor. At the certain level, a case is counted as positive only if the radiologist1515

indicated certainty that a tumor was present or malignant; cases marked as only probable are not counted as1516

positives. This is a stricter comparison than the probable level, as radiologists are less sensitive when required1517

to express full confidence. In the tables below, R-Super is evaluated at specificity matched to the radiologists’.1518

Table D49: Reader Study (certain level): tumor detection. R-Super significantly (p<0.05) surpassed the radiol-
ogist average in sensitivity for 4 tumor types and achieved +18% sensitivity and +20% AUC on average. Blue indicates
statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s test for AUC and
paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95%
confidence intervals (given 1,000 bootstrap samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 26 [18,35] 100 [100,100] 41 [30,52] 67 [62,72] 40 [29,50] 100 [100,100] 57 [45,67] 76 [71,82]
rad. group B 27 [18,36] 100 [100,100] 42 [30,53] 68 [63,72] 40 [30,51] 100 [100,100] 57 [46,68] 76 [71,82]
rad. group C 16 [10,24] 100 [100,100] 28 [18,39] 61 [57,66] 2 [0,6] 100 [100,100] 5 [0,12] 52 [50,54]

radiologist average 23 [18,28] 100 [100,100] 37 [31,43] 65 [63,68] 28 [22,34] 100 [100,100] 43 [36,50] 68 [65,71]
R-Super† 22 [14,30] 100 [100,100] 36 [24,46] 88 [82,92] 65 [53,75] 100 [100,100] 78 [70,86] 92 [87,96]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 37 [28,48] 98 [96,100] 53 [42,64] 72 [65,77] 66 [57,74] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group B 38 [27,48] 98 [96,100] 54 [42,64] 72 [66,78] 66 [57,75] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group C 22 [13,32] 100 [100,100] 36 [23,48] 62 [57,67] 66 [56,74] 99 [98,100] 79 [72,85] 84 [80,88]

radiologist average 32 [27,38] 99 [98,100] 48 [42,55] 69 [66,72] 66 [61,71] 95 [93,97] 77 [73,80] 83 [80,86]
R-Super† 49 [38,60] 99 [97,100] 66 [55,75] 90 [85,94] 35 [26,44] 95 [91,98] 50 [39,59] 82 [77,87]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 25 [16,34] 98 [96,100] 39 [27,50] 67 [61,72] 0 [0,0] 100 [100,100] 0 [0,0] 54 [52,56]
rad. group B 25 [16,35] 98 [96,100] 39 [27,51] 67 [62,73] 1 [0,2] 100 [100,100] 2 [0,5] 52 [51,54]
rad. group C 10 [4,18] 100 [100,100] 19 [8,30] 57 [54,61] 47 [38,55] 98 [95,100] 63 [54,70] 73 [68,77]

radiologist average 20 [15,25] 99 [98,100] 33 [26,40] 64 [61,67] 16 [12,20] 99 [98,100] 27 [22,32] 60 [58,62]
R-Super† 54 [43,66] 98 [95,100] 69 [59,78] 90 [85,95] 54 [46,63] 99 [98,100] 70 [62,77] 92 [89,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [30,37] 98 [98,99] 46 [42,50] 70 [68,72]
rad. group B 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [31,37] 98 [98,99] 47 [43,50] 70 [68,72]
rad. group C 34 [25,42] 100 [100,100] 51 [40,60] 67 [63,72] 28 [25,31] 100 [99,100] 40 [36,44] 65 [64,67]

radiologist average 39 [34,44] 99 [98,100] 56 [50,61] 69 [66,72] 32 [30,34] 99 [98,99] 46 [44,48] 68 [67,69]
R-Super† 67 [58,76] 99 [98,100] 80 [73,86] 86 [80,91] 50 [46,53] 99 [98,99] 64 [60,67] 88 [87,90]
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Table D50: Reader Study (certain level): malignant tumor detection. R-Super surpassed the radiologist average
in sensitivity for 6 tumor types, with +25% average sensitivity at approximately matched specificity. Blue indicates
statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s test for AUC and
paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95%
confidence intervals (given 1,000 bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 46 [30,62] 100 [100,100] 63 [46,77] 78 [69,87] 54 [39,68] 100 [100,100] 70 [56,81] 83 [76,90]
rad. group B 46 [29,62] 100 [100,100] 63 [45,76] 78 [69,86] 54 [38,69] 100 [100,100] 70 [55,82] 83 [75,90]
rad. group C 23 [10,38] 100 [100,100] 37 [19,55] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 38 [29,47] 100 [100,100] 55 [45,64] 75 [70,80] 36 [28,45] 100 [100,100] 53 [44,62] 72 [68,77]
R-Super† 43 [27,59] 100 [100,100] 60 [42,74] 95 [89,99] 67 [53,82] 100 [100,100] 81 [69,90] 96 [93,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 60 [40,79] 98 [96,100] 71 [53,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [61,85] 84 [75,91]
rad. group B 60 [39,80] 98 [96,100] 71 [52,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [62,84] 83 [75,91]
rad. group C 24 [8,41] 100 [100,100] 39 [14,58] 66 [56,76] 70 [54,85] 99 [98,100] 81 [68,91] 89 [82,96]

radiologist average 48 [37,60] 99 [98,100] 63 [52,72] 77 [71,83] 74 [64,82] 95 [93,97] 76 [68,83] 85 [81,90]
R-Super† 88 [73,100] 99 [97,100] 92 [81,98] 99 [98,100] 64 [47,80] 95 [91,98] 69 [55,81] 86 [78,93]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 35 [17,53] 98 [96,100] 49 [27,67] 69 [60,79] 0 [0,0] 100 [100,100] 0 [0,0] 56 [52,62]
rad. group B 35 [18,54] 98 [96,100] 49 [28,67] 69 [61,80] 0 [0,0] 100 [100,100] 0 [0,0] 54 [50,58]
rad. group C 23 [8,40] 100 [100,100] 38 [15,57] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 31 [21,42] 99 [98,100] 45 [33,57] 67 [62,73] 12 [6,19] 99 [98,100] 21 [12,31] 59 [56,63]
R-Super† 65 [46,83] 98 [95,100] 74 [58,86] 92 [83,98] 67 [50,81] 99 [98,100] 79 [66,88] 94 [89,99]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 98 [96,100] 67 [45,83] 76 [64,88] 46 [40,53] 98 [98,99] 56 [50,61] 76 [72,79]
rad. group B 54 [32,76] 98 [96,100] 67 [45,82] 76 [65,87] 46 [40,52] 98 [98,99] 56 [50,61] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 31 [25,38] 100 [99,100] 44 [36,50] 68 [65,71]

radiologist average 50 [38,61] 99 [98,100] 64 [52,74] 74 [68,81] 41 [37,45] 99 [98,99] 54 [50,58] 73 [71,75]
R-Super† 68 [46,87] 99 [98,100] 79 [61,91] 94 [88,99] 66 [59,72] 99 [98,99] 76 [71,81] 94 [92,96]

Table D51: Reader Study (certain level): malignancy identification. At the certain level, R-Super surpassed
the radiologist average in sensitivity for 3 tumor types in malignancy identification, and it had a similar sensitivity on
average. The R-Super’s average sensitivity is reduced by tumor types where the radiologist achieved 100% specificity, but
the model could not perform well at this extreme specificity, even if R-Super’s AUC was considerably higher for these
tumor types (gallbladder and spleen). Blue indicates statistical significance (p < 0.05), comparing the AI model with
radiologist average. We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for
the other metrics. Results are shown as average and 95% confidence intervals (given 1,000 bootstrap samples).

bladder malignancy id. esophagus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 29 [14,46] 99 [98,100] 44 [24,61] 72 [64,81] 56 [40,71] 97 [94,99] 67 [53,78] 79 [71,86]
rad. group B 29 [14,45] 99 [97,100] 43 [24,60] 70 [62,79] 56 [40,70] 97 [93,99] 67 [53,78] 80 [72,87]
rad. group C 17 [6,32] 100 [100,100] 29 [11,49] 68 [60,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [49,54]

radiologist average 25 [16,33] 99 [98,100] 39 [28,49] 70 [65,75] 38 [30,46] 98 [96,99] 52 [43,60] 70 [65,74]
R-Super† 57 [40,73] 99 [97,100] 70 [55,82] 93 [86,98] 58 [43,72] 98 [95,100] 70 [56,81] 90 [85,95]

gallbladder malignancy id. uterus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 48 [28,68] 99 [98,100] 63 [42,79] 76 [65,87] 39 [24,56] 94 [90,97] 45 [29,61] 72 [63,82]
rad. group B 48 [28,69] 99 [98,100] 63 [42,80] 76 [65,86] 39 [24,56] 94 [90,97] 45 [29,59] 73 [63,82]
rad. group C 16 [3,32] 100 [100,100] 28 [7,48] 64 [55,74] 39 [23,56] 100 [98,100] 55 [36,70] 85 [77,93]

radiologist average 37 [26,50] 100 [99,100] 53 [40,65] 72 [66,78] 39 [30,49] 96 [94,97] 48 [39,57] 77 [71,82]
R-Super† 4 [0,14] 100 [100,100] 8 [0,24] 95 [90,99] 33 [18,49] 96 [93,98] 42 [25,57] 77 [66,86]

prostate malignancy id. adrenal malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 27 [11,44] 100 [100,100] 42 [20,62] 67 [57,77] 0 [0,0] 100 [100,100] 0 [0,0] 55 [50,61]
rad. group B 27 [11,46] 100 [100,100] 42 [20,63] 67 [58,78] 0 [0,0] 100 [100,100] 0 [0,0] 53 [49,57]
rad. group C 15 [3,30] 100 [100,100] 27 [5,46] 62 [54,70] 18 [6,31] 100 [98,100] 30 [12,46] 63 [56,71]

radiologist average 23 [13,32] 100 [100,100] 38 [24,50] 65 [60,71] 6 [2,11] 100 [99,100] 11 [5,19] 57 [54,61]
R-Super† 19 [5,36] 100 [100,100] 32 [10,53] 91 [83,97] 8 [0,17] 100 [100,100] 14 [0,29] 79 [69,88]

spleen malignancy id. Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 18 [4,36] 100 [100,100] 31 [8,53] 64 [54,76] 31 [25,37] 98 [98,99] 42 [34,48] 69 [66,73]
rad. group B 18 [4,36] 100 [100,100] 31 [8,53] 62 [53,73] 31 [25,37] 98 [98,99] 42 [34,48] 69 [65,72]
rad. group C 23 [6,42] 100 [100,100] 37 [11,59] 61 [53,71] 19 [13,24] 100 [100,100] 30 [22,37] 65 [62,68]

radiologist average 20 [10,29] 100 [100,100] 33 [19,46] 62 [57,68] 27 [24,30] 99 [98,99] 39 [35,43] 68 [66,70]
R-Super† 14 [0,30] 100 [100,100] 24 [0,47] 89 [82,94] 28 [23,33] 99 [98,99] 37 [31,43] 88 [85,90]
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Table D52: Reader Study (certain level): tumor detection (R-Super trained without masks). At the certain
level, R-Super without masks surpassed the radiologist average in sensitivity for 3 tumor types, and achieved a similar
sensitivity on average. For several tumor types, R-Super had lower sensitivity than radiologists but achieved higher AUC,
indicating that the model has stronger overall discriminative ability but operates at an unfavorable operating point at
the radiologists’ ’certain’ specificity level. Blue indicates statistical significance (p < 0.05), comparing the AI model with
radiologist average. We used DeLong’s test for AUC and paired permutation tests (two-sided, 10,000 permutations) for
the other metrics. Results are shown as average and 95% confidence intervals (given 1,000 bootstrap samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 26 [18,35] 100 [100,100] 41 [30,52] 67 [62,72] 40 [29,50] 100 [100,100] 57 [45,67] 76 [71,82]
rad. group B 27 [18,36] 100 [100,100] 42 [30,53] 68 [63,72] 40 [30,51] 100 [100,100] 57 [46,68] 76 [71,82]
rad. group C 16 [10,24] 100 [100,100] 28 [18,39] 61 [57,66] 2 [0,6] 100 [100,100] 5 [0,12] 52 [50,54]

radiologist average 23 [18,28] 100 [100,100] 37 [31,43] 65 [63,68] 28 [22,34] 100 [100,100] 43 [36,50] 68 [65,71]
R-Super 14 [8,22] 100 [100,100] 25 [14,36] 84 [78,89] 51 [40,62] 100 [100,100] 68 [57,76] 86 [80,91]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 37 [28,48] 98 [96,100] 53 [42,64] 72 [65,77] 66 [57,74] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group B 38 [27,48] 98 [96,100] 54 [42,64] 72 [66,78] 66 [57,75] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group C 22 [13,32] 100 [100,100] 36 [23,48] 62 [57,67] 66 [56,74] 99 [98,100] 79 [72,85] 84 [80,88]

radiologist average 32 [27,38] 99 [98,100] 48 [42,55] 69 [66,72] 66 [61,71] 95 [93,97] 77 [73,80] 83 [80,86]
R-Super 14 [7,23] 99 [98,100] 25 [13,37] 73 [66,80] 47 [37,57] 95 [91,98] 61 [52,70] 87 [82,91]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 25 [16,34] 98 [96,100] 39 [27,50] 67 [61,72] 0 [0,0] 100 [100,100] 0 [0,0] 54 [52,56]
rad. group B 25 [16,35] 98 [96,100] 39 [27,51] 67 [62,73] 1 [0,2] 100 [100,100] 2 [0,5] 52 [51,54]
rad. group C 10 [4,18] 100 [100,100] 19 [8,30] 57 [54,61] 47 [38,55] 98 [95,100] 63 [54,70] 73 [68,77]

radiologist average 20 [15,25] 99 [98,100] 33 [26,40] 64 [61,67] 16 [12,20] 99 [98,100] 27 [22,32] 60 [58,62]
R-Super 31 [22,41] 99 [98,100] 47 [35,58] 88 [82,92] 44 [35,53] 98 [96,100] 60 [52,69] 92 [88,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [30,37] 98 [98,99] 46 [42,50] 70 [68,72]
rad. group B 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [31,37] 98 [98,99] 47 [43,50] 70 [68,72]
rad. group C 34 [25,42] 100 [100,100] 51 [40,60] 67 [63,72] 28 [25,31] 100 [99,100] 40 [36,44] 65 [64,67]

radiologist average 39 [34,44] 99 [98,100] 56 [50,61] 69 [66,72] 32 [30,34] 99 [98,99] 46 [44,48] 68 [67,69]
R-Super 43 [33,52] 98 [95,100] 59 [49,68] 82 [76,88] 35 [32,39] 98 [98,99] 49 [45,53] 84 [82,86]

Table D53: Reader Study (certain level): malignant tumor detection (R-Super trained without masks).

R-Super without masks surpassed the radiologist average in sensitivity for 2 tumor types. For several tumor types, R-
Super had lower sensitivity than radiologists but achieved higher AUC, indicating that the model has stronger overall
discriminative ability but operates at an unfavorable operating point at the radiologists’ ’certain’ specificity level. Blue
indicates statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s test for
AUC and paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average
and 95% confidence intervals (given 1,000 bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 46 [30,62] 100 [100,100] 63 [46,77] 78 [69,87] 54 [39,68] 100 [100,100] 70 [56,81] 83 [76,90]
rad. group B 46 [29,62] 100 [100,100] 63 [45,76] 78 [69,86] 54 [38,69] 100 [100,100] 70 [55,82] 83 [75,90]
rad. group C 23 [10,38] 100 [100,100] 37 [19,55] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 38 [29,47] 100 [100,100] 55 [45,64] 75 [70,80] 36 [28,45] 100 [100,100] 53 [44,62] 72 [68,77]
R-Super 23 [10,36] 100 [100,100] 37 [18,53] 90 [81,97] 67 [53,81] 100 [100,100] 81 [70,90] 94 [90,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 60 [40,79] 98 [96,100] 71 [53,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [61,85] 84 [75,91]
rad. group B 60 [39,80] 98 [96,100] 71 [52,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [62,84] 83 [75,91]
rad. group C 24 [8,41] 100 [100,100] 39 [14,58] 66 [56,76] 70 [54,85] 99 [98,100] 81 [68,91] 89 [82,96]

radiologist average 48 [37,60] 99 [98,100] 63 [52,72] 77 [71,83] 74 [64,82] 95 [93,97] 76 [68,83] 85 [81,90]
R-Super 32 [15,53] 99 [98,100] 47 [24,68] 89 [82,95] 70 [53,86] 95 [91,98] 73 [59,84] 92 [86,97]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 35 [17,53] 98 [96,100] 49 [27,67] 69 [60,79] 0 [0,0] 100 [100,100] 0 [0,0] 56 [52,62]
rad. group B 35 [18,54] 98 [96,100] 49 [28,67] 69 [61,80] 0 [0,0] 100 [100,100] 0 [0,0] 54 [50,58]
rad. group C 23 [8,40] 100 [100,100] 38 [15,57] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 31 [21,42] 99 [98,100] 45 [33,57] 67 [62,73] 12 [6,19] 99 [98,100] 21 [12,31] 59 [56,63]
R-Super 15 [4,31] 99 [98,100] 26 [7,46] 89 [81,95] 56 [40,71] 98 [96,100] 70 [55,82] 94 [89,98]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 98 [96,100] 67 [45,83] 76 [64,88] 46 [40,53] 98 [98,99] 56 [50,61] 76 [72,79]
rad. group B 54 [32,76] 98 [96,100] 67 [45,82] 76 [65,87] 46 [40,52] 98 [98,99] 56 [50,61] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 31 [25,38] 100 [99,100] 44 [36,50] 68 [65,71]

radiologist average 50 [38,61] 99 [98,100] 64 [52,74] 74 [68,81] 41 [37,45] 99 [98,99] 54 [50,58] 73 [71,75]
R-Super 32 [13,52] 98 [95,100] 44 [21,64] 81 [66,92] 42 [36,48] 98 [98,99] 54 [47,60] 90 [87,92]
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Table D54: Reader Study (certain level): malignancy identification (R-Super trained without masks).

Without masks, R-Super surpassed the radiologist average in sensitivity for 3 tumor types. For several tumor types, R-
Super sensitivity collapsed to 0, because of the selected operating point of 100% specificity. However, for several of these
types the R-Super AUC surpassed the radiologists, indicating that the model has stronger overall discriminative ability
but operates at an extremely unfavorable operating point at the radiologists’ ’certain’ specificity level. Blue indicates
statistical significance (p < 0.05), comparing the AI model with radiologist average. We used DeLong’s test for AUC and
paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95%
confidence intervals (given 1,000 bootstrap samples).

bladder malignancy id. esophagus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 29 [14,46] 99 [98,100] 44 [24,61] 72 [64,81] 56 [40,71] 97 [94,99] 67 [53,78] 79 [71,86]
rad. group B 29 [14,45] 99 [97,100] 43 [24,60] 70 [62,79] 56 [40,70] 97 [93,99] 67 [53,78] 80 [72,87]
rad. group C 17 [6,32] 100 [100,100] 29 [11,49] 68 [60,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [49,54]

radiologist average 25 [16,33] 99 [98,100] 39 [28,49] 70 [65,75] 38 [30,46] 98 [96,99] 52 [43,60] 70 [65,74]
R-Super 14 [3,26] 99 [97,100] 24 [6,39] 87 [77,94] 63 [48,77] 98 [95,100] 74 [61,84] 92 [87,96]

gallbladder malignancy id. uterus malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 48 [28,68] 99 [98,100] 63 [42,79] 76 [65,87] 39 [24,56] 94 [90,97] 45 [29,61] 72 [63,82]
rad. group B 48 [28,69] 99 [98,100] 63 [42,80] 76 [65,86] 39 [24,56] 94 [90,97] 45 [29,59] 73 [63,82]
rad. group C 16 [3,32] 100 [100,100] 28 [7,48] 64 [55,74] 39 [23,56] 100 [98,100] 55 [36,70] 85 [77,93]

radiologist average 37 [26,50] 100 [99,100] 53 [40,65] 72 [66,78] 39 [30,49] 96 [94,97] 48 [39,57] 77 [71,82]
R-Super 0 [0,0] 100 [100,100] 0 [0,0] 92 [86,96] 42 [26,59] 96 [93,99] 52 [33,67] 84 [76,92]

prostate malignancy id. adrenal malignancy id.

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 27 [11,44] 100 [100,100] 42 [20,62] 67 [57,77] 0 [0,0] 100 [100,100] 0 [0,0] 55 [50,61]
rad. group B 27 [11,46] 100 [100,100] 42 [20,63] 67 [58,78] 0 [0,0] 100 [100,100] 0 [0,0] 53 [49,57]
rad. group C 15 [3,30] 100 [100,100] 27 [5,46] 62 [54,70] 18 [6,31] 100 [98,100] 30 [12,46] 63 [56,71]

radiologist average 23 [13,32] 100 [100,100] 38 [24,50] 65 [60,71] 6 [2,11] 100 [99,100] 11 [5,19] 57 [54,61]
R-Super 8 [0,19] 100 [100,100] 14 [0,32] 61 [47,73] 23 [10,36] 100 [100,100] 38 [19,53] 83 [74,91]

spleen malignancy id. Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 18 [4,36] 100 [100,100] 31 [8,53] 64 [54,76] 31 [25,37] 98 [98,99] 42 [34,48] 69 [66,73]
rad. group B 18 [4,36] 100 [100,100] 31 [8,53] 62 [53,73] 31 [25,37] 98 [98,99] 42 [34,48] 69 [65,72]
rad. group C 23 [6,42] 100 [100,100] 37 [11,59] 61 [53,71] 19 [13,24] 100 [100,100] 30 [22,37] 65 [62,68]

radiologist average 20 [10,29] 100 [100,100] 33 [19,46] 62 [57,68] 27 [24,30] 99 [98,99] 39 [35,43] 68 [66,70]
R-Super 0 [0,0] 100 [100,100] 0 [0,0] 79 [65,89] 22 [17,26] 99 [98,100] 29 [23,33] 82 [79,86]
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Table D55: Reader Study (certain level): Unlike R-Super, previous public AI models do not sur-
pass human performance in tumor detection. In tumor detection (benign + malignant vs no-tumor), we
compared the radiologist performance to ULS (segmentation) and Merlin (zero-shot classification), on the reader
study test dataset. These are the previous public models that, after R-Super, achieved the highest performance
in our experiments (Fig. 2). Unlike R-Super, these previous public AI models were not able to match or surpass
the average radiologist sensitivity in any tumor type, at matched specificity. Blue indicates statistical significance
(p < 0.05), comparing the best previous public model with radiologist average. R-Super (ours, included in the
table for reference) was excluded from the comparison. We used DeLong’s test for AUC and paired permutation
tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average and 95% confidence
intervals (given 1,000 bootstrap samples).

bladder tumor esophagus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 26 [18,35] 100 [100,100] 41 [30,52] 67 [62,72] 40 [29,50] 100 [100,100] 57 [45,67] 76 [71,82]
rad. group B 27 [18,36] 100 [100,100] 42 [30,53] 68 [63,72] 40 [30,51] 100 [100,100] 57 [46,68] 76 [71,82]
rad. group C 16 [10,24] 100 [100,100] 28 [18,39] 61 [57,66] 2 [0,6] 100 [100,100] 5 [0,12] 52 [50,54]

radiologist average 23 [18,28] 100 [100,100] 37 [31,43] 65 [63,68] 28 [22,34] 100 [100,100] 43 [36,50] 68 [65,71]
ULS 12 [5,20] 92 [85,98] 20 [9,31] 54 [45,64] 9 [3,17] 100 [100,100] 17 [5,29] 53 [46,60]
Merlin (zero-shot) 6 [1,12] 100 [100,100] 12 [2,21] 54 [44,63] 2 [0,5] 100 [100,100] 3 [0,9] 56 [46,66]

R-Super† 22 [14,30] 100 [100,100] 36 [24,46] 88 [82,92] 65 [53,75] 100 [100,100] 78 [70,86] 92 [87,96]

gallbladder tumor uterus tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 37 [28,48] 98 [96,100] 53 [42,64] 72 [65,77] 66 [57,74] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group B 38 [27,48] 98 [96,100] 54 [42,64] 72 [66,78] 66 [57,75] 93 [89,97] 76 [69,82] 82 [77,87]
rad. group C 22 [13,32] 100 [100,100] 36 [23,48] 62 [57,67] 66 [56,74] 99 [98,100] 79 [72,85] 84 [80,88]

radiologist average 32 [27,38] 99 [98,100] 48 [42,55] 69 [66,72] 66 [61,71] 95 [93,97] 77 [73,80] 83 [80,86]
ULS 2 [0,6] 100 [100,100] 4 [0,12] 58 [52,64] 12 [6,20] 96 [90,100] 22 [11,33] 54 [46,62]
Merlin (zero-shot) 2 [0,7] 100 [100,100] 4 [0,12] 51 [40,61] 16 [9,23] 96 [90,100] 27 [16,37] 63 [55,72]

R-Super† 49 [38,60] 99 [97,100] 66 [55,75] 90 [85,94] 35 [26,44] 95 [91,98] 50 [39,59] 82 [77,87]

prostate tumor adrenal tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 25 [16,34] 98 [96,100] 39 [27,50] 67 [61,72] 0 [0,0] 100 [100,100] 0 [0,0] 54 [52,56]
rad. group B 25 [16,35] 98 [96,100] 39 [27,51] 67 [62,73] 1 [0,2] 100 [100,100] 2 [0,5] 52 [51,54]
rad. group C 10 [4,18] 100 [100,100] 19 [8,30] 57 [54,61] 47 [38,55] 98 [95,100] 63 [54,70] 73 [68,77]

radiologist average 20 [15,25] 99 [98,100] 33 [26,40] 64 [61,67] 16 [12,20] 99 [98,100] 27 [22,32] 60 [58,62]
ULS 12 [3,24] 98 [95,100] 21 [5,38] 60 [49,71] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Merlin (zero-shot) 6 [0,15] 100 [100,100] 11 [0,27] 63 [50,75] 5 [1,9] 100 [100,100] 9 [2,16] 68 [59,76]

R-Super† 54 [43,66] 98 [95,100] 69 [59,78] 90 [85,95] 54 [46,63] 99 [98,100] 70 [62,77] 92 [89,95]

spleen tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [30,37] 98 [98,99] 46 [42,50] 70 [68,72]
rad. group B 41 [32,50] 98 [96,100] 58 [48,66] 70 [65,75] 34 [31,37] 98 [98,99] 47 [43,50] 70 [68,72]
rad. group C 34 [25,42] 100 [100,100] 51 [40,60] 67 [63,72] 28 [25,31] 100 [99,100] 40 [36,44] 65 [64,67]

radiologist average 39 [34,44] 99 [98,100] 56 [50,61] 69 [66,72] 32 [30,34] 99 [98,99] 46 [44,48] 68 [67,69]
ULS 0 [0,0] 98 [95,100] 0 [0,0] 49 [41,58] 7 [4,9] 98 [96,99] 12 [8,15] 54 [51,57]
Merlin (zero-shot) 8 [3,15] 100 [100,100] 16 [5,26] 60 [50,69] 6 [4,9] 99 [98,100] 12 [8,15] 59 [53,65]

R-Super† 67 [58,76] 99 [98,100] 80 [73,86] 86 [80,91] 50 [46,53] 99 [98,99] 64 [60,67] 88 [87,90]
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Table D56: Reader Study (certain level): Unlike R-Super, previous public AI models do not surpass
human performance in malignant tumor detection. In malignant tumor detection (malignant vs no-
tumor), we compared the radiologist performance to ULS (segmentation) and Merlin (zero-shot classification),
on the reader study test dataset. These are the previous public models that, after R-Super, achieved the highest
performance in our experiments (Fig. 2). Unlike R-Super, these previous public AI models were not able to
match or surpass the average radiologist sensitivity in any tumor type, at matched specificity. Blue indicates
statistical significance (p < 0.05), comparing the best previous public model with radiologist average. R-Super
(ours, included in the table for reference) was excluded from the comparison. We used DeLong’s test for AUC and
paired permutation tests (two-sided, 10,000 permutations) for the other metrics. Results are shown as average
and 95% confidence intervals (given 1,000 bootstrap samples).

bladder malignant tumor esophagus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 46 [30,62] 100 [100,100] 63 [46,77] 78 [69,87] 54 [39,68] 100 [100,100] 70 [56,81] 83 [76,90]
rad. group B 46 [29,62] 100 [100,100] 63 [45,76] 78 [69,86] 54 [38,69] 100 [100,100] 70 [55,82] 83 [75,90]
rad. group C 23 [10,38] 100 [100,100] 37 [19,55] 69 [61,77] 2 [0,8] 100 [100,100] 4 [0,15] 51 [50,54]

radiologist average 38 [29,47] 100 [100,100] 55 [45,64] 75 [70,80] 36 [28,45] 100 [100,100] 53 [44,62] 72 [68,77]
ULS 11 [2,23] 92 [85,98] 18 [4,34] 56 [45,68] 12 [2,22] 100 [100,100] 21 [5,36] 55 [48,63]
Merlin (zero-shot) 9 [0,18] 100 [100,100] 16 [0,30] 59 [47,72] 0 [0,0] 100 [100,100] 0 [0,0] 58 [47,69]

R-Super† 43 [27,59] 100 [100,100] 60 [42,74] 95 [89,99] 67 [53,82] 100 [100,100] 81 [69,90] 96 [93,98]

gallbladder malignant tumor uterus malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 60 [40,79] 98 [96,100] 71 [53,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [61,85] 84 [75,91]
rad. group B 60 [39,80] 98 [96,100] 71 [52,86] 82 [72,92] 76 [61,89] 93 [89,97] 75 [62,84] 83 [75,91]
rad. group C 24 [8,41] 100 [100,100] 39 [14,58] 66 [56,76] 70 [54,85] 99 [98,100] 81 [68,91] 89 [82,96]

radiologist average 48 [37,60] 99 [98,100] 63 [52,72] 77 [71,83] 74 [64,82] 95 [93,97] 76 [68,83] 85 [81,90]
ULS 4 [0,12] 100 [100,100] 8 [0,22] 62 [53,72] 9 [0,20] 96 [90,100] 15 [0,31] 58 [48,69]
Merlin (zero-shot) 4 [0,13] 100 [100,100] 8 [0,23] 50 [37,63] 30 [14,46] 96 [90,100] 44 [23,59] 66 [53,80]

R-Super† 88 [73,100] 99 [97,100] 92 [81,98] 99 [98,100] 64 [47,80] 95 [91,98] 69 [55,81] 86 [78,93]

prostate malignant tumor adrenal malignant tumor

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 35 [17,53] 98 [96,100] 49 [27,67] 69 [60,79] 0 [0,0] 100 [100,100] 0 [0,0] 56 [52,62]
rad. group B 35 [18,54] 98 [96,100] 49 [28,67] 69 [61,80] 0 [0,0] 100 [100,100] 0 [0,0] 54 [50,58]
rad. group C 23 [8,40] 100 [100,100] 38 [15,57] 64 [55,73] 36 [21,51] 98 [95,100] 50 [32,65] 67 [59,75]

radiologist average 31 [21,42] 99 [98,100] 45 [33,57] 67 [62,73] 12 [6,19] 99 [98,100] 21 [12,31] 59 [56,63]
ULS 4 [0,13] 98 [95,100] 7 [0,22] 54 [44,66] 0 [0,0] 100 [100,100] 0 [0,0] 50 [50,50]
Merlin (zero-shot) 8 [0,20] 100 [100,100] 14 [0,33] 68 [53,82] 5 [0,13] 100 [100,100] 10 [0,23] 73 [62,83]

R-Super† 65 [46,83] 98 [95,100] 74 [58,86] 92 [83,98] 67 [50,81] 99 [98,100] 79 [66,88] 94 [89,99]

spleen malignant tumor Average

sen. spe. F1 AUC sen. spe. F1 AUC

rad. group A 54 [32,77] 98 [96,100] 67 [45,83] 76 [64,88] 46 [40,53] 98 [98,99] 56 [50,61] 76 [72,79]
rad. group B 54 [32,76] 98 [96,100] 67 [45,82] 76 [65,87] 46 [40,52] 98 [98,99] 56 [50,61] 75 [72,78]
rad. group C 41 [21,64] 100 [100,100] 58 [34,78] 70 [60,82] 31 [25,38] 100 [99,100] 44 [36,50] 68 [65,71]

radiologist average 50 [38,61] 99 [98,100] 64 [52,74] 74 [68,81] 41 [37,45] 99 [98,99] 54 [50,58] 73 [71,75]
ULS 0 [0,0] 98 [95,100] 0 [0,0] 58 [46,71] 6 [3,9] 98 [96,99] 10 [5,14] 56 [52,60]
Merlin (zero-shot) 9 [0,24] 100 [100,100] 17 [0,38] 68 [53,81] 9 [6,13] 99 [98,100] 15 [10,21] 63 [56,70]

R-Super† 68 [46,87] 99 [98,100] 79 [61,91] 94 [88,99] 66 [59,72] 99 [98,99] 76 [71,81] 94 [92,96]
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Appendix E Training Details1519

We train using CT patches. For CT-Report pairs, each training patch is designed to capture one target organ.1520

This target organ is randomly chosen, with a high probability of choosing organs with tumors in the report (90%).1521

The training patch fully covers the target organ. Otherwise, a tumor mentioned in the report could fall outside1522

the patch, and the report-based losses would wrongly push the AI to find a tumor that is not visible to the AI.1523

Training parameters followed the defaults set by MedFormer [28], the segmentation architecture we used inside1524

R-Super. The only new parameters we include are loss weights. We set a loss weight of 1 to the segmentation1525

losses (cross-entropy and Dice, used for CT-Mask pairs), 0.1 for the Volume Loss and Ball Loss, 0.01 for the1526

Attenuation Loss, and 0.1 for the Malignancy Loss. There is no need to carefully tune these weights, we used1527

the same weights in all our experiments. We train with AdamW, gradient norm clipping (1), 100 epochs of 10001528

batches each, batch size of 2, patch size of 128 x 128 x 128, isotropic voxel spacing of 1 mm, weight decay of1529

5.00E-2, learning rate of 1.00E-4 (5 epochs of warmup, followed by polynomial decay). CT intensity was clipped1530

between -991 and 500 HU, then normalized by subtracting the CT HU mean and dividing by the standard1531

deviation. Data augmentation includes rotation, brightness, gamma, contrast, Gaussian blur and Gaussian noise1532

(following MedFormer [28]).1533

When training with both CT-Report and CT-Mask pairs, we super-sampled the CT-Mask pairs, making1534

them 50% of the samples that the segmentation model saw in each epoch. Augmentation was randomly applied1535

to each sample to reduce the risk of overfitting. When training with CT-Report pairs and only 175 CT-Mask1536

pairs, we super-sampled the CT-Mask pairs to only 10% of the dataset, instead of 50%. This avoids overfitting1537

with small numbers of masks.1538

Segmentation models were initialized pre-trained on AbdomenAtlas 3.0 (for the segmentation of organs and1539

tumors in the pancreas, kidney, and liver) [10]. Pre-training followed the same configuration as training (described1540

above), but without CT-Report pairs (nor R-Super losses). Moreover, reports have di"erent levels of precision.1541

Some are coarse, even lacking tumor sizes, while other are very precise, providing the sizes and slices for all1542

tumors. R-Super’s losses can exploit the additional information in slices. To maximize their benefit, we begin by1543

training R-Super over the whole dataset, including all CT-Report pairs; afterwards, we continue training only1544

the CT-Report pairs where reports contained slices. Therefore, R-Super training had 3 stages: pre-training on1545

AbdomenAtlas 3.0, training on all CT-Report slices in our dataset, and training on the CT-Report pairs with1546

slices. For R-Super†, we included the CT-Mask pairs in these two last training stages. R-Super† also included an1547

additional training stage, training with CT-Mask only before training with all CT-Mask and CT-Report pairs.1548

For the task of malignancy identification, R-Super received only cases with pathology reports in the last stage1549

of training.1550

All alternative training methods that we trained (Sec. 2.2) were based on the same architecture as R-Super1551

(MedFormer, or just its encoder in case of the classification baseline). Thus, they used the same training procedure1552

and hyper-parameters as R-Super. Segmentation was pre-trained on AbdomenAtlas 3.0, then fine-tuned on the1553

CT-Mask pairs in our dataset. MTL was pre-trained on AbdomenAtlas 3.0, then fine-tuned on the CT-Mask1554

and CT-Report pairs in our dataset. CLIP was pre-trained (CLIP loss) on the CT-Report pairs in our dataset,1555

then fine-tuned on the CT-Mask pairs. ModelsGenesis was pre-trained on the CT scans in our dataset (masked1556

autoencoder loss), then fine-tuned on the CT-Mask pairs.1557

As the exception, the nnU-Net [37] was not trained with the same procedure or parameters as the other1558

models, nor the same architecture. The nnU-Net is a self-configuring segmentation framework designed to be1559

used out-of-the-box when employed as a baseline. Thus, we used the standard nnU-Net training procedure, its1560

automatic hyper-parameters, and its ResEncL architecture. We trained it from scratch on the CT-Mask pairs in1561

our dataset. The only non-standard parameter was isotropic 1 mm voxel spacing, as in all other models.1562

Appendix F VLM Evaluation1563

This section details how we evaluated the VLMs we compared R-Super to. MedImageInsight was evaluated1564

with zero-shot classification; Lingshu and MedGemma were evaluated with report generation; and Merlin was1565

evaluated with both report generation and zero-shot classification. These evaluation modes were chosen to match1566

the main capabilities and evaluation settings described in each VLM’s original code or publication [22–25].1567

To evaluate report generation, we followed the methodology in [10]: the VLMs generated radiology reports,1568

and we analyzed these reports with an LLM. The LLM determines whether a tumor was detected in each organ.1569

Exactly following [10], we used the Llama 3 70B LLM and the code and prompt from [10]. This LLM and prompt1570

combination were previously validated by radiologists and shown to achieve 96% accuracy for this evaluation1571

task [10].1572

For zero-shot classification, we computed the cosine similarity between the VLM image embedding of the CT1573

scan and the VLM text embedding of a positive prompt: “organ focal lesion present”. We used one positive prompt1574

for each of the 7 organs studied. This cosine similarity was used as the tumor detection score for the organ.1575

Di"erent thresholds over this score define di"erent operating points; Fig. 2 and the tables in Supp. D.6 report1576
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the sensitivity, specificity, F1-Score and balanced accuracy for the operating point with the highest balanced1577

accuracy.1578

This strategy di"ers from the standard CLIP zero-shot classification strategy [30]. CLIP typically uses both1579

a positive prompt and a negative prompt, such as “{organ} focal lesion present” and “No {organ} focal lesion”.1580

It then computes the similarity between the image embedding and both prompt embeddings, and defines the1581

detection score as the positive-prompt similarity minus the negative-prompt similarity. In our test sets, this1582

standard strategy performed worse than using only the positive-prompt similarity.1583

Merlin and MedImageInsight required di"erent aggregation strategies because they process CT scans di"er-1584

ently. Merlin analyzes a whole 3D CT scan and produces one image embedding. MedImageInsight analyzes the1585

CT scan slice by slice and produces one image embedding per slice. For MedImageInsight, we therefore used the1586

highest cosine similarity between any slice embedding and the positive prompt embedding as the tumor detection1587

score. This strategy performed better than averaging slice scores.1588

To generate reports with Merlin we used the report generation pipeline released by the model’s authors.1589

Merlin received the entire 3D CT scans as input, and it was prompted with “Generate a radiology report for1590

{organ}”, with {organ} being one of the 7 organs where we detected tumors. We used one such prompt for each1591

organ, and concatenated the 7 resulting organ-specific reports generated by Merlin. Generation was performed1592

using deterministic decoding (do_sample=False) with beam size 1, a repetition penalty of 1.2, and a maximum1593

generation length of 128 tokens per organ system, consistent with the o!cial Merlin demonstration code.1594

To generate reports with MedGemma and Lingshu we utilized a slice-based approach, as standard for the1595

models. Each CT case consisted of a set of 2D CT slices (axial) extracted from the original volumetric exami-1596

nation. Following the o!cial inference pipelines for these models, each slice was independently analyzed using1597

a radiology-focused prompt. The prompt requests the models to “describe the findings visible on the CT scan.1598

Include any abnormality, including tumors if present, for organs that are visible in the scan. Specifically assess1599

and report findings for the following organs when present: esophagus, stomach, duodenum, colon, bladder, liver,1600

pancreas, kidneys, gallbladder, reproductive organs, adrenal glands, and spleen. If an organ is visible and no1601

abnormality is identified, state that it is unremarkable.” The model generated a report of the visible findings for1602

each slice. The slice-level reports for all slices within a 3D scan were aggregated and provided back to the model1603

in a second-stage summarization step. The model was then instructed to synthesize the slice-level reports into a1604

single structured radiology report representing the entire scan. No image was provided in this second stage, only1605

the slice-level reports.1606

Appendix G LLM Prompts1607

The prompt below was used to extract tumor information (size, count, and rough location) from radiology1608

reports, as part of the R-Super training pipeline (Fig. 1). It was created with the assistance of radiologists, and1609

provides information on what should be considered a tumor or not, and how sizes are described in reports. It1610

also includes an example of a report and desired answer (in-context learning).1611

Instructions: The radiology report below possibly mentions one or more focal lesions (e.g., tumor,
mass, nodule, cyst).ω↑

Read it carefully, paying special attention to the findings, clinical history, and impressions
sections (if available).ω↑

Your task is to list the types, certainty of lesion type, sizes, organ, locations and attenuation of
all lesions in the report.ω↑

Fill out the template below, using one line per lesion (you may add or remove lines from the
template):ω↑

lesion 1: type = _; certainty = _; size = _; organ = _; location = _; attenuation = _;
lesion 2: type = _; certainty = _; size = _; organ = _; location = _; attenuation = _;
...
If you are absolutely sure the report mentions no lesion, do not use the template. Instead, reply

with: 'No lesions mentioned.' and justify why you are sure the report mentions no lesion.ω↑

Consider the following instructions:
A - What is a Lesion:

A lesion is any focal abnormality, including masses, cysts, or areas of altered density (hyperdense,
hypodense, or isodense).ω↑

You must list both benign and malignant lesions. Include lesions that are confirmed as well as those
that are only suspicious (in this case, use 'certainty = low' in the filled template).ω↑

Common terms that indicate a lesion: metastasis, nodule, soft tissue, nodular thickening, tumor,
lesion, mass, cyst, pseudo-cyst, neoplasm, cancer, index lesion, oncologic finding, adenoma,
carcinoma, growth, abnormal thickening, focus, LI-RADS lesion, hyperdensity, hypodensity, and
isodensity.

ω↑

ω↑

ω↑

Terms that are not a focal lesion: diverticulum (unless it is suspicious for malignancy);
renal/gallbladder stones (e.g., cholelithiasis); hyper/hypoenhancing fluid collection not caused
by a cyst or mass (e.g., caused by abscess, or postoperative changes); if the patient has cancer
history but the tumor was surgically removed (e.g., whipple procedure for pancreatic tumors) and
there is no current evidence of the tumor, do not list it;

ω↑

ω↑

ω↑

ω↑

B - Size:
1- When to use numbers:
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Reports can write the size of the lesion in 1D, 2D, or 3D measurements, and you should use the same
standards used in the report.ω↑

Write 1D measurements as: 15 mm; 2D measurements as: 15 x 10 mm; and 3D measurements as: 40 x 30 x 30
mm. You may use either cm or mm, but you MUST WRITE in each line of the filled template the unit
you are using (cm or mm). If a report does not specify the unit, assume it is mm.

ω↑

ω↑

Say size = U if the report does not specify the size of a lesion.
2- When to use `size = tiny` or `size = massive`:
If a reports describes a lesion without numeric diameters, but describes the lesion with adjectives

like tiny, small, large, or massive, you **must** include one entry with 'size = tiny' or 'size =
massive' for that lesion. However, always prefer using the lesion diameter, if provided.

ω↑

ω↑

If the report does not provide the diameter nor any size-related adjective, say size = U.
3- When to use `size = multiple`:
If the report mentions multiple lesions in an organ **but does not give an exact count**, you

**must** include one entry with 'size = multiple' for that organ.ω↑

Only use `size = multiple` when you cannot determine the number; otherwise, create individual entries
for each described lesion.ω↑

Handling reports with unknown lesion counts AND some described lesions:
If the report says there are multiple/innumerable/many lesions in an organ **and** then describes a

few of them (e.g., gives their size), your output should include:ω↑

One row describing each **explicitly described** lesion.
One additional row with `size = multiple` to represent the unspecified lesions.
Example:
Report: A 2 cm metastasis in liver sub-segment 3, and multiple other small metastases in the liver.
Your output:
lesion 1: type = metastasis; certainty = high; size = 2 cm; organ = liver; location = segment 3;

attenuation = U;ω↑

lesion 2: type = metastasis; certainty = high; size = multiple; organ = liver; location = U;
attenuation = U;ω↑

Key rules:
1. Always include individual entries for every lesion that is specifically described in the report.
2. Whenever the report indicates multiple unspecified lesions in an organ, also include one entry

with `size = multiple` for the organ.ω↑

C - Organ:
Organ is the organ where the lesion is located. Use standard organ names, like: liver, pancreas,

kidney, spleen, colon, pelvis, adrenal gland, bladder, gallbladder, breast, stomach, lung,
esophagus, uterus, bone, prostate, and duodenum.

ω↑

ω↑

Do not consider the 'GI-Tract' as an organ. Instead, try to localize the tumor in one of these
GI-tract organs: esophagus, stomach, duodenum, small intestines or colon. You can consider 'organ
= colon' for rectal lesions. You can consider 'organ = esophagus' for lesions in the
esophagus-gastric junction.

ω↑

ω↑

ω↑

D - Location:
For location, check if the report specifies the sub-segment or part of the organ where the lesion is.

If it specifies: for liver, choose location as segment 1/2/.../8. For the pancreas choose the
pancreas head/body/neck/tail/uncinate process. For the kidney: left kidney/right kidney. For
other organs, just check if the report mentions some type of organ region or sub-segment.

ω↑

ω↑

ω↑

Say location = U if the report does not specify the intra-organ location of a lesion.
If a single lesion is in more than one location, you can say both. E.g., location = liver segment

4/5.ω↑

E - Type:
If the report provides lesion type, inform it.
Otherwise, say type = U if the report does not specify the type of the lesion.
Follow these rules:
1- If the lesion type is not specified in findings, you may deduce it from the clinical history or

impressions sections.ω↑

2- Cyst, or cystic lesion, is a common type of lesion. For any cysts, you say type = cyst.
3- Assign type = metastasis if the lesion is described as a metastasis (or implant) originating from

a cancer in another organ, unless the report explicitly states otherwise. Determine certainty
based on the level of confidence expressed in the report.

ω↑

ω↑

4- If the report does not mention the lesion type, but you read that the patient has cancer in the
organ where the lesion is, or has a history of malignant lesions in the organ, or the lesion is
growing, or it is 'suspicious for malignancy', say type = malignant. However, do not say type =
malignant if a more specific lesion type is given (like PDAC and PNET in pancreas, RCC in kidney,
HCC in liver,...).

ω↑

ω↑

ω↑

ω↑

4- If the report does not mention the lesion type, but it explicitly indicates that the lesion is
likely benign (or mentions it may be one of several benign lesion types), say type = benign.
However, do not say type = benign if a more specific lesion type is given (like cyst or polyp).

ω↑

ω↑

5- Try reporting types using their most standard name, followed by their acronym. For example, if the
report mentions 'adenocarcinoma in the pancreas' or 'PDAC', say type = Pancreatic Ductal
Adenocarcinoma (PDAC).

ω↑

ω↑

F - Certainty:
Certainty of the lesion type, according to the report. If a report mentions a lesion type in the

findings, history, or impressions, without demonstrating uncertainty, say certainty = certain.ω↑

If the report expresses strong confidence in lesion type, say certainty = high.
If the report mentions a lesion type but expresses significant uncertainty about it, say certainty =

low.ω↑

If the report does not mention the lesion type, say certainty = U.
G - Attenuation:

For each lesion, inform the attenuation if the report mentions it. You should choose one of these
options: hyperenhancing, hypoenchanging, isoenhancing, hererogeneously enhancing, or U (unknown).
The report may use synonyms like hypermetabolic and hypoattenuating, but you must only answer me
hyperenhancing, hypoenchanging, isoenhancing, hererogeneously enhancing or U (unknown).

ω↑

ω↑

ω↑
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H - Justification:
Besides filling the template, justify your answer, carefully mentioning each section of the report if

present: history, findings, and impressions.ω↑

Explain from which sentences you got each size, location, and type.
Some reports may refer to past measurements (using words like previously, before, or giving dates).

Ignore previous measurements.ω↑

Provide me a syntactic analysis of the report sentences mentioning lesion sizes. In this analysis,
explain which measurement refers to which lesion, if the measurement is current or past, and if
the corresponding lesion is malignant or benign.

ω↑

ω↑

I will provide an example of a report and a correct answer for a %(organ)s lesion:
Example report:
%(example_report)s
Example answer:
%(example_answer)s

End of the example.

The prompt below is used to extract the tumor z-coordinate (slice) from radiology reports. It also identifies1612

the CT series in which this coordinate was measured, allowing us to choose the correct series to use the slice1613

information in the Ball Loss. Prompt:1614

You are an expert radiologist. Your task is to carefully analyze a radiology report and determine the
image and series numbers for tumors described in the report.ω↑

The report may describe one o multiple tumors, and the image and series numbers may appear for all,
none, or only some of the tumors.ω↑

To make your task easier, I will give you:

1. **FINDINGS** - the body of the report.
2. **TUMOR LIST** - my pre-extracted tumor descriptions.

• This list *is* your template: each line already contains
`series = se` and `image = im`.

• Replace se and im with the numbers you find in the report.
• If a number is missing or ambiguous, write u (unknown).
• Never guess the series or image numbers.

To fill in the TUMOR LIST, you must match each tumor in the TUMOR LIST to tumors described in FINDINGS.
Use all available cues I provide in the list, which may include the tumor organ, location (inside
the organ), size (in mm), and attenuation. Sometimes I may not be able to get some of these cues.
In these cases, I will mark it as 'u' (unknown).

ω↑

ω↑

ω↑

Consider that my list measures tumors in millimetres (mm). Reports use mm if they do not mention the
unit. But they use centimeters (in these cases, they usually write cm). 10 mm = 1 cm.ω↑

### Examples of how series / image numbers usually appear in reports"
* `(Se/Im 303/55)` series = 303, image = 55
* `(series 303, image 32)`
* `(3/63)` or `(3:121)` -> series = first number, image = second
* `(image 68)` only -> series = u, image = 68

---

## Worked examples

### Example 1

**REPORT (reduced to only tumor-relevant sentences)**
Liver: Numerous, at least 15, hypoattenuating hepatic lesions nearly all of which are decreased in size

since 12/06. For example, lesion in the dome of segment 7 measures 2.7 x 3.0 cm (Se/Im 4/47),
previously 4.8 x 4.5 cm. Lesion in segment 4A measures 4.4 x 3.4 cm (Se/Im 4/70), previously 5.2 x
4.6 cm.

ω↑

ω↑

ω↑

Spleen: Hypoenhancing lesion in the anterior spleen measures 1.6 x 1.0 cm (Se/Im 4/39) previously 2.0 x
1.1 cm.ω↑

Colon: The primary colon cancer, represented by mural thickening of the distal sigmoid colon, is less
conspicuous than 12/06.ω↑

**TUMOR LIST TO FILL (input / template)**
tumor id = 1; organ = liver; location = segment 7; size = 27 x 30 mm; attenuation = hypoattenuating;

series = se; image = im;ω↑

tumor id = 2; organ = liver; location = segment 4; size = 44 x 34 mm; attenuation = hypoattenuating;
series = se; image = im;ω↑

tumor id = 3; organ = spleen; location = u; size = 16 x 10 mm; attenuation = hypoattenuating; series =
se; image = im;ω↑

tumor id = 4; organ = colon; location = u; size = u; attenuation = u; series = se; image = im;

**FILLED LIST (expected model output)**
tumor id = 1; organ = liver; location = segment 7; size = 27 x 30 mm; attenuation = hypoattenuating;

series = 4; image = 47;ω↑
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tumor id = 2; organ = liver; location = segment 4; size = 44 x 34 mm; attenuation = hypoattenuating;
series = 4; image = 70;ω↑

tumor id = 3; organ = spleen; location = u; size = 16 x 10 mm; attenuation = hypoattenuating; series =
4; image = 39;ω↑

tumor id = 4; organ = colon; location = u; size = u; attenuation = u; series = u; image = u;

**JUSTIFICATION**
tumor id = 1; series = 4, image = 47 — extracted from: "lesion in the dome of segment 7 measures 2.7 x

3.0 cm (Se/Im 4/47)"; matched by organ (liver), location (segment 7), and size = 27 x 30 mm.ω↑

tumor id = 2; series = 4, image = 70 — extracted from: "lesion in segment 4A measures 4.4 x 3.4 cm
(Se/Im 4/70)"; matched by organ (liver), location (segment 4), and size = 44 x 34 mm.ω↑

tumor id = 3; series = 4, image = 39 — extracted from: "hypoenhancing lesion in the anterior spleen
measures 1.6 x 1.0 cm (Se/Im 4/39)"; matched by organ (spleen) and size = 16 x 10 mm.ω↑

tumor id = 4; series = u, image = u — no series / image numbers are given for the sigmoid-colon tumour;
therefore both values are unknown.ω↑

---

### Example 2

**REPORT (reduced to only tumor-relevant sentences)**
Spleen: Slightly decreased size of a hypodense lesion in the spleen measuring up to 3.1 cm (series 5,

image 30) previously 2.7 cm. Unchanged small hypervascular nodule at the tip of the spleen (series
601, image 43).

ω↑

ω↑

Adrenal Glands: Stable 1.5 cm left adrenal nodule (series 5, image 40).
Kidneys: Unchanged 1.3 cm enhancing lesion in the inferior pole of the right kidney (series 5, image

79). Additional bilateral sub-centimeter renal hypodensities that are too small to characterize,
stable from prior.

ω↑

ω↑

Peritoneum: Mild omental fat stranding along the left anterior abdomen (series 5, image 100), new from
prior. Similar sequela of prior epiploic appendagitis anterior to the descending colon (series 5,
image 92). Similar small capsular nodule adjacent to the inferior spleen (series 5, image 55).

ω↑

ω↑

Reproductive organs: Slightly increased size of a heterogeneously enhancing mass in the uterus, now
measuring 6.5 x 5.1 cm (series 5, image 133), previously 6.1 x 4.8 cm.ω↑

Liver: Unchanged sub-centimeter hypodensities that are too small to characterize.

**TUMOUR LIST TO FILL (input / template)**
tumour id = 1; organ = spleen; location = u; size = 31 mm; attenuation = hypoattenuating; series = se;

image = im;ω↑

tumour id = 2; organ = spleen; location = u; size = u; attenuation = hyperattenuating; series = se;
image = im;ω↑

tumour id = 3; organ = adrenal gland; location = left; size = 15 mm; attenuation = u; series = se;
image = im;ω↑

tumour id = 4; organ = kidney; location = right; size = 13 mm; attenuation = hyperattenuating; series =
se; image = im;ω↑

tumour id = 5; organ = uterus; location = u; size = 65 x 51 mm; attenuation = u; series = se; image =
im;ω↑

**FILLED LIST (expected model output)**
tumour id = 1; organ = spleen; location = u; size = 31 mm; attenuation = hypoattenuating; series = 5;

image = 30;ω↑

tumour id = 2; organ = spleen; location = u; size = u; attenuation = hyperattenuating; series = 601;
image = 43;ω↑

tumour id = 3; organ = adrenal gland; location = left; size = 15 mm; attenuation = u; series = 5; image
= 40;ω↑

tumour id = 4; organ = kidney; location = right; size = 13 mm; attenuation = hyperattenuating; series =
5; image = 79;ω↑

tumour id = 5; organ = uterus; location = u; size = 65 x 51 mm; attenuation = ug; series = 5; image =
133;ω↑

**JUSTIFICATION**
tumor id = 1; series = 5, image = 30 — extracted from: "hypodense lesion in the spleen measuring up to

3.1 cm (series 5, image 30)"; matched by organ (spleen) and size = 31 mm.ω↑

tumor id = 2; series = 601, image = 43 — extracted from: "hypervascular nodule at the tip of the spleen
(series 601, image 43)"; matched by organ (spleen) and hyperattenuating (hypervascular)
attenuation.

ω↑

ω↑

tumor id = 3; series = 5, image = 40 — extracted from: "stable 1.5 cm left adrenal nodule (series 5,
image 40)"; matched by organ (adrenal), location (left), and size = 15 mm.ω↑

tumor id = 4; series = 5, image = 79 — extracted from: "1.3 cm enhancing lesion in the inferior pole of
the right kidney (series 5, image 79)"; matched by organ (kidney), location (right), enhancing
nature, and size = 13 mm.

ω↑

ω↑

tumor id = 5; series = 5, image = 133 — extracted from: "heterogeneously enhancing mass in the uterus
... 6.5 x 5.1 cm (series 5, image 133)"; matched by organ (uterus) and size = 65 x 51 mm.ω↑

---

### Example 3

**REPORT (reduced to only tumor-relevant sentences)**
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Liver: Diffusely hypoattenuating. Unchanged subcentimeter segment 2 hyperdense focus (3/32), likely a
benign hemangioma.ω↑

Gallbladder: Cholelithiasis without evidence of acute cholecystitis.
Spleen: Similar-appearing hypoattenuating lesions, some of which are too small to characterize, which

have been gradually increasing in size since at least 9/13/2021. The largest measures up to 1.8 cm.ω↑

Pancreas: Unremarkable

**TUMOUR LIST TO FILL (input / template)**
tumor id = tumor 3; organ = spleen; location = u; size = 18.0 mm; attenuation = hypoattenuating; series

= se; image = im;ω↑

**FILLED LIST (expected model output)**
tumor id = tumor 3; organ = spleen; location = u; size = 18.0 mm; attenuation = hypoattenuating; series

= u; image = u;ω↑

**JUSTIFICATION**
tumor id = tumor 3; series = u, image = u — The rules ask me to check the tumor organ and size when

matching tumors in the TUMOUR LIST TO FILL and in FINDINGS. tumor 3 in the list is a spleen tumor
measuring 18mm. The FINDINGS mentions a spleen tumor with 18 mm, but does not have series number or
image number for it: 'Spleen: Similar-appearing hypoattenuating lesions, some of which are too
small to characterize, which have been gradually increasing in size since at least 9/13/2021. The
largest measures up to 1.8 cm.'. Therefore, I wrote series = u; image = u for tumor 3.

ω↑

ω↑

ω↑

ω↑

ω↑

---

## YOUR ACTUAL TASK

Here is the FINDINGS section of the report to analyze:
%(findings_section)s

Here is the TUMOR LIST to fill (replace “se” and “im”):
%(tumors_list)s

After filling the list, provide a short justification for each tumor. The justification must explain
the matching you did, and where in the findings you found the tumor organ and tumor size for each
tumor in my list.

ω↑

ω↑

Quote the sentence(s) where you found the numbers, or explain why they are unknown.

We use pathology reports to determine whether tumors are malignant or benign. To this end, we use the1615

prompt below. It was also developed with the assistance of radiologists, and provides guidelines to the LLM on1616

how do determine malignancy.1617

I am sending you below many pathology reports, all for the same patient.

YOUR TASK
Read ALL reports carefully and produce SIX lists:
1. organs_with_primary_malignant_tumors
2. organs_with_metastatic_tumors
3. organs_with_benign_tumors
4. organs_with_unknown_tumor_type
5. malignant_tumor_types
6. benign_tumor_types

The “tumor types” lists should specify, for each organ, the type of tumor identified (e.g.,
adenocarcinoma, squamous cell carcinoma, renal cell carcinoma, lipoma, hemangioma, cyst, abscess).
If an organ has multiple types, list all separated by semicolons.

ω↑

ω↑

Then provide a justification for each organ listed, citing exact evidence phrases (quoted).

---

### OUTPUT FORMAT (strict; no extra prose before/after)

organs_with_primary_malignant_tumors: [<comma-separated organs>]
organs_with_metastatic_tumors: [<comma-separated organs>]
organs_with_benign_tumors: [<comma-separated organs>]
organs_with_unknown_tumor_type: [<comma-separated organs>]
malignant_tumor_types: {<organ>: <tumor type(s)>, ...}
benign_tumor_types: {<organ>: <tumor type(s)>, ...}

Justification:
- <organ>: <label> — Evidence: "<verbatim phrase>". Rationale: <1–4 lines>.
- ...

---

### DEFINITIONS (be conservative)

**Primary malignant tumor** = malignant neoplasm originating in that organ.
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If a report or history states a prior primary (even if “no residual tumor”), include that organ as
primary and note “history only”.ω↑

**Metastatic tumor** = malignant tumor found in an organ but arising elsewhere (e.g., “metastatic
carcinoma consistent with lung primary”).ω↑

**Benign tumor/lesion** = explicitly benign lesion (e.g., “benign cyst”, “lipoma”, “adenoma”,
“hemangioma”, “granuloma”, “abscess”, “fibroadenoma”, “leiomyoma”) OR a named
mass/nodule/cyst/polyp described as benign.

ω↑

ω↑

---

### BENIGN INCLUSION RULE (must meet BOTH)
A) Mentions a **lesion noun**: {“lesion”, “mass”, “nodule”, “tumor”, “neoplasm”, “cyst”, “polyp”,

“adenoma”, “lipoma”, “hemangioma”, “leiomyoma”, “hamartoma”, “abscess”, “granuloma”}.ω↑

B) The lesion is described as benign or is canonically benign.

### BENIGN EXCLUSION RULE
Do NOT include normal or uninvolved tissues:
- “Benign <normal tissue>” (e.g., “benign skeletal muscle”, “benign submandibular gland”) → exclude.
- “No tumor identified”, “negative for malignancy”, “benign mucosa/fat/muscle/lymph node” → exclude.
- Reactive or inflammatory processes (e.g., esophagitis, fibrosis, metaplasia, cholecystitis) without a

mass → exclude.ω↑

- Fungal or bacterial infection without a lesion noun → exclude.

---

### UNKNOWN BUCKET
Use UNKNOWN for:
- “Atypical”, “suspicious”, “cannot rule out”, “insufficient for diagnosis”, or contradictory results

across reports.ω↑

---

### CANONICAL ORGAN NAMES
Use exactly these names when applicable:
uterus, prostate, right kidney, left kidney, right adrenal gland, left adrenal gland, pancreas, liver,

spleen, bladder, gallbladder, duodenum, stomach, colon, esophagus.ω↑

If the tumor is inside one of these, use the canonical name (e.g., use *uterus* for endometrial
carcinoma).ω↑

For others (e.g., lung, skin, lymph node), use the report’s term.

---

### EVIDENCE & JUSTIFICATION
- For EACH organ listed, provide one quoted phrase that proves the classification.
- If classification is based on history, quote that phrase and mark “history only”.
- Include specimen/part/date if available.
- If the same organ has malignant and benign lesions, include it in both lists and explain.

---

### QUALITY CHECKS
- Prefer UNKNOWN over guessing.
- Do NOT treat normal tissue or “benign <tissue>” as a benign tumor.
- Be explicit about tumor types; if a lesion type is uncertain, label it as “unknown type” and explain.
- Justify every entry with a phrase containing a lesion noun and diagnostic qualifier

(benign/malignant/metastatic).ω↑

---

Now read the reports below and output ONLY the specified blocks.

94



Appendix H Instructions for the Reader Study1618

The instructions below were provided to the radiologists before the reader study. Radiologists did not know the1619

AI model outputs, nor the diagnoses of the patients.1620

Reader Study Instructions

Analyze the entire CT scan. For each CT, answer the following questions:

Which organs certainly have a lesion (benign or malignant tumor)?

Write the names of the organs that for sure have a focal lesion.

Definition of focal lesion: discrete mass-like focus, cyst, solid lesion, enhancing nodule, focal wall
thickening, and focal (not diffuse) hyper/hypo densities that you would mention if you were writing
a report for this CT. Include any lesion that may be a primary cancer, metastasis, benign lesion,
or cyst.

ω↑

ω↑

ω↑

You can ignore: bone lesions, diffuse fatty change, diverticulum (unless it is suspicious for
malignancy), stones (e.g., renal/gallbladder stones), perfusion anomalies unless mass-like,
non-focal inflammation, postoperative change unless mass-like, and simple fluid collections unless
clearly cystic lesion of an organ (e.g., abscess, or postoperative changes).

ω↑

ω↑

ω↑

Which organs possibly have a lesion (benign or malignant tumor)?

Here, write the names of the organs that possibly have a focal lesion, but you are not sure if there is
a lesion there or no lesion. Consider the same focal lesion definition as in (1).ω↑

Which organs certainly have a malignant lesion (primary or metastasis)?

Here, write the names of the organs that for sure have a malignant lesion. This lesion can be a primary
cancer or metastasis. Not a benign lesion or cyst.ω↑

Which organs possibly have a malignant lesion (primary or metastasis)?

Here, write the names of the organs that possibly have a malignant lesion. Consider any lesion that is
suspicious, which makes you concerned for a possible malignancy.ω↑

How to prepare your answer?
We provide a CSV file, called answer_sheet.xlsx. It has the CT scan IDs and the 4 questions above (4

columns). You can answer each question with just organ names. When a CT has lesions in multiple
organs, you can separate the organ names with commas. When a CT has no lesions, leave its row blank
(no need to write anything).

ω↑

ω↑

ω↑

Analyze the whole scan, and be sure to review the following organs (if present): spleen, bladder,
gallbladder, uterus, prostate, esophagus, stomach, duodenum, intestines, liver, pancreas, kidneys,
adrenal glands.

ω↑

ω↑

This example indicates that lesions exist for sure in the spleen, bladder and stomach. The spleen
lesion is for sure malignant. The bladder lesion is possibly malignant (unsure). The stomach lesion
is for sure benign.

ω↑

ω↑

Loading data:
Our data is provided in the nifti format. It can be opened with softwares like ITK-SNAP.
ITK-SNAP can be downloaded here:
https://www.itksnap.org/pmwiki/pmwiki.php?n=Downloads.SNAP4
After opening ITK-SNAP, you can load an image by clicking File -> Open Main Image ...
You can adjust the CT contrast window by clicking here:
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Then clicking on contrast.
In the example below, we adjusted contrast between -200 and 200 HU.
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