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expert 30.4 mm
model 33.1 mm

target-lesion response category disagreed in

16.7% of 258 patients (43)
95% con}dence interval 12.6–21.7

about one in six

Left: one target lesion at follow-up, outlined 2.7 mm wider by the
model. That alone tipped partial response into stable disease.

omission 3.9% mislocalization 1.4% persistence 3.1% sizing 8.3%
12

Fig. 1 Study at a glance. Each patient was segmented by the cross-validation fold that excluded
that patient, and the expert follow-up mask was withheld. Percentages are Shapley contributions to
the 16.7% rate; sizing was largest but not statistically separated from omission and mislocalization
combined (5.2%), so no channel clearly dominated. Scope: the target-lesion component of RECIST 1.1
only, measured from masks, in an internal out-of-fold evaluation of one model (LongiSeg) with a
correct expert baseline; overall RECIST 1.1 response was not assessed. Computed tomography excerpt
(expert outline green, model red) from the autoPET/CT longitudinal dataset, version 2 (CC BY 4.0).
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Abstract13

Background: RECIST 1.1 requires clinicians to compare target-lesion measure-14

ments across examinations. Automated segmentation may support this task, but15

omission, tracking, persistence, and measurement errors need not affect response16

equally. We asked how often these errors changed target-lesion response and17

whether changes favoured apparent benefit.18

Methods: We retrospectively analysed 258 response-evaluable patients from19

a public longitudinal whole-body CT cohort with expert per-lesion masks.20

LongiSeg received the baseline CT, expert baseline mask and an interior location21

click, plus the follow-up CT and a location click; the expert follow-up mask was22

withheld. We compared a RECIST 1.1 target-lesion response based on expert23

masks with one based on expert baseline and model follow-up masks. Each24

patient was processed by a held-out-fold checkpoint not fitted to that patient.25

Shapley attribution divided disagreements among prompted omission, tracking26

mislocalization, false persistence, and measurement (sizing) error. Omission and27

mislocalization were combined as detection/localization. We estimated disagree-28

ment with a Wilson CI, channel contributions with patient-bootstrap CIs, and29

tested the plausibility of sizing effects in a follow-up-only simulation.30

Results: Categories disagreed in 43/258 patients (16.7%; Wilson 95% CI31

12.6–21.7; Cohen κ = 0.76). Sizing contributed 8.3% (95% CI 5.0–11.8), detec-32

tion/localization 5.2% (2.7–7.9), and false persistence 3.1% (1.2–5.4). Sizing33

exceeded persistence and omission separately, but not detection/localization34

combined (+3.1 percentage points, 95% CI −1.2 to 7.4); no channel clearly35

dominated. Multiple errors occurred in 13/43 disagreements (30%). Post hoc,36

28 disagreements moved toward apparent benefit and 15 toward harm, but this37

pattern changed with target selection and did not test objective-response rate.38

Resampled sizing errors gave a 9.3% mean flip rate (central 95% simulation inter-39

val 6.2–12.4), which encompassed the 8.3% sizing contribution. Flip rates ranged40

from 15.5% to 18.6% across sensitivity analyses and from 15.0% to 18.4% across41

leave-one-fold-out subsets.42

Conclusions: Segmentation errors changed target-lesion response in about one43

in six patients. Measurement error was important but not clearly dominant.44

These findings concern follow-up errors from one prompt-assisted model, con-45

ditional on a correct expert baseline, in an internal out-of-fold evaluation.46

Independent confirmation is needed, especially for disagreement direction.47

Keywords: Response Evaluation Criteria in Solid Tumors, Tomography (X-ray48

computed), Deep learning, Image segmentation, Reproducibility of results49

1 Background50

RECIST 1.1 is the reference standard for assessing solid-tumour response in oncology51

trials and is increasingly used in routine reporting [1, 2]. Clinicians measure selected52

target lesions at baseline and follow-up, compare their summed diameters, and assign53
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complete response (CR), partial response (PR), stable disease (SD), or progressive54

disease (PD). These categories define trial endpoints and can influence management.55

Measurement matters because even small differences between readers can change the56

category [3, 4].57

Automated segmentation could make this process more reproducible and scal-58

able [5–7]. Yet a small boundary error can cross a RECIST threshold. Most safety59

discussions focus on missed lesions, which can understate tumour burden. Detection60

is therefore the error most often audited. Semi-automatic tools are commonly viewed61

as safer because the user identifies the lesions to measure [8], but these tools can still62

track the wrong structure or measure a known lesion inaccurately.63

Follow-up segmentation can fail in four ways: omit a lesion, track it to the wrong64

location, retain it after it has resolved, or measure it inaccurately. Prior studies have65

measured reader variability in manual and semi-automatic RECIST [8–10] and the66

overall reliability of automated response pipelines [6, 11]. To our knowledge, however,67

no study has used patient-level held-out-fold predictions on real follow-up CT to deter-68

mine how much each error type changes the response category. We therefore asked69

which errors cause category disagreement and whether disagreements tend to make70

response look better [12].71

We studied LongiSeg, a prompt-assisted longitudinal segmentation model, on a72

public whole-body CT cohort with expert outlines for each lesion. The model received73

the expert baseline lesion and a challenge-supplied location at follow-up, but not the74

expert follow-up outline. This is a favourable assisted-tracking task, not autonomous75

whole-body detection. Each patient was evaluated with a checkpoint that had not76

been fitted to that patient’s scans. We measured how often model errors changed the77

target-lesion response category. We then divided each disagreement among the four78

error types and tested whether sizing errors of the observed magnitude could plausibly79

explain the sizing contribution. Fig. 1 summarizes the design and the main result.80
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2 Methods81

2.1 Study design and data82

We retrospectively analysed the public autoPET/CT longitudinal whole-body CT83

dataset [13, 14]. It contains baseline and follow-up examinations acquired during84

systemic therapy from patients with metastatic melanoma at one centre (Univer-85

sity Hospital Tübingen). Expert readers outlined each lesion separately, assigned an86

anatomical type, and linked lesions across timepoints; several baseline labels could87

map to one follow-up label when lesions coalesced.188

The LongiSeg development cohort contained 300 patients: 181 male and 119 female89

according to the dataset descriptor [14]. We analysed the version 1 images and masks;90

version 2 supplied only explicit topology fields used to validate coalescence [15]. The91

processed files did not contain individual age or sex, so these variables could not be92

reported for the 258 analysed patients and age- or sex-stratified subgroup analyses93

were not possible. The 300-patient sex distribution is provided only as source-cohort94

context. A recovery audit of seven initially missing downloads is described below.95

We followed CLAIM 2024 for artificial-intelligence imaging studies and STROBE96

for observational studies. Every algorithm behind the reported numbers is specified in97

pseudocode in Appendix A.98

2.2 RECIST 1.1 target-lesion calculation99

At baseline, RECIST 1.1 selects at most five measurable target lesions in total and no100

more than two per organ [1]. Non-nodal CT targets are measured by longest diameter101

and must be at least 10 mm; pathological lymph-node targets are measured by short102

axis2 and must be at least 15 mm. The selected measurements are summed as the sum103

1Coalesced: two or more separate lesions have grown together by follow-up and can no longer be measured
apart. The single resulting mass is called a conglomerate.

2Short axis: the shorter of the two perpendicular diameters of a lymph node in the imaging plane. Nodes
are enlarged mainly across their short axis, so it separates disease from normal nodes better than the longest
diameter.

4



of diameters (SLD). At follow-up, complete response (CR) requires disappearance of104

non-nodal targets and reduction of target nodes below 10 mm. Partial response (PR)105

requires an SLD decrease of at least 30% from baseline. Progressive disease (PD)106

requires an SLD increase of at least 20% from the on-study nadir3 and an absolute107

increase of at least 5 mm. Stable disease (SD) is neither PR nor PD.108

A Select and measure at
baseline
Up to 5 target lesions in total;
no more than 2 per organ.

Non-nodal lesion: longest diameter
≥ 10 mm.
Lymph node: short axis ≥ 15 mm.

Sum the selected measurements
to obtain the sum of diameters
(SLD).

B Compare with follow-up
Worked target-lesion example:
Baseline: 30 + 20 = 50 mm
Follow-up: 18 + 15 = 33 mm

∆ = 100
33− 50

50
= −34%

The SLD decreased by at least
30%; the target-lesion category
is PR.

C Assign target-lesion re-
sponse
CR: all non-nodal targets dis-
appear and target nodes are
< 10 mm.
PR: SLD decreases ≥ 30% from
baseline.
PD: SLD increases ≥ 20% from
the on-study nadir and ≥ 5 mm
absolutely.
SD: neither PR nor PD.

Scope in this study: mask-derived target-lesion response at the }rst follow-up. Overall RECIST 1.1
also evaluates non-target disease and new lesions; those components were not modelled here.

Fig. 2 RECIST 1.1 target-lesion calculation. The schematic summarizes baseline selection and
measurement, a worked SLD example, and target-lesion response thresholds. Overall RECIST 1.1
also evaluates non-target disease and new lesions; this study models only the target-lesion component.
CR denotes complete response; PR, partial response; SD, stable disease; PD, progressive disease; and
SLD, sum of diameters.

2.3 Study-specific target selection and endpoint109

Our endpoint was a mask-derived, deliberately stripped-down version of RECIST 1.1:110

the target-lesion component only, not overall RECIST response. We selected targets111

from expert baseline masks using a mask-based approximation of RECIST 1.1 [1].112

Measurable lesions were ranked from largest to smallest, with at most two per dataset113

lesion type and five in total.114

The dataset’s lesion types include specific sites, such as liver, lung, adrenal and115

spleen, and broad groups, such as lymph node, soft tissue/skin and other. The two-116

per-type rule matches the RECIST two-per-organ rule for organ-specific types but117

3Nadir: the smallest SLD recorded so far on study. Progression is judged against this smallest value, not
against baseline, so growth after an initial shrinkage is still detected.
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groups the broader types more coarsely. Seventeen of the 683 selected targets (2.5%)118

carried the dataset’s unclear type; these shared one type bucket for the two-per-type119

cap. RECIST permits lytic4 or mixed lytic–blastic bone lesions with a measurable soft-120

tissue component; because the dataset does not identify that component or osseous121

phenotype,5 we excluded all bone-typed lesions from the primary analysis.122

The SLD summed the longest diameter of each non-nodal target and the short axis123

of each nodal target. For nodes, we used the largest-area axial slice and measured the124

greatest width perpendicular to its longest in-slice caliper. A node always contributed125

its short axis to the SLD; the < 10 mm rule was used only when testing for CR.126

We compared baseline with the first follow-up and applied the target-lesion rules127

in Fig. 2. Some examinations contained overlapping body-region CT volumes; for both128

reference and model, we measured each target across all volumes and retained its129

largest measurement so that a lesion in a later volume was not treated as absent.130

For true coalescence, we applied the RECIST conglomerate rule [1]. The baseline131

SLD retained the selected source-lesion diameters; the surviving follow-up conglom-132

erate was measured once. The reference used the surviving label, whereas the model133

used the union of predicted labels in the full merge group so that a label change was134

not mistaken for disappearance. Nineteen merge groups involved 28 selected sources135

in 17 patients; all matched the version 2 topology audit. The 683 selected baseline136

targets therefore formed 674 follow-up assessment units.137

New lesions were excluded because LongiSeg tracks prompted, known lesions rather138

than searching the whole body; expert new-lesion status was retained only as a descrip-139

tive stratum. We also did not assess non-target disease. The comparator was the expert140

mask, not an independent radiologist read. The endpoint is therefore limited to the141

target-lesion component of RECIST, measured identically for reference and model.142

4Lytic: a bone metastasis that destroys bone, appearing on CT as a dark, low-density hole. A blastic
lesion does the opposite and lays down dense new bone; a mixed lytic–blastic lesion does both.

5Osseous phenotype: which of these forms a given bone lesion takes. RECIST measures only the soft-
tissue mass some bone lesions carry, never the bone change itself, so the phenotype decides whether a bone
lesion is measurable at all.
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2.4 Segmentation model and patient-level out-of-fold143

evaluation144

LongiSeg [16] is a prompt-assisted longitudinal tumour-segmentation model with an145

nnU-Net residual-encoder backbone [17]. We used the public autoPET branch at com-146

mit ee5296ee4b0ebc4f56aa916c34215edb9629dace [16]. For each lesion, the model’s147

inputs and output were:148

Inputs: baseline CT scan + expert baseline lesion outline (mask) + baseline location click149

+ follow-up CT scan + follow-up location click150

−→ LongiSeg model trained without that patient151

−→ Output: predicted follow-up lesion outline (mask)152

The expert outline of the lesion at follow-up was not an input. It was withheld153

and used only as the reference for evaluating the predicted outline. In other words,154

LongiSeg was shown exactly how the lesion was outlined at baseline and approximately155

where to look at follow-up, then had to outline it at follow-up. Fig. 3 summarizes this156

workflow and the error taxonomy used in this study.157

For each lesion the released pipeline worked on a fixed crop of 112 × 224 × 224158

voxels. The crop held five channels: the follow-up CT, the baseline CT, the expert159

baseline outline, and a Gaussian blob marking each of the two clicks. The follow-up160

click positioned the crop in the new scan, and the baseline click aligned the matching161

baseline crop. Because the expert baseline outline already gave the lesion boundary,162

the baseline click was an architectural input rather than a second clinical delineation.163

The network produced the follow-up outline only.164

The wrapper processed all linked challenge lesions across matching baseline–follow-165

up volume pairs and merged labelled outputs before measurement.166

Each lesion came with two candidate follow-up locations: one propagated from167

the baseline lesion by image registration (cog propagated), and one taken from the168
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follow-up annotation itself (cog fu). The challenge uses the propagated location where169

it exists and the annotated location otherwise; of the 683 selected baseline sources,170

678 prompts (99.3%) were propagated and five (0.7%) were fallbacks. The annotated171

location is the more informative of the two, because it points at where the lesion172

actually is rather than where registration predicts it, so we also report the disagreement173

rate with the fallback-affected patients excluded. Either way the model is told roughly174

where to look, which is more favourable support than autonomous detection: an empty175

or displaced output is a prompted tracking or segmentation failure, not a detection176

miss [18, 19]. A propagated location may still fall outside a lesion that has moved,177

changed size, or resolved.178

LongiSeg was developed with five-fold cross-validation on these same 300 patients,179

and its published configuration was selected on this cohort [16]. We reconstructed the180

group-preserving split and used only each patient’s held-out-fold checkpoint,6 without181

ensembling. Thus, the evaluated patient’s scans were excluded from weight fitting, but182

configuration-selection optimism can remain. Median held-out-fold per-case Dice7 was183

0.77 (interquartile range 0.46–0.85).184

Two inference-only corrections preceded the final analysis: the wrapper recovered185

predictions for 133 lesions in 29 patients whose baseline masks were outside volume 00,186

and a one-voxel upper-bound guard corrected one valid edge click. Neither changed187

model weights. Every prompted target in the analysed cohort consequently had a held-188

out-fold prediction. Baseline measurements came from expert masks; follow-up model189

measurements used predicted masks and the same caliper rules.190

6Held-out-fold (out-of-fold) checkpoint: cross-validation splits the cohort into five folds and trains five
models, each on four folds. A patient is always segmented by the one model whose training excluded that
patient.

7Dice: the standard overlap score between two masks, from 0 for no shared voxels to 1 for identical masks.
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Baseline inputs
CT + expert target mask
+ interior location click

Follow-up inputs
CT + location click

no expert follow-up mask

LongiSeg
patient’s held-out-

fold checkpoint
internal out-of-
fold evaluation

Model path
expert baseline mea-
surement + predicted

follow-up mask

Reference path
expert baseline +

expert follow-up masks

withheld for evaluation

Measure targets
compute both SLDs

and categories
compare model
with reference

Prompted omission
reference present;
no model voxels

Tracking mislocalization
model output does

not overlap reference

False persistence
reference resolved;

model output remains

Measurement error
matched target;
diameter dizers

For a category disagreement, Shapley attribution divides one unit of credit among co-occurring
error states; omission and mislocalization are also reported together as detection/localization.

Fig. 3 Study workflow and error taxonomy. LongiSeg received baseline and follow-up computed
tomography (CT), the expert baseline mask, and location clicks; the expert follow-up mask was
withheld for evaluation. Expert and model follow-up masks produced parallel target-lesion SLDs and
response categories. SLD denotes sum of diameters.

2.5 Mechanism decomposition191

We compared the model with the expert reference for each follow-up assessment unit.192

A single target formed one unit; targets in the same true coalescence shared one unit193

and one error state:194

1. Prompted omission: the reference unit was present, but the model produced no195

voxels for any label in its full merge group.196

2. Tracking mislocalization: the model produced the expected label or a merge-197

group label, but its voxels did not overlap the reference unit.198

3. False persistence: the reference unit had resolved, but model output remained—a199

model-side false positive for a previously known target.200

4. Measurement (sizing) error: the model and reference overlapped, but their201

measured diameters differed.202

Sizing was therefore limited to lesions the model located. A non-overlapping pre-203

diction is a localization error, not a measurement error. We combined omission and204

mislocalization as the detection/localization channel. Fig. 4 shows a real example of205

each of the last three states; prompted omission is shown in Fig. 9.206
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(A) Tracking mislocalization reference SD → model PR (apparent bene}t)

follow-up reference 34.9 mm

model output 3.8 mm

110 mm away, no shared voxels

sum of diameters 112.2 → 9.9 mm

(B) False persistence reference CR → model PR (apparent harm)

reference: all targets resolved, 0 mm

model keeps four targets

16.3 + 7.2 + 13.3 + 4.7 mm

model-side false positive

sum of diameters 0 → 41.5 mm:
complete response is lost

(C) Measurement (sizing) error reference PR → model SD (apparent harm)

reference 30.4 mm, model 33.1 mm

Dice 0.95: the right lesion, drawn wider

three matched targets dizer by
−0.3, +2.7 and +1.1mm

sum of diameters 85.5
→ 89.0 mm (+4.1%):

partial response is lost

Fig. 4 Three of the four error states in real data. The fourth state, prompted omission, is
shown in Fig. 9. Each row pairs a follow-up computed tomography (CT) slice with a schematic of
the same case. Green marks the expert reference outline and red or blue the model outline. (A)
Tracking mislocalization: the model produced output for the prompted label 110 mm away from the
reference lesion, with no shared voxels. (B) False persistence: every reference target had resolved,
yet the model still outlined four of them. (C) Measurement (sizing) error: the model found the
right lesion (Dice 0.95) but drew it wider, and the summed diameters crossed a response threshold.
Millimetre values are the analysed diameters for these patients. No patient’s category changed through
mislocalization alone. Images are from autoPET/CT longitudinal dataset version 2 (CC BY 4.0;
DOI: 10.57754/FDAT.75kj1-64747) [15], cropped and annotated by the authors. CR denotes complete
response; PR, partial response; and SD, stable disease.

10



The primary definition of a spatial match was any voxel overlap (Dice > 0); sen-207

sitivity analyses used Dice > 0.05 and > 0.10. This threshold affects only the error208

label. The response category always uses the measurements from the model’s actual209

mask, so the disagreement rate does not change with the matching threshold.210

When a patient had more than one error type, the assigned contribution could211

depend on which error was corrected first. We avoided this ordering problem by apply-212

ing corrections in every possible order and using Shapley attribution8 to average how213

much correcting each error type reduced category disagreement across those orders.214

For each correction order, we scored the patient as 1 while the model and reference215

categories still differed and 0 once they agreed. Correcting omission, mislocalization or216

sizing replaced the affected follow-up measurement with the reference value; correct-217

ing false persistence removed model output for a resolved lesion. Error types absent218

from a patient received zero contribution.219

In one disagreement, the model category was partial response (PR) and the ref-220

erence category was stable disease (SD). Neither correcting omission nor correcting221

mislocalization alone resolved it; correcting both did, so Shapley attribution assigned222

0.5 to each, and the other two error types were null players with zero contribution223

(Table 1).224

Table 1 Worked example of Shapley attribution in one disagreement
(reference stable disease, model partial response). Correcting omission alone or
mislocalization alone left the categories different; correcting both restored
stable disease, so each received a contribution of 0.5.

Target Reference (mm) Model (mm) Dice Error state

Target 1 34.9 3.8 0.00 Tracking mislocalization
Target 2 26.2 0.0 — Prompted omission
Target 3 25.4 0.0 — Prompted omission
Target 4 25.7 6.1 0.00 Tracking mislocalization

8Shapley attribution: a credit-sharing rule from cooperative game theory. Each error type is credited with
its average contribution over every possible correction order, so no error is favoured by being corrected first.
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With four possible error types, we evaluated all 16 correction subsets and all 24225

correction orders. No correction increased disagreement in any of the 43 patients whose226

model and reference categories differed, and correcting all errors reproduced the ref-227

erence category. Contributions were therefore non-negative and summed to one per228

disagreement. We summed these patient-level contributions and divided by 258 to229

obtain cohort percentages. The attribution is the standard Shapley value of this cor-230

rection game [20]. This design follows recommendations for avoiding metric-related231

pitfalls in image-analysis validation [21, 22].232

2.6 Synthetic sizing control and statistics233

We used three follow-up-only simulations to ask whether measurement error alone234

could cause a realistic number of category flips. Baseline measurements remained fixed235

at the expert reference, as in the main analysis, and resolved targets remained absent.236

First, we multiplied each present follow-up diameter by factors from 0.60 to 1.40 in237

steps of 0.05. Second, we moved its boundary uniformly by 0, ±0.15, ±0.30, ±0.60,238

±1.0, or ±1.5 mm; the diameter changes by twice that distance. Third, we sampled239

with replacement from the relative diameter errors in spatially matched held-out-fold240

predictions and applied the sampled error to the reference diameter. As a secondary241

demonstration, we applied the same multiplicative factor at baseline and follow-up to242

show how common error at both timepoints cancels in the ratio.243

We report the overall disagreement proportion with a Wilson score 95% CI.9244

Channel percentages and their differences were computed from unrounded patient-245

level contributions and rounded only for display, so displayed components need not246

sum exactly. Channel proportions use patient-level nonparametric bootstrap 95%247

9Wilson score interval: a confidence interval for a proportion that stays inside 0–100% and remains reliable
for small counts, unlike the textbook normal-approximation interval.
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CIs10 (10 000 resamples, fixed seed). Channel differences use a paired bootstrap. The248

direction analysis uses an exact binomial test.249

The empirical sizing simulation used 2 000 Monte Carlo replicates with random250

seed 20260711. We report the mean flip rate and the 2.5th and 97.5th percentiles as a251

central 95% simulation interval. This is not a confidence interval from an independent252

sample; it describes variation conditional on this cohort and its observed error pool.253

Errors were sampled independently for each follow-up unit, so the simulation does not254

model within-patient correlation and remains model-specific. The multiplicative and255

boundary simulations are model-agnostic.256

Sensitivity analyses varied the RECIST thresholds, the nodal measurement (caliper257

versus a principal component analysis [PCA] minor-axis estimate), the spatial-match258

threshold (Dice > 0, > 0.05, or > 0.10), and the attribution order. On the same259

258 patients, we also allowed one or five targets per lesion type while retaining the260

five-target total cap. A deliberately inclusive skeletal upper bound treated every size-261

eligible bone mask as measurable. Finally, we audited the prompt source for all 683262

selected sources and recalculated the main rate after excluding patients with any263

follow-up-centroid (cog fu) fallback prompt. All analyses were post hoc; none was264

pre-registered.265

Generative AI was used only for light language editing and grammar correction.266

The authors reviewed the final text and take full responsibility for the manuscript.267

3 Results268

3.1 Cohort and headline rate269

The recovery audit restored all seven initially missing downloads, so all 300 devel-270

opment patients were present and had an assigned held-out-fold checkpoint. One271

10Patient-level nonparametric bootstrap: the cohort is resampled with replacement, whole patients at a
time, and the analysis is repeated on each resample. The spread of the results gives the interval, with no
distributional assumption.
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patient remained technically non-evaluable because six registration-propagated follow-272

up clicks fell outside a resampled image volume; 41 others had no measurable baseline273

target. The final analysis therefore included 258 patients (Fig. 5; Table 2).274

Twenty-eight patients had an expert-defined new lesion at follow-up; this was275

reported only as a descriptive stratum. The model and expert-mask reference agreed276

on the target-lesion category in 215/258 patients (83.3%; Cohen κ = 0.757). They dis-277

agreed in 43/258 (16.7%; Wilson 95% CI 12.6–21.7). Almost all disagreements moved278

by one adjacent category (Fig. 6); none moved between CR and PD.279

autoPET-IV Task 2 ·
longitudinal whole-body CT

300 patients

O{cial archive entries
available after recovery audit

300 patients

Complete patient-level out-of-fold prediction
299 patients

Response-evaluable, analysed · LongiSeg
258 patients

7 re-extracted after an incomplete
initial extraction; archive entries
CRC-clean

1 technically non-evaluable · six
prompts outside resampled image

41 excluded · no measurable baseline
target

Reference target-lesion response (n = 258)
CR 31 PR 109 SD 71 PD 47

Fig. 5 Study cohort. Flow from the 300-patient autoPET-IV Task 2 cohort to 258 response-
evaluable patients with held-out-fold predictions and their expert-mask target-lesion response
distribution. CR denotes complete response; PR, partial response; SD, stable disease; and PD, pro-
gressive disease.

3.2 No error channel clearly dominated280

Sizing error among spatially matched units accounted for 8.3% of the cohort (95% CI281

5.0–11.8). Detection/localization accounted for 5.2% (2.7–7.9): 3.9% from prompted282
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Fig. 6 Expert reference versus model target-lesion response. The 43 off-diagonal cases (red)
are category disagreements; almost all moved by one category. CR denotes complete response; PR,
partial response; SD, stable disease; and PD, progressive disease.
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Table 2 Study cohort characteristics.

Characteristic Value

Patients analysed (of 300 in development
cohort)

258

Disease; centre Metastatic melanoma; single centre (Univ.
Tübingen)

Age and sex (258 analysed patients) Not available in the processed analysis files
Sex (300-patient development cohort only,
per descriptor)

181 male, 119 female

Timepoints compared Baseline → first follow-up
Baseline target lesions (total; per patient) 683; median 2 (range 1–5)
Target lesion type (n) lymph node 155, soft tissue/skin 146, liver 118,

lung 116, others 81, adrenals 33, unclear 17, spleen
10, CNS 3, kidney 2, heart 2

Expert-mask target-lesion category (CR /
PR / SD / PD)

31 / 109 / 71 / 47

Model target-lesion category (CR / PR /
SD / PD)

28 / 125 / 65 / 40

Patients with a ground-truth new lesion
(stratum)

28 (10.9%)

Follow-up assessment units (model vs. ref-
erence)

674

Both present 502 (483 spatially matched, 19 mislocalized)
Of the 483 matched units 470 differed in diameter, 13 identical
Omitted by the model 28
Model-only persistence 39
Absent in both 105

Note: The expert category uses expert masks at both timepoints. The model category uses the same
expert baseline mask and the predicted follow-up mask; the expert follow-up mask was not a model
input. The 683 selected baseline sources formed 674 follow-up assessment units. CR denotes complete
response; PR, partial response; SD, stable disease; and PD, progressive disease.

omission (1.7–6.4) and 1.4% from tracking mislocalization (0.2–2.9). False persistence283

accounted for 3.1% (1.2–5.4) (Fig. 7).284

Sizing had the largest estimate. It exceeded persistence by +5.2 percentage points285

(95% CI 1.4–9.3) and omission by +4.5 points (0.4–8.5). However, it was not separated286

from detection/localization combined: +3.1 points (−1.2 to 7.4). Persistence was also287

not separated from detection/localization: −2.1 points (−5.6 to 1.2). These results288

identify sizing as an important contributor, but not as an unequivocally dominant one.289

Thirty disagreements involved one error state, 12 involved two, and one involved290

three, so 13/43 (30%) contained more than one error. Each disagreement contributed291

one unit of attribution, split among the error states it contained, and the channel292
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totals are expressed over all 258 patients. Each percentage is therefore that channel’s293

share of the cohort’s disagreement burden, not the chance that one such error will294

change an individual patient’s category.295

0% 3% 6% 9% 12% 15% 18%

Any ~ip 16.7%
partitioned by error driver (order-robust)

Measurement (sizing) 8.3% [5.0–11.8]

False persistence
(model output after resolution)

3.1% [1.2–5.4]

Detection / localization 5.2% [2.7–7.9]

Sizing − detection/localization: +3.1 pp [−1.2–7.4]; CI crosses zero

Fig. 7 Error-channel contributions to category disagreement. Shapley attribution divides
the 16.7% disagreement rate among detection/localization (omission plus mislocalization), false per-
sistence, and sizing error. False persistence is model output after reference resolution. Points show
cohort rates with 95% patient-bootstrap confidence intervals. Sizing has the largest estimate but is
not statistically separated from detection/localization combined. CI denotes confidence interval; pp,
percentage points.

3.3 Exploratory direction of category disagreements296

In the post-hoc direction analysis, 28 of 43 disagreements moved toward apparent297

benefit (a response that appears more favourable than the true underlying change)298

and 15 toward apparent harm (two-sided exact binomial p = 0.066). Omission tends299

to reduce measured burden, whereas false persistence tends to increase it; sizing errors300

and RECIST thresholds can move the category in either direction.301

The counts changed to 32 versus 12 with one target per type and 26 versus 18 with302

five per type. The apparent imbalance was therefore not stable to target selection.303

This analysis was post hoc, was not adjusted for multiple analyses, and measured304

category movement rather than objective-response rate. It is descriptive and does not305

show that the model inflates objective-response rate [12].306
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3.4 Synthetic sizing plausibility control307

Among 483 spatially matched follow-up units, the median held-out-fold diameter308

error was −1.9% (interquartile range −8.3 to +2.9%; 5th–95th percentiles −29.4 to309

+21.2%). Resampling these errors and applying them to expert follow-up diame-310

ters produced a mean sizing-only flip rate of 9.3% (central 95% simulation interval311

6.2–12.4). This interval encompassed the observed 8.3% sizing contribution (Fig. 8).312

Moving every follow-up boundary by −1.0, −0.3, 0, +0.3, or +1.0 mm gave flip313

rates of 8.5%, 2.3%, 0%, 4.3%, and 14.0%, respectively. These shifts change diameter by314

−2.0, −0.6, 0, +0.6, and +2.0 mm and do not depend on the model’s error distribution.315

Changing follow-up diameters by −10% or +10% gave flip rates of 7.8% and 12.8%.316

Applying the same change at baseline and follow-up gave only 0.8% because the error317

largely cancels in the ratio. These simulations show that errors of the observed size318

can plausibly produce a similar flip burden. They do not independently validate the319

attribution or establish causation.320

3.5 A representative coalesced-conglomerate omission321

Fig. 9 illustrates an omitted follow-up conglomerate that changed the target-lesion322

category from reference PD to model PR. This patient contributes to the reference-323

PD/model-PR cell (n = 3) in Fig. 6.324

3.6 Aggregate sensitivity analyses325

Across nine PR/PD threshold pairs, disagreement ranged from 15.5% to 17.8%; chang-326

ing nodal measurement from the caliper to a PCA minor-axis estimate changed it327

from 16.7% to 15.9% (Fig. 10).328

Changing target selection produced similar cohort rates: one, two (primary), or329

five targets per type gave 17.1%, 16.7%, and 17.1%, respectively. Nevertheless, dis-330

agreement status changed for 27 patients under the one-per-type rule and 15 under331
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Both-timepoint sizing (cancels in ratio)
Observed sizing channel: 8.3%
Empirical control: 9.3% [6.2–12.4]

Fig. 8 Sizing plausibility control. Follow-up-only diameter changes (grey solid) show how sizing
error affects the category. Resampling observed errors from 483 spatially matched units gave a mean
flip rate of 9.3% (central 95% simulation interval 6.2–12.4; shaded band), which encompassed the
observed 8.3% sizing contribution (red line). Applying the same factor at both timepoints (grey
dashed) largely cancels.

Fig. 9 Prompted omission of a coalesced liver target. This is the fourth error state; the
other three are shown in Fig. 4. A 24.5-mm selected target coalesced with a 7.3-mm non-selected
lesion (below the 10-mm measurability threshold) into a 78.4-mm reference conglomerate; only
the selected source contributed to baseline SLD. Despite registration-propagated prompts for both
sources, LongiSeg produced no merge-group voxels, changing reference progressive disease to model
partial response. The white bar in panel A is a 50 mm scale bar. The image comes from autoPET/CT
longitudinal dataset version 2 (CC BY 4.0; DOI: 10.57754/FDAT.75kj1-64747) [15]; official files were
CRC- and geometry-checked, cropped, and annotated by the authors. SLD denotes sum of diameters.
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the five-per-type rule. The deliberately inclusive skeletal upper bound gave 18.6%332

(Table 3). The skeletal row is an upper bound because the dataset does not identify333

which skeletal lesions have a RECIST-measurable soft-tissue component.334

Table 3 Target-selection sensitivity on the fixed 258-patient cohort. Benefit:harm is the
post-hoc count of disagreements moving toward apparent benefit versus apparent harm.

Selection rule Disagreements Rate (%) Sizing (%) Benefit:harm

One per lesion type, five total 44/258 17.1 9.5 32:12
Primary: two per type, five total 43/258 16.7 8.3 28:15
Five per type, five total 44/258 17.1 7.5 26:18
Skeletal upper bound 48/258 18.6 9.7 —

All 43 flips occurred among the 256 patients whose selected sources used only335

propagated prompts, a rate of 43/256 (16.8%); neither of the two fallback-affected336

patients flipped. Tightening the spatial-match rule preserved the 16.7% disagreement337

rate but shifted 0.4 percentage points from sizing to detection/localization (Fig. 10).338

Fold-specific rates ranged from 9.8% to 23.5%, whereas leave-one-fold-out rates ranged339

from 15.0% to 18.4%; no single fold drove the result.340

4 Discussion341

We evaluated a narrow assisted task. LongiSeg was given the expert baseline lesion and342

a follow-up location prompt, then asked to draw the follow-up lesion. Even with this343

support, its target-lesion category disagreed with the expert-mask reference in 16.7%344

of patients, about one in six. Because the baseline measurement was always expert-345

derived, these disagreements isolate follow-up tracking and measurement errors. They346

describe one prompt-assisted model, not longitudinal segmentation models as a class.347

Previous automated-RECIST studies have reported overall agreement and reliabil-348

ity [6]. Our study asks a different question: which segmentation errors produce those349

disagreements?350
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A RECIST PR/PD cutozs
Tested range: 15.5%–17.8%.

Primary cutozs
PR −30%; PD +20%

16.7%

All 9 tested cutoz pairs
15.5% 17.8%

B Lymph-node measurement
PCA was only 0.8 pp lower.

Caliper (primary) 16.7%

PCA minor-axis estimate 15.9%

C De}nition of a spatial match
Separate Dice > 0.05 and > 0.10 analyses agreed; disagreement stayed 16.7%.

Attribution (% of patients) Primary rule
Dice > 0

Sensitivity 1
Dice > 0.05

Sensitivity 2
Dice > 0.10

Each change
vs primary

Measurement (sizing) 8.3% 7.9% 7.9% −0.4 pp

Detection / localization 5.2% 5.6% 5.6% +0.4 pp

False persistence 3.1% 3.1% 3.1% No change

Why: low-overlap predictions shifted from “sizing” to “localization”; the stricter runs agreed.
Components: omission 3.9% → 3.9%; tracking mislocalization 1.4% → 1.7%.

Fig. 10 Sensitivity analyses. Each panel compares the primary analysis with reasonable alterna-
tives. (A) Across nine RECIST threshold pairs, category disagreement ranged from 15.5% to 17.8%;
the primary thresholds gave 16.7%. (B) Changing nodal measurement from the caliper to the PCA
estimate changed disagreement from 16.7% to 15.9%. (C) Tightening the spatial-match rule did not
change which patients disagreed or the 16.7% disagreement rate; it only reassigned a small contri-
bution from sizing to detection/localization. Dice > 0.05 and > 0.10 produced identical attribution
estimates. Values are percentages of the 258-patient cohort; pp denotes percentage points.

4.1 Measurement precision matters alongside localization351

Missed disease is the usual safety concern in automated response assessment. Here,352

however, sizing error in lesions that the model located had the largest estimate. It353

exceeded persistence and omission separately but was not statistically separated from354

detection/localization combined (+3.1 percentage points, 95% CI −1.2 to 7.4). Siz-355

ing was therefore important, but not unequivocally dominant. The data also do not356

support treating detection as the only relevant failure.357

The sizing simulations produced a compatible number of flips when diameter358

errors matched those observed in the model. This agrees with the literature on human359

measurement variability, which shows that RECIST depends on how lesions are mea-360

sured [3, 8, 10, 23]. Our results extend that concern to automated segmentation:361
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measurement error can change the category even when the correct lesion is found.362

Moving every follow-up boundary inward by 1 mm or outward by 1 mm, equivalent363

to diameter changes of −2 and +2 mm, produced flip rates of 8.5% and 14.0%. Auto-364

mated response systems should therefore audit boundary accuracy as well as lesion365

coverage. Volumetric measures, which do not depend on one diameter, are one possible366

alternative [24–26].367

4.2 The direction finding is exploratory368

More disagreements moved toward apparent benefit than apparent harm (28 versus369

15), but this post-hoc pattern changed with the target-selection rule. It is descriptive,370

not a confirmatory test of bias. We did not evaluate objective-response rate, and371

movement between target-lesion categories cannot establish objective-response-rate372

inflation. The model also changed individual categories in both directions.373

4.3 Limitations374

The endpoint covers only target lesions; it is not overall RECIST response. We did375

not assess non-target disease or autonomous new-lesion detection. New lesions alone376

can define progression [27], but we used expert new-lesion status only as a descriptive377

subgroup. The comparator was an expert mask, not an independent radiologist read.378

The model received favourable prompt support: an expert baseline mask and379

a challenge-supplied follow-up location. Of 683 selected sources, 678 locations were380

registration-propagated and five were follow-up-centroid fallbacks. Propagated loca-381

tions can miss lesions that move or change size [19]. The findings therefore concern382

prompted tracking and measurement, not autonomous detection; the fallback compar-383

ison was descriptive and unpowered.384

The cohort came from one centre and one disease, metastatic melanoma, so external385

replication is needed. Each patient’s checkpoint excluded that patient during weight386

fitting, but the LongiSeg configuration had already been selected by cross-validation387
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on the same development cohort [16]. This remains an internal evaluation and may388

retain configuration-selection optimism. Our decomposition also reflects a single seg-389

mentation architecture. Segmentation accuracy in CT depends on the network that is390

chosen; comparisons of 2D and 3D U-Net configurations for abdominal CT report Dice391

differences of several percentage points [28, 29]. The relative contribution of sizing,392

detection, and persistence errors may therefore differ for other backbones.393

Targets were selected by an algorithm rather than expert target flags, and lesion394

type only approximated organ. Although the overall disagreement rate changed little,395

individual status changed in 27 patients with one target per type and 15 with five.396

The nodal short axis was also a mask-based caliper approximation of a reader’s mea-397

surement; the PCA alternative changed the flip rate from 16.7% to 15.9%. For bone398

lesions, the dataset could not identify the lytic or mixed lesions with a measurable399

soft-tissue component that RECIST permits. We excluded all bone-typed lesions in400

the main analysis. The deliberately over-inclusive skeletal upper bound gave 18.6%,401

but it cannot replace proper bone-lesion phenotyping.402

The analysis required recovery of initially missed volumes and downloads. One403

patient remained technically non-evaluable because six propagated prompts fell out-404

side a resampled image volume. Counting this patient as concordant or discordant405

would give 43/259 (16.6%) or 44/259 (17.0%), respectively; neither bound changes the406

interpretation.407

Finally, all analyses were post hoc. Category disagreements in this target-lesion408

measure do not prove changes in clinical decisions or patient outcomes.409

4.4 Implications and future work410

Evaluations of automated response assessment should report why categories disagree,411

not only how often. They should audit measurement precision as well as lesion cover-412

age. Future work should use a powered, multi-interval design to test whether tracking413
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worsens as the interval between scans grows. It should also compare with an inde-414

pendent radiologist read and assess overall response, including non-target disease and415

new lesions.416

5 Conclusions417

Longitudinal segmentation errors changed the mask-derived RECIST 1.1 target-lesion418

category in 16.7% of patients (Wilson 95% CI 12.6–21.7). Sizing had the largest esti-419

mate and exceeded persistence and omission separately, but it was not statistically420

separated from detection/localization combined. No channel clearly dominated. The421

post-hoc excess of changes toward apparent benefit depended on target selection,422

requires confirmation, and does not show objective-response-rate inflation.423

These results show that measurement error in correctly located lesions matters424

alongside missed or mislocalized lesions. The sizing simulations supported the plausi-425

bility of a contribution at this scale but did not independently validate it. The findings426

are conditional on a correct expert baseline and describe one prompt-assisted model.427

They do not cover overall RECIST response, autonomous detection, or clinical impact.428
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Appendix A Analysis specification468

This appendix specifies, in pseudocode, every algorithm behind the reported numbers,469

so that the article is reproducible without a supplementary file. It is a specification, not470

an executable release: no runnable source code, dependency manifest or verification471

program is distributed. Reference measurements always come from the expert masks at472

both timepoints; model measurements use the expert baseline mask and the predicted473

follow-up mask. Nothing below uses the expert follow-up mask as a model input, which474

is only the evaluation reference.475

A.1 Notation476

For one patient: T is the set of selected baseline target lesions; L indexes a lesion label;477

node(L) is true for a pathological lymph node; bL and gL are the reference baseline478

and reference follow-up diameters of L in mm; mL is the model follow-up diameter;479

dL is the Dice overlap between the model and reference voxels carrying label L; and480

τ is the spatial-match gate (τ = 0 in the primary analysis, so any shared voxel counts481

as a match). Thresholds are the RECIST 1.1 values: PR = −30%, PD = +20% with482

a +5 mm absolute floor, and a 10 mm nodal ceiling for complete response.483

A.2 Target selection484

Algorithm A1 Select target lesions from the expert baseline mask

Input: expert baseline mask, dataset lesion type per label, caps ktype = 2 and ktotal =
5

Output: ordered target set T
1: measure every baseline label: short axis if nodal, else longest axial diameter
2: discard labels below the measurability floor (nodal < 15 mm, non-nodal < 10 mm)
3: discard every bone-typed label ▷ the release does not identify which bone lesions

carry a RECIST-measurable soft-tissue component
4: sort the survivors by descending diameter
5: T ← ∅; c[·]← 0
6: for each label L in sorted order do
7: if |T | < ktotal and c[type(L)] < ktype then
8: T ← T ∪ {L}; c[type(L)]← c[type(L)] + 1
9: end if

10: end for

All labels carrying the dataset’s unclear type share one bucket for the per-type cap.485

A patient with T = ∅ is not response-evaluable.486
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A.3 Assessment units and coalescence487

Algorithm A2 Build follow-up assessment units

Input: T , per-lesion metadata, follow-up volumes
Output: assessment units U , each with a baseline sum and one reference measurement
1: group labels that share a follow-up image and centre of gravity ▷ version 1

encoding
2: cross-check every group against topology class = MERGING and merged into ▷

version 2
3: for each merge group G with at least one selected source do
4: create one unit u with sources G ∩ T
5: baseline sum of u ←

∑

L∈G∩T
bL

6: reference measurement of u ← measurement of the surviving reference label
7: model measurement of u← measurement of the union of predicted labels over

all of G
8: end for
9: for each selected label not in any merge group do

10: create one unit with that label alone
11: end for

Taking the union over the full merge group, rather than the single surviving label,488

prevents a label renaming from being scored as a disappearance. Where an examination489

contains overlapping body-region volumes, each unit is measured in every volume and490

its largest measurement is retained, so a lesion appearing only in a later volume is not491

treated as absent.492

A.4 Measurement and response category493

Algorithm A3 Measure one mask component

Input: component voxels, voxel spacing, node(L)
1: if node(L) then
2: take the largest-area axial slice; compute its convex hull
3: find the longest in-slice caliper; return the greatest width perpendicular to it

▷ short axis
4: else
5: return the longest in-slice diameter over all axial slices ▷ longest diameter
6: end if
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Algorithm A4 Target-lesion response category

Input: T , node, baseline diameters b, follow-up diameters f
Output: CR, PR, SD or PD
1: if T = ∅ then
2: return not evaluable
3: end if
4: Sb ←

∑

L∈T
bL; Sf ←

∑

L∈T
fL ▷ a target absent from f counts as 0; nodes

contribute short axis even below 10 mm
5: if fL ≤ 0 for every non-nodal L and fL < 10 mm for every nodal L then
6: return CR
7: end if
8: if Sb ≤ 0 then
9: return SD

10: end if
11: ∆← (Sf − Sb)/Sb

12: if ∆ ≤ −0.30 then
13: return PR
14: end if
15: if ∆ ≥ +0.20 and Sf − Sb ≥ 5 mm then
16: return PD
17: end if
18: return SD

Because the study compares baseline with the first follow-up only, the nadir coincides494

with baseline. The reference category uses fL = gL; the model category uses fL = mL.495

A disagreement is any patient whose two categories differ.496
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A.5 Error-state labelling497

Algorithm A5 Overlap-gated error state per assessment unit

Input: gL, mL, dL, gate τ
Output: one state per unit
1: matched← (dL > τ)
2: if gL > 0 and mL ≤ 0 then
3: return prompted omission
4: else if gL > 0 and mL > 0 and not matched then
5: return tracking mislocalization
6: else if gL > 0 and mL > 0 and matched and |mL − gL| > 0 then
7: return measurement (sizing) error
8: else if gL ≤ 0 and mL > 0 then
9: return false persistence

10: else
11: return agreement
12: end if

Sizing is therefore defined only where the model and reference share voxels: a non-498

overlapping prediction is a localization failure, never a measurement failure. The gate499

changes only this label. The response category always uses the measurements from the500

model’s actual mask, so the disagreement rate cannot move with τ by construction.501
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A.6 Order-robust attribution502

Algorithm A6 Shapley attribution of a category disagreement

Input: unit states, reference category cref, channel set C of size 4
Output: contribution ϕc ≥ 0 for each channel, with

∑

c ϕc = 1
1: function Correct(S)
2: f ← m
3: for each unit whose state c lies in S do
4: if c is false persistence then
5: remove the unit from f ▷ drop the false positive
6: else
7: fL ← gL ▷ omission, mislocalization and sizing all restore the reference

diameter
8: end if
9: end for

10: return ⊮[Category(f) ̸= cref]
11: end function
12: for each of the 24 = 16 subsets S ⊆ C do
13: v(S)← Correct(S)
14: end for
15: ϕc ← 0 for all c
16: for each of the 4! = 24 orderings π of C do
17: S ← ∅
18: for each channel c in π do
19: ϕc ← ϕc +

(

v(S)− v(S ∪ {c})
)

; S ← S ∪ {c}
20: end for
21: end for
22: ϕc ← ϕc/24 for all c

Channels absent from a patient are null players and receive zero. For all 43 dis-503

agreements v was monotone non-increasing and v(C) = 0, so contributions were504

non-negative and summed to one per patient. Cohort percentages are the summed505

patient contributions divided by 258. Omission and mislocalization are additionally506

reported together as detection/localization. Table 1 works one disagreement through507

by hand.508

30



A.7 Sizing plausibility simulations509

Algorithm A7 Follow-up-only sizing simulations

Input: reference baseline and follow-up diameters; observed relative errors from
matched units

1: multiplicative: for α ∈ {0.60, 0.65, . . . , 1.40}, set fL ← αgL for present units and
recompute the category

2: boundary: for δ ∈ {0,±0.15,±0.30,±0.60,±1.0,±1.5} mm, set fL ← gL + 2δ ▷
a boundary shift moves the diameter twice

3: empirical: repeat 2 000 times with seed 20260711
4: for each present unit, draw a relative error with replacement from the matched-

unit pool and apply it to gL
5: recompute every category and record the flip rate
6: report the mean and the 2.5th and 97.5th percentiles of the 2 000 rates
7: common mode: apply the same α at baseline and follow-up to show cancellation

in the ratio

Baseline diameters stay at the expert reference and resolved targets stay absent,510

matching the main analysis. Errors are drawn independently per unit, so the empir-511

ical simulation does not model within-patient correlation and is model-specific; the512

multiplicative and boundary simulations are model-agnostic.513

A.8 Sensitivity sweeps514

Algorithm A8 Sensitivity sweeps on the fixed 258-patient cohort

1: extract every measurement once per patient, with both nodal estimators
2: thresholds: recompute over nine PR/PD threshold pairs
3: nodal estimator: caliper short axis versus a principal-component minor-axis

estimate
4: spatial gate: τ ∈ {0, 0.05, 0.10} ▷ affects attribution only
5: target selection: ktype ∈ {1, 2, 5} with ktotal = 5 held fixed
6: skeletal upper bound: treat every size-eligible bone mask as measurable
7: prompt provenance: recompute after excluding patients with any follow-up-

centroid fallback prompt
8: folds: report per-fold and leave-one-fold-out rates

The prompt-provenance audit compared every challenge click against both candidate515

coordinates: of 4 298 follow-up clicks across the cohort, 3 986 matched the propa-516

gated coordinate and 312 matched the follow-up-annotated coordinate. Among the517

683 selected sources, 678 were propagated and five used the fallback.518
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A.9 Locked results519

Table A1 is the locked set of reported quantities, so that every percentage, interval520

and count in the article can be checked in one place.521

Table A1 Locked primary result and channel contributions (n = 258).

Quantity Value 95% interval

Category disagreement 43/258 (16.7%) 12.6–21.7 (Wilson)
Agreement; Cohen κ 215/258 (83.3%); 0.757 —
Measurement (sizing) 8.3% 5.0–11.8
Detection/localization 5.2% 2.7–7.9

prompted omission 3.9% 1.7–6.4
tracking mislocalization 1.4% 0.2–2.9

False persistence 3.1% 1.2–5.4
Sizing − detection/localization +3.1 pp −1.2 to 7.4
Sizing − false persistence +5.2 pp 1.4–9.3
Sizing − prompted omission +4.5 pp 0.4–8.5
False persistence − detection/localization −2.1 pp −5.6 to 1.2
Direction (benefit : harm) 28 : 15 exact binomial p = 0.066
Empirical sizing simulation 9.3% mean 6.2–12.4 (simulation)
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