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Abstract
Deep learning enables automated tumour segmentation in whole-body positron emission tomography
and computed tomography, but robustness remains limited by heterogeneous tracer uptake, anatomical
variability, and inter-center differences. We report the fourth autoPET challenge, which evaluated
interactive lesion segmentation using incremental simulated user prompts and longitudinal lesion
segmentation from paired baseline and follow-up scans. In the interactive task (Task 1, ~ 30,000 training
and ~ 3,000 test lesions), submitted methods improved with additional user input and achieved a mean
Dice similarity coefficient of 0.74 at the final interaction step, with performance remaining robust across
tracers and centers. Longitudinal segmentation (Task 2, ~ 7,500 training and ~ 4,500 test lesions) was
substantially more challenging, with a best mean Dice similarity coefficient of 0.38. Here, we show that
interactive segmentation can combine automated inference with iterative expert input while maintaining
performance across heterogeneous imaging domains, whereas longitudinal lesion prediction remains
limited by temporal and anatomical variability.

Introduction
Cancer imaging frequently presents clinicians with two fundamentally different questions: what is the
current disease burden, and how is it changing over time?. While these questions are central to clinical
decision-making, answering them efficiently requires both accurate segmentation of existing lesions and
careful tracking of their evolution. In clinical practice, radiologists and nuclear medicine physicians rarely
work in isolation: initial lesion outlines are often generated using semi-automatic intensity-based
methods, such as thresholds based on standardized uptake values (SUV1) or Hounsfield Units (HU), and

then refined through expert review2,3, while follow-up scans are compared against baseline images to
assess progression or response to therapy.

Despite these thresholding-based starting points, manual lesion segmentation remains labor-intensive
and subject to inter-reader variability, with increasing imaging volumes and case complexity further
compounding the burden4–7. These constraints motivated the launch of the autoPET challenge, initiated
to stimulate the development of automated, Deep Learning (DL)-based approaches for tumor lesion
segmentation. Across its first three editions, the autoPET challenge progressively expanded the scope
and difficulty of the task. The first edition8 established the feasibility of large-scale, fully automated
whole-body PET/CT lesion segmentation, providing a common benchmark and demonstrating the
promise of DL-based solutions. The second9 and third10 editions extended this foundation by probing
generalization across institutions, scanners, and tracers, exposing the sensitivity of models to domain
shift and heterogeneous imaging conditions. Together, these editions created a robust methodological
and data-driven framework for automated lesion segmentation, while also revealing persistent
bottlenecks. Even the best-performing models continued to struggle with small lesions and remained
domain dependent. More importantly, purely automated pipelines did not fully reflect clinical reality,
where expert oversight, iterative correction, and longitudinal comparison are integral to decision-making.
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These observations indicated that achieving reliable and clinically meaningful lesion segmentation may
require moving beyond better automation toward workflows that explicitly integrate human expertise and
temporal reasoning.

In response to these limitations, the fourth edition of the autoPET/CT challenge shifts the focus from
fully automated segmentation towards interactive and hybrid human-AI workflows through two
complementary tasks. Task 1 focuses on human-in-the-loop segmentation of baseline scans, where
models provide initial lesion masks that can be interactively reviewed and corrected by an expert. By
integrating algorithmic proposals with simulated human refinement, Task 1 mirrors real-world workflows
in which automated tools augment expert assessment. Task 2 addresses the temporal dimension of
oncological imaging by requiring models to predict lesions in follow-up scans based on baseline data.
This transforms segmentation into a longitudinal prediction task: algorithms must anticipate lesion
emergence, regression, and spatial redistribution. Accurately forecasting these changes demands
models to capture disease dynamics and to maintain lesion-level consistency across timepoints,
providing insights into tumor progression that go beyond static delineation. Task 1 used the established
autoPET training data11,12, whereas Task 2 introduced a newly released longitudinal CT dataset13.

Here, we present the results of the autoPET/CT-IV challenge: Automated Lesion Segmentation in Whole-
Body PET/CT and Longitudinal CT - The human frontier, hosted at the Medical Imaging Computing and
Computed Assisted Intervention Society (MICCAI) 2025. We describe the challenge structure, dataset
composition, evaluation metrics, and participating methods, and analyze the resulting performance. In
particular, we examine the effect of user-provided clicks on segmentation accuracy and efficiency,
assess ranking stability, and investigate the impact of test-data variability on model performance. We
characterize the capabilities and limitations of interactive approaches for lesion segmentation in PET/CT
and longitudinal CT imaging, and provide insight into how human-AI collaboration can be designed to
support robust, clinically deployable segmentation tools.

Results

Challenge submission and selected participating teams
A total of 191 participants from Asia, Europe, the Americas, and Africa registered for the challenge,
forming 14 teams across both tasks. In the preliminary phase, five teams submitted algorithms for Task
1, and three for Task 2. In the final phase, seven teams submitted algorithms (five for Task 1 and two for
Task 2), and the three best-performing teams, in accordance with the criteria, were designated as
challenge winners.

Six of the seven submitted algorithms used a 3D U-Net14 architecture, implemented within the nnU-Net
framework15, whereas one team applied a multistage strategy combining a masked autoencoder16 with
a BiXLSTM17-ResNet encoder. Additional algorithm details, including baselines, are provided in the
appendix (pp 22–24).
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Task 1: Single-staging whole-body PET/CT
Performance metrics for the five submitted algorithms, alongside the two baseline models and the
ensemble model, ranked according to the challenge scoring scheme, are presented in Fig. 1. The best-
performing team (BIRTH) achieved a mean DSC@last of 0.74, with FNV@last of 2.17 ml, and FPV@last
of 1.30 ml. Across the top four ranked submissions, DSC@last ranged from 0.71 to 0.74, FNV@last from
1.75 to 4.22 ml, and FPV@last from 1.29 to 2.66 ml. AUC-based measures reflected progressive
accuracy gains with incremental user interaction: AUC-DSC ranged from 6.73 to 7.24, AUC-FNV from
25.66 to 64.05 ml, and AUC-FPV from 13.74 to 26.74 ml.

Stratified analysis by tracers and acquisition centers (appendix p 2) showed robust performance of the
two top-ranked models across domains. Higher mean DSC@last was observed for UKT cohort (FDG-
UKT: 0.80–0.82; PSMA-UKT: 0.67–0.70) compared with LMU cohort (FDG-LMU: 0.70, PSMA-LMU: 0.72–
0.74). Mean FNV@last was lower for UKT (0.37–0.47 ml) than for LMU (0.84–6.65 ml), whereas
FPV@last was reduced in LMU (0.39–1.44 ml) compared to UKT (0.99–3.96 ml). These patterns were
consistent across AUC-derived metrics. Notably, the submitted methods outperformed, on average,
those reported in autoPET III results10 (Fig. 2). In particular, the best-performing autoPET/CT IV
submission surpassed the top algorithm reported in autoPET III, with consistent improvements in DSC
ranging from 5.9% (FDG-LMU) to 21.9% (PSMA-UKT) and substantially reduced FPV (up to -77.1% in FDG-
LMU), suggesting a meaningful gain in generalizability.

Among the two provided baselines, nnU-Net model ranked fifth with a competitive mean DSC@last of
0.63 and FNV@last of 3.00 ml, but limited by a substantially high FPV@last (10.0 ml). The Sliding-
Window FASTEDIT (SW-FASTEDIT) baseline was outperformed by all submitted models. A
comprehensive overview of all computed metrics across centers and tracers for each submitted
algorithm is provided in appendix (pp 3–4).

Figure 1: Task 1. Performance distribution of all ranked algorithms across the six evaluation metrics: (A)
Dice Similarity Coefficient (DSC), (B) False Positive Volume (FPV), and (C) False Negative Volume (FNV)
at the last interactive step (i.e. 10 foreground and 10 background clicks), and (D-F) the respective area-
under-the-curve (AUC). Bars are ordered from left to right according to the official challenge ranking. The
ensemble, nnU-Net, and SW-FASTEDIT baselines are out of competition (†). The star symbolizes the
average performance.

The out-of-competition ensemble integrated predictions from all submitted algorithms and both
baselines. It achieved the strongest overall performance with mean DSC@last 0.75, FNV@last 1.18 ml,
and FPV@last 1.54 ml. Bootstrap analysis with 1000 resamples confirmed ranking robustness (appendix
p 5), indicating that some methods consistently outperformed others across varied data subsets.

Segmentation quality as a function of the number of clicks (NoC) across tracers and centers for both the
baseline and ensemble models is shown in appendix p 6, providing a comparison between the initial
state at challenge start and the best achievable performance at challenge completion, respectively.
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Progressive improvements with increased user interaction were observed across models: DSC@last and
AUC-DSC increased with additional clicks, while FNV@last and AUC-FNV decreased, indicating
refinement and reduction of missed lesions. By contrast, FPV@last and AUC-FPV showed an increase
with more clicks, suggesting some degree of FP propagation during refinement, especially for the PSMA-
UKT subgroup. Analysis of these FPV patterns (appendix p 7) showed that, across datasets, increasing
FPV categories were generally associated with higher lesion burden, reflected by both an increased
number of lesions and larger lesion volumes, consistent with Spearman correlation (appendix p 8).
However, looking into each subgroup revealed that the PSMA-UKT subgroup, despite exhibiting the
highest FPV values, was associated with comparatively smaller lesion burden than the other subgroups.
In addition, cases with non-zero FPV tended to include lesions with more heterogeneous uptake values
(SUV max or SUV mean). By contrast, smaller lesions and lesions with very low tracer uptake were less
frequently detected than larger lesions and lesions with higher uptake (appendix p 9). Detection
performance was generally consistent across subgroups, with a mean sensitivity exceeding 0.6,
including in the low-uptake setting, with the exception of PSMA-UKT.

Figure 2: Task 1. Comparison of all submissions from autoPET/CT-IV (IV) to the models from autoPET III
(III). Percentage improvement (from III to IV) is displayed between paired bars. Overall, autoPET IV
algorithms demonstrate superior segmentation quality with reduced FPV (except in PSMA-UKT) and FNV
across all cohorts, indicating enhanced generalizability. Error bars represent the 95% confidence interval
(CI).

Performance summaries at 1, 5, and 10 clicks (DSC@1/5/10; FNV@1/5/10; FPV@1/5/10) with the
number of clicks required to achieve DSC thresholds of 0.85 and 0.90 (denoted as NoC@85 and
NoC@90) are provided in appendix p 10. Overall, highest DSC and lowest FNV were typically achieved at
10 clicks, whereas FPV was lowest at 5 clicks. Across methods, ∼ 9 clicks were required on average to
reach DSC ≥ 0.85.

Visual inspection of common error maps revealed spatial patterns of disagreement across algorithms
(Fig. 3). Persistent errors occurred in areas of low contrast (Fig. 3a), and in clusters of small metastatic
lesions, particularly in the spine (Fig. 3b, c). Some errors remained despite increasing user interaction,
whereas others were reduced (appendix p 11), indicating heterogeneous sensitivity of error regions to
interactive refinement.

Figure 3: Task 1. Qualitative analysis of common segmentation error maps at different levels of user
interaction. Segmentation errors from each algorithm are overlaid on PET images for increasing
numbers of foreground and background clicks (0, 1, 5, and 10). False positive errors (FP) are shown in
red and false negative (FN) errors in blue. Colour intensity reflects the number of individual algorithms
(excluding the Ensemble model) that misclassify a given voxel, ranging from 0 (all algorithms correct at
that voxel) to 7 (seven algorithms incorrect).

Task 2: Longitudinal whole-body CT
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Performance of the two submitted algorithms and the baseline is shown in Fig. 4. Metrics are depicted
for a lesion click in FU timepoint to infer longitudinal segmentation performance. The best-performing
team (LesionLocator) achieved a mean DSC@last = 0.38, with FNV@last = 1.09 ml, and FPV@last = 0.63
ml. Team nRocholl ranked second with a mean DSC@last = 0.30, FNV@last = 2.55 ml, FPV@last = 1.48
ml, while the baseline achieved a mean DSC@last = 0.25, FNV@last = 1.60 ml, and FPV@last = 0.97 ml.
The submission from team nRocholl was considered out of competition due to institutional involvement
as co-organizers.

Figure 4: Task 2. Lesion-level segmentation performance at the follow-up (FU) time point for all ranked
algorithms across the three evaluation metrics (A, B, C). Bars are ordered from left to right according to
the official challenge ranking. The nRocholl team model and LongiSeg baseline are out of competition
(†). The star symbolizes the average performance.

Center-level analysis (appendix p 12) showed stable performance of the winning method across both
centers. In contrast, the other two algorithms performed better on the out-of-domain UM cohort, which
contains more cases (n = 195) and lower overall lesion burden (total volume ≈ 6.15 × 106 ml) compared
to the in-domain UKT cohort (n = 62, total volume ≈ 8.93 × 106 ml). Across methods, DSC values
frequently clustered around 0, with higher mean FPV@last and mean FNV@last observed at UKT relative
to UM. Analysis of lesion topology revealed that 51.6% of lesions at UKT were disappearing, compared
with 18.5% at UM, and UKT included merging cases (1.4%) absent at UM (appendix p 13). Additional
center-stratified and patient-level analyses are provided in the appendix (pp 14–17).

Figure 5 illustrates representative qualitative results comparing baseline, follow-up, and prediction
masks produced by the baseline model. In the exemplary case (top row), the model correctly identifies
interval changes in the lung that are visible on the follow-up scan, demonstrating sensitivity to subtle
temporal differences. In contrast, the second case shows that the model fails to capture lesion extent
present in the mediastinum while simultaneously producing spurious detections in anatomically
incorrect regions (red arrows).

Figure 5: Task 2. Qualitative examples compare baseline and follow-up images with their corresponding
ground-truth masks (green dots) and the masks predicted by the baseline model (red dots). The top row
(A) presents an exemplary case in which the model correctly localizes interval changes in the lung at
follow-up. The bottom row (B) illustrates a challenging case of false positive (FP) and false negative (FN)
where lesions resolve from baseline to follow-up, highlighting typical failure modes of the model in the
mediastinum.

Discussion
We present the results of the autoPET/CT IV challenge: Automated Lesion Segmentation in Whole-Body
PET/CT and Longitudinal CT - The human frontier. The challenge focused on two clinically relevant tasks:
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(1) interactive lesion segmentation with incremental human guidance, and (2) longitudinal lesion
tracking across follow-up scans.

Task 1 results highlight the effectiveness of human-in-the-loop strategies in improving segmentation
quality. The top-performing model achieved a mean DSC@last of 0.74, with progressive improvements
observed as the number of simulated clicks increased, reflecting reduced FNV. However, FPV increased
slightly with more clicks, particularly for the PSMA-UKT subgroup, indicating a sensitivity-specificity
trade-off. This may be related to reduced detectability of small or low-contrast lesions, where missing
true small lesions during interaction can increase the likelihood of nonspecific or spurious detections,
inflating FPV. Although sensitivity for small and low-contrast lesions was generally lower across all
algorithms, uptake-based sensitivity remained consistently high (> 0.6) for all subgroups except PSMA-
UKT, indicating robust detection in these cases. Nevertheless, mis-segmentation of small or low-uptake
lesions highlights the continuing difficulty of distinguishing pathological uptake from physiological
background. Performance varied across tracers and centers, consistent with previous challenge
editions8,9. UKT data showed higher DSC and lower FNV compared with LMU, whereas LMU scans
demonstrated lower FPV, suggesting that domain-specific differences such as scanner protocols and
tracer distribution continue to influence algorithm generalizability.

Qualitative analysis revealed systematic error patterns in regions with low contrast, high physiological
uptake (abdominal organs), and clusters of small or ambiguous lesions. Interactive clicks reduced some
FN errors, but others persisted across interaction levels, suggesting intrinsic limitations of current
architectures in handling subtle lesion presentation.

Methodologically, the ensemble model combining all submissions and baselines achieved higher
robustness than individual methods, indicating complementary algorithmic strengths. The nnU-Net
baseline remained competitive,

highlighting the strong performance of established frameworks. Compared with the top-performing fully
automated method from autoPET III, interactive approaches consistently achieved higher performance,
suggesting that human-in-the-loop refinement can mitigate key failure modes in challenging PET imaging
scenarios. In terms of DSC, gains were larger for PSMA tracers (+ 18.8%) than FDG (+ 6.5%), likely
reflecting improved correction in higher-contrast lesions. Despite incremental improvements with human
interaction and ensemble integration, no single approach fully resolved challenges related to small lesion
detection, high physiological uptake, or domain variability.

From a clinical perspective, results suggest that interactive segmentation can enhance the accuracy and
efficiency of lesion delineation in PET/CT imaging. Across tracers and subgroups, interactive methods
consistently outperformed fully automated solutions, particularly in challenging cases such as PSMA-
UKT with small lesion burden. Interactive refinement could also accelerate dataset annotation by
allowing experts to focus on verifying complex cases. Ultimately, these findings highlight the potential of
interactive segmentation to support clinical workflows by reducing expert workload while maintaining
high lesion detection sensitivity.
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Several limitations should be considered. First, simulated clicks represent a simplified interaction
paradigm and do not capture the richness of expert input, which may involve scribbles, coarse markings,
or context-dependent strategies. Prospective evaluation with clinician-provided interactions is therefore
needed to assess effects on diagnostic confidence, annotation efficiency, and inter-observer variability.
Second, the static interaction model does not capture dynamic human-algorithm co-adaptation, where
sequential feedback could guide model uncertainty and reduce false positives. Third, persistent errors in
small or low-uptake lesions suggest limitations of imaging-only approaches; future work could explore
multimodal frameworks integrating clinical context or structured reports. Finally, standardizing
interaction protocols (e.g., predefined SUV thresholds) across centers may improve generalizability in
heterogeneous clinical environments.

Task 2 emphasized the difficulty of segmenting lesion evolution over time. The best-performing
algorithm achieved a mean DSC@last of 0.38 at the lesion level, substantially lower than Task 1,
reflecting the complexity of accurately segmenting evolving lesions (i.e. changing size, appearance, and
location). Patient-level evaluation improved absolute DSC values, suggesting that aggregating
performance mitigates individual lesion errors. Temporal priors, including baseline lesion locations (pre-
simulated clicks), were beneficial but insufficient to fully capture morphological changes, lesion
regression, or the emergence of new lesions. Cross-center analysis showed higher performance on the
out-of-domain UM cohort than the in-domain UKT cohort, likely reflecting differences in lesion burden
and the higher frequency of disappearing lesions in UKT, which contributed to increased false positives.
Especially, the best-performing solution demonstrated stable performance across centers. This
approach explicitly modeled temporal context and leveraged longitudinal pretraining, which may
facilitate more robust lesion tracking across heterogeneous settings. Overall, results indicate that lesion
complexity, beyond dataset imbalance, strongly influences longitudinal segmentation performance.

Qualitative analysis supported these findings: the model reliably captured stable lesions across
timepoints but generated spurious detections when lesions resolved or disappeared, highlighting
limitations in modeling temporal lesion dynamics.

Clinically, results demonstrate that longitudinal lesion tracking is feasible and may enable more objective
assessment of tumor burden during treatment monitoring and response evaluation, where consistent
lesion identification across timepoints is essential.

Several limitations should be noted. Evaluation relied on lesion-level multi-class masks, implicitly framing
the problem as lesion-level correspondence across timepoints. While this enables fine-grained tracking,
it may overemphasize exact lesion continuity and penalize clinically plausible scenarios such as lesion
resolution, fragmentation, or merging, which are common in treatment response. The discrepancy
between lesion-level and patient-level performance further suggests that strict lesion-wise metrics can
obscure meaningful global trends in tumor burden. Additionally, tumor burden is more appropriately
represented by cumulative volumetric measures rather than mean-based summaries (FPV, FNV), which
may not reflect clinical workload. Architecturally, current longitudinal designs remain limited in their
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ability to explicitly reason about lesion appearance, disappearance, and transformation. Reliance on
baseline-driven temporal priors may bias models toward persistence assumptions, leading to spurious
detections when lesions regress or vanish. Future work could explore architectures that disentangle
lesion correspondence from segmentation, incorporate uncertainty in lesion identity over time, or
explicitly model longitudinal events such as emergence and resolution.

Methods
This manuscript adheres to the BIAS guidelines18 for transparent reporting of biomedical image analysis
challenges.

Challenge Design and Goals
The autoPET/CT-IV Challenge was organized as part of MICCAI 2025 and supported by the European
Society of Radiology (ESR) and the European Society for Hybrid, Molecular and Translational Imaging
(ESHI-MT). The challenge was hosted on the Grand Challenge platform, which executed all submissions
in isolated Docker environments to ensure standardized evaluation on hidden test data. Building on three
prior editions, autoPET/CT-IV introduced an expanded scope centered on interactive, human-in-the-loop
lesion segmentation in PET/CT and longitudinal CT imaging.

The challenge evaluated how effectively algorithms leverage simulated user interactions and perform
across multicenter, multi-tracer, and multi-timepoint settings. Task 1 assessed how models incorporate
simulated user interactions, represented as incremental foreground (lesion) and background (anything
else) clicks (up to ten each). Task 2 required lesion segmentation from a single click placed at the lesion
center.

Further details regarding the Challenge organization and infrastructure, Participation policies, and
Submitted algorithms are provided in the appendix (pp 20–23).

Datasets

Task 1: Single-staging whole-body PET/CT
The Task 1 training dataset includes 1,014 anonymized whole body 18F-FDG PET/CT scans from 900
patients acquired at the University Hospital Tübingen (UKT)19 and 597 18F-, 68Ga-PSMA PET/CT studies
from 378 patients drawn from Ludwig-Maximilians-University (LMU) Munich. The dataset is publicly
available in DICOM11,12 and NIfTI20,21 formats under CC-BY-NC 4.0 license. Acquisitions were performed
using multiple scanner types (Table 1). The multicenter and multitracer dataset introduces heterogeneity
in acquisition parameters, reflecting real-world clinical variability. Further acquisition details can be
found in19. The held-out test set includes 200 PET/CT studies, stratified across radiotracers and centers
(50 cases each from FDG-LMU, FDG-UKT, PSMA-LMU, and PSMA-UKT). Each case consists of one 3D
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PET volume, one corresponding 3D CT volume, one 3D binary mask of manually segmented tumor
lesions on the PET image, and pre-generated foreground and background clicks to simulate progressive
human guidance. Images were preprocessed by converting PET to SUV and resampling CT to match PET
spatial resolution. Lesions were annotated by experienced radiologists following a two-stage protocol
involving lesion localization and manual segmentation.

Task 2: Longitudinal whole-body CT
The training cohort comprises paired baseline staging and post-therapy follow-up whole-body CT scans
from 300 melanoma patients, acquired at the UKT and publicly available in NIfTI format13. Acquisition

details are depicted in22. Two expert radiologists independently annotated lesions across timepoints
using a standardized protocol consisting of CT-based lesion identification, manual axial delineation, and
temporal correspondence matching between baseline and follow-up scans. Each case includes at least a
3D baseline (BL) CT volume, the corresponding follow-up (FU) volume, 3D multi-label lesion masks for
both timepoints, and a JSON file containing a single center click per lesion to simulate reader annotation
in the FU scan. The test set includes 257 longitudinal CT cases with 62 cases from UKT and 195 from
University Medical Center Mainz (UM).

Patient characteristics for both tasks are summarized in Table 1. Race and ethnicity data were not
systematically collected or recorded in this study and therefore were not analysed or reported.

Assessment Method
Missing values were excluded from average metric computations to prevent bias from incomplete
submissions. Evaluation code and dockerized inference environments were publicly released
(https://github.com/lab-midas/autoPETCTIV) to ensure fairness and transparent benchmarking.

Task 1: Single-staging whole-body PET/CT
Segmentation quality was assessed at the patient level using the Dice Similarity Coefficient (DSC), False
Positive Volume (FPV), and False Negative Volume (FNV), capturing overlap accuracy, incorrectly
identified lesion volume in non-lesion uptake regions (bladder, spleen, kidney, liver, etc), and missed
lesions, respectively. Because the task incorporated simulated human interactions, metrics were also
evaluated across ten sequential correction steps. The resulting area-under-the-curve (AUC) quantified
improvement across interaction steps. Metric values were averaged across centers (UKT, LMU) and
tracers (PSMA, FDG) to account for acquisition variability. Final rankings combined performance after
the last interaction (DSC@last, FPV@last, FNV@last) with interaction-efficiency metrics (AUCDSC, AUC-
FPV, AUC-FNV), using the following weights: DSC@last (0.25), FPV@last (0.125), FNV@last (0.125), AUC-
DSC (0.25), AUC-FPV (0.125), AUC-FNV (0.125). Ranking robustness was assessed using non-parametric
bootstrap resampling (n = 1000 iterations)23.

Exploratory post-challenge analysis investigated ensemble combinations of all submissions and
baselines using pixelwise majority voting. We further analyzed FP dynamics in relation to lesion count,
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lesion volume, and Standardized Uptake Value (SUV). Moreover, lesion-wise sensitivity, defined as the
proportion of ground-truth lesions that were correctly detected by the model, was evaluated as a
function of lesion size and maximum standardized uptake value (SUV max), with lesions stratified into
interdecile bins by dataset domain to identify systematic failure modes. Detection was defined by spatial
overlap between a ground-truth lesion and any predicted lesion component.

Additional qualitative analyses examined shared error patterns across algorithms at different interaction
levels, focusing on selected test cases with high uptake values, lesion counts, or lesion volumes.

Task 2: Longitudinal whole-body CT
Performance was measured for the single interaction step using DSC@last, FPV@last, and FNV@last
computed at the lesion level. Rankings used a weighted combination of DSC@last (0.50), FPV@last
(0.25), and FNV@last (0.25), emphasizing accurate lesion detection while penalizing over- and under-
segmentation. Supplementary analyses evaluated performance across centers (UKT, UM) to assess
institutional robustness. Moreover, metrics were also computed at the patient level to complement
lesion-level evaluation, reflecting both individual lesion characteristics and overall disease burden
relevant to clinical decision-making.

No ensemble model was developed in this case, as only two submissions were available, limiting the
heterogeneity of predictions. Instead, representative cases with and without FP and FN were analyzed
qualitatively.
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Figures

Figure 1

Task 1. Performance distribution of all ranked algorithms across the six evaluation metrics: (A) Dice
Similarity Coefficient (DSC), (B) False Positive Volume (FPV), and (C) False Negative Volume (FNV) at the
last interactive step (i.e. 10 foreground and 10 background clicks), and (D-F) the respective area-under-
the-curve (AUC). Bars are ordered from left to right according to the official challenge ranking. The
ensemble, nnU-Net, and SW-FASTEDIT baselines are out of competition (†). The star symbolizes the
average performance.

Figure 2
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Task 1. Comparison of all submissions from autoPET/CT-IV (IV) to the models from autoPET III (III).
Percentage improvement (from III to IV) is displayed between paired bars. Overall, autoPET IV algorithms
demonstrate superior segmentation quality with reduced FPV (except in PSMA-UKT) and FNV across all
cohorts, indicating enhanced generalizability. Error bars represent the 95% confidence interval (CI).

Figure 3

Task 1. Qualitative analysis of common segmentation error maps at different levels of user interaction.
Segmentation errors from each algorithm are overlaid on PET images for increasing numbers of
foreground and background clicks (0, 1, 5, and 10). False positive errors (FP) are shown in red and false
negative (FN) errors in blue. Colour intensity reflects the number of individual algorithms (excluding the
Ensemble model) that misclassify a given voxel, ranging from 0 (all algorithms correct at that voxel) to 7
(seven algorithms incorrect).
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Figure 4

Task 2. Lesion-level segmentation performance at the follow-up (FU) time point for all ranked algorithms
across the three evaluation metrics (A, B, C). Bars are ordered from left to right according to the official
challenge ranking. The nRocholl team model and LongiSeg baseline are out of competition (†). The star
symbolizes the average performance.
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Figure 5

Task 2. Qualitative examples compare baseline and follow-up images with their corresponding ground-
truth masks (green dots) and the masks predicted by the baseline model (red dots). The top row (A)
presents an exemplary case in which the model correctly localizes interval changes in the lung at follow-
up. The bottom row (B) illustrates a challenging case of false positive (FP) and false negative (FN) where
lesions resolve from baseline to follow-up, highlighting typical failure modes of the model in the
mediastinum.
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