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Kurzfassung

Die Auswertung onkologischer CT-Bilder stellt Radiologen vor die Herausforderung, bei
begrenzter Befundungszeit moglichst prazise Lasionsmessungen durchzufithren. Interak-
tive Segmentierungsmodelle bieten die Moglichkeit, bestehende Segmentierungen durch
gezielte Nutzereingaben zu verfeinern. Diese Arbeit vergleicht fiir diese Aufgabe das
Modell nnInteractive mit den in dieser Arbeit entwickelten aufgabenspezifischen Mod-
ellen. Dafiir wurden drei Experimente durchgefiihrt, die die initiale Segmentierungs-
fahigkeit, das Verhalten bei iterativer Verfeinerung und die unmittelbare Reaktion auf
einzelne Korrektur-Prompts untersuchten. Die aufgabenspezifischen Modelle erzielten
bei der initialen Segmentierung hohere Dice-Werte als nnlnteractive und fiihrten sowohl
bei der iterativen Verfeinerung als auch bei der gezielten Korrektur einzelner Fehlerkom-
ponenten hiufiger zu einer Verbesserung der bestehenden Segmentierung. Eine beson-
dere Starke der aufgabenspezifischen Modelle lag im Erhalt der Léasionsmaske auflerhalb
der zu korrigierenden Fehlerregion.

Abstract

The analysis of oncological CT images presents radiologists with the challenge of obtain-
ing precise lesion measurements within limited reporting time. Interactive segmentation
models offer the possibility of refining existing segmentations through targeted user
interactions. This thesis compares the nnlnteractive model with task-specific models
developed in this work for this purpose. Three experiments were conducted to evaluate
initial segmentation performance, behavior during interactive refinement, and the im-
mediate response to individual correction prompts. The task-specific models achieved
higher Dice scores than nnlnteractive for initial segmentation and more frequently im-
proved existing segmentations during both iterative refinement and targeted correction
of individual error components. A particular strength of the task-specific models was
the preservation of the lesion mask outside the error region being corrected.
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Chapter 1: Introduction

1.1 Motivation

In oncology, the examination of CT images is central to diagnosis, treatment planning,
and follow-up monitoring. The clinical standard for tumor response assessment is the
Response Evaluation Criteria in Solid Tumors (RECIST), which is mainly based on the
sum of lesion diameters [I0]. As a result, RECIST-based assessment does not explicitly
account for the full three-dimensional spatial structure of lesions. Therefore, complete
3D lesion segmentation has the potential to provide additional volumetric and spatial
information for tumor response assessment.

However, 3D lesion segmentation is time-consuming, which limits its integration into
radiological workflows [I5]. As shown in Figure [, metastases can be spread throughout
the body and often vary substantially in size and shape, making complete and precise
lesion segmentation in whole-body CT images particularly challenging. Furthermore, the
increasing utilization of CT imaging contributes to a growing workload for radiologists
[29]. For this reason, Al-based automatic lesion segmentation has become increasingly
relevant in recent years, and numerous fully automatic methods have been proposed
[4, Sl i].

(a) Coronal CT slice (b) Sagittal CT slice (c) Axial CT slice

Figure 1: Example CT slices from a patient with melanoma. Colored overlays
indicate individual lesion segmentation masks, illustrating the variability in lesion size,
shape, and anatomical location.

Nevertheless, model-generated segmentations are not sufficiently accurate in every
case and therefore still require visual verification and, where necessary, manual correc-
tion [38, 27]. A single-prompt method can efficiently generate an initial segmentation of
a selected lesion, but an inaccurate result must subsequently be refined. Manually cor-
recting an almost correct three-dimensional mask using basic drawing tools would reduce



the efficiency gained through the initial model prediction. Deep-learning-based interac-
tive refinement methods instead allow the user to indicate missing or falsely included
regions through positive and negative prompts and to request an updated segmentation.

For an interactive lesion segmentation method to support a practical workflow, several
aspects need to be considered. User interactions should be simple and require little
effort. In this thesis, we address this by restricting refinement interactions to positive
and negative point prompts. Model updates should also be sufficiently fast to allow
smooth iterative refinement without interrupting the workflow. Furthermore, interactive
refinement must not only correct the prompted error region but also preserve already
correct parts of the existing mask, such that previously verified regions do not need to
be reassessed by the user [B].

This preservation requirement is especially important when the current segmentation
is already highly accurate and the remaining error regions occupy only a small part
of the lesion. In such cases, unintended modifications outside the targeted region may
outweigh the benefit of the intended correction. Consequently, the quality of an interac-
tive refinement method cannot be assessed solely from its ability to generate complete
segmentations. The localization and stability of individual corrections must also be
considered.

General-purpose interactive segmentation models such as nnInteractive provide a
promising basis for three-dimensional medical image segmentation and refinement [20].
nnInteractive has demonstrated strong general-purpose performance, including first
place in the CVPR 2025 Foundation Models for Interactive 3D Biomedical Image Seg-
mentation Challenge [2]. However, they are designed for broad applicability across dif-
ferent biomedical structures and interaction types rather than specifically for the refine-
ment of individual lesion masks in CT images. It remains relevant to investigate whether
prompted error regions can be corrected while already correct parts of an existing lesion
segmentation are preserved.

This motivates the evaluation of nnInteractive on clinically motivated lesion-mask
corrections and the development of task-specific refinement models. The MultiClick
models proposed in this thesis are intended to support both initial segmentation and
subsequent refinement, with particular emphasis on responding to correction prompts
while preserving already correct regions of the existing mask. This thesis investigates how
the proposed MultiClick models, trained on systematically generated lesion-refinement
samples, compare with the general-purpose nnInteractive model for point-based lesion
segmentation and refinement in CT.

1.2 Related Work

Medical segmentation in CT images has largely been driven by advances in deep learning.
In particular, convolutional neural networks (CNNs) have become the standard choice
[Z5]. One of the most influential CNN architectures for medical image segmentation is the
U-Net, introduced by Ronneberger et al. in 2015 [82]. This architecture is widely used
for segmentation because it combines local image details with contextual information,
which is essential for accurate universal and multi-category lesion segmentation [31, P3].



Early approaches in deep-learning-based lesion segmentation commonly focused on
individual organs or lesion categories. Christ et al., for example, proposed a cascaded
fully convolutional approach for liver and liver-lesion segmentation [d]. More recent work
has increasingly addressed universal lesion segmentation, in which lesions from different
anatomical locations and categories are segmented within a common framework [31].
The Universal Lesion Segmentation 2023 Challenge provided a benchmark for three-
dimensional universal lesion segmentation in CT images and demonstrated the continued
relevance of task-specific segmentation pipelines based on nnU-Net [5, 19].

Despite these advances, fully automatic and semi-automatic predictions may remain
inaccurate in challenging cases and generally require visual verification or manual cor-
rection before quantitative analysis [27]. Al-assisted workflows can reduce this manual
effort by combining automatic lesion segmentation with user input. Hering et al. in-
vestigated such an Al-assisted workflow for longitudinal CT assessment and showed the
potential of registration and volumetric segmentation assistance in a reader study [I5].

A particularly relevant example for this thesis is the MEVIS-internal OneClick Lesion
Segmentation tool. After the user places a single point inside the lesion of interest, an
nnU-Net-based model predicts a three-dimensional lesion mask from a local CT image
patch [5]. This approach provides an efficient way to generate an initial lesion segmen-
tation. However, its interaction is limited to the initial point prompt, and the method
does not provide a mechanism for further interactive refinement if the resulting mask is
inaccurate.

Interactive medical image segmentation addresses this limitation by incorporating user
feedback into the segmentation process. Depending on the method, users can provide
positive or negative point prompts, scribbles, bounding boxes, or other spatial anno-
tations. Marinov et al. distinguished interactive segmentation methods according to,
among other aspects, the type of interaction, the stage at which the interaction is incor-
porated, and the way repeated interactions are used to refine a segmentation [27]. Sakinis
et al. proposed a click-based interactive segmentation approach in which positive and
negative user interactions guide the segmentation of medical images [34]. Building on
this concept, DeepEdit combines automatic volumetric segmentation with subsequent
click-based interactive refinement within a single model [f].

Several interactive segmentation approaches explicitly incorporate an existing segmen-
tation into subsequent correction steps. DeepIGeoS combines an initial segmentation
with user-provided foreground and background interactions to refine segmentation er-
rors [B8]. Previous-mask guidance has also been used in iterative click-based general 2D
segmentation approaches, where the output of a preceding interaction can be provided
to the model during subsequent corrections [36]. These approaches demonstrate that an
existing segmentation can serve as important contextual information during interactive
refinement.

Beyond incorporating the previous mask, other methods have addressed the locality of
interactive corrections. FocalClick, for example, was motivated by the observation that
updating an entire segmentation in response to local interactions can unintentionally
modify already correct regions. It therefore performs localized mask correction and



preserves regions outside the selected refinement area [3]. This highlights an important
distinction between generating a complete segmentation and refining an already accurate
mask: successful refinement requires both responsiveness to the new interaction and
preservation of unaffected regions.

More recently, promptable segmentation models have aimed to generalize across a
wider range of structures and segmentation tasks. The Segment Anything Model in-
troduced a general prompt-based segmentation framework trained on a large collection
of natural two-dimensional images [22]. MedSAM adapted this concept to medical im-
age segmentation [Z6], while SAM-Med3D extended promptable segmentation to volumet-
ric medical image data [39]. These developments demonstrate the potential of general
prompt-based models, but differences between natural and medical images and limited
volumetric context in two-dimensional approaches remain important challenges. SegVol
further extended this direction toward universal interactive volumetric segmentation in
CT, supporting spatial and semantic prompts for a broad range of anatomical structures
[R]. VISTA3D similarly combines automatic and interactive three-dimensional medical im-
age segmentation within a unified model and explicitly targets the efficient correction of
automatic predictions [I4].

nnInteractive was introduced as a general-purpose promptable segmentation model
for three-dimensional biomedical images [20]. The method builds on the nnU-Net frame-
work and supports several interaction types, including positive and negative points,
scribbles, bounding boxes, and lassos. It receives the medical image, the current seg-
mentation state, and the prompt information and can be applied both to initial seg-
mentation and iterative refinement. While SAM-Med3D follows the SAM paradigm with
separate three-dimensional image, prompt, and mask encoders and primarily relies on
point prompts, nnInteractive incorporates spatial prompts directly as additional in-
put channels to an nnU-Net-based segmentation network and supports a broader range
of corrective interaction types. In contrast to methods developed for a single organ or
image modality, nnInteractive was trained on heterogeneous biomedical datasets and
was designed for broad applicability.

This thesis complements this general-purpose approach by investigating task-specific
models for interactive lesion segmentation in CT. Rather than targeting a broad range of
biomedical segmentation tasks and interaction types, the proposed MultiClick models
are trained specifically on lesion-segmentation and refinement samples using only point
prompts.

1.3 Contribution and Outline

This thesis investigates point-based interactive segmentation and refinement of volumet-
ric lesions in C'T images, with a focus on the correction of local segmentation errors while
preserving already correct regions of an existing mask. To this end, the general-purpose
nnInteractive model is compared with task-specific MultiClick models developed in
this work.

The first contribution is a systematic evaluation setting for interactive segmentation
and refinement. In addition to conventional global segmentation metrics, the evaluation



considers the response to individual correction prompts, the preservation of mask regions
outside the targeted error component, and characteristics of the underlying segmentation
errors. This allows the models to be assessed not only by the quality of their final
segmentation, but also by how locally and reliably they modify an existing mask.

The second contribution is the development of a controlled training-data generation
strategy for point-based lesion refinement. Starting from imperfect OneClick segmenta-
tions, interaction sequences are constructed from segmentation-error components. Two
training-data choices are investigated: whether the training target was a stepwise correc-
tion or the complete reference segmentation, and whether small error-component samples
were retained or removed from the training dataset. Their combination results in four
task-specific model variants.

The third contribution is a comparative experimental evaluation of nnInteractive
and the four MultiClick models. The models are evaluated on a MEVIS-internal dataset
containing real radiological corrections, which we additionally characterize statistically.
Three complementary setups test initial lesion segmentation, iterative five-click refine-
ment, and isolated error-component correction. Together, they examine the trade-off be-
tween correction responsiveness, segmentation quality, and preservation of non-targeted
mask regions.

The remainder of this thesis is organized as follows. Chapter B introduces the mathe-
matical and technical concepts required for the subsequent data-generation and evalua-
tion procedure. Chapter B presents nnU-Net, the OneClick Lesion Segmentation model,
and nnInteractive as the basis on which this work builds. Chapter B describes and
analyzes the evaluation and training datasets, with particular emphasis on lesion char-
acteristics and connected segmentation-error components. Based on these observations,
Chapter B introduces the training-data generation procedure and the four proposed
MultiClick model variants. Chapter B presents the experimental evaluation and com-
pares the models across the three interaction settings. Finally, Chapter @ discusses the
main findings, limitations, and directions for future work.



Chapter 2: Foundations

Interactive lesion refinement in this thesis depends on spatial relationships between a cur-
rent segmentation, a reference mask, and point prompts defined on a three-dimensional
voxel grid. Sections B, P2, 23, and P4 therefore establish the notation required to
describe segmentation masks, connected error components, point-prompt locations, and
transformations between voxel and physical image space. The segmentation models con-
sidered in the following chapters are based on three-dimensional U-Net architectures
within the nnU-Net framework. The final sections EZ3 and B of this chapter briefly
introduce the CNN and U-Net concepts required to describe their network architecture
and training objective.

The representation of images as spatial objects with an associated voxel grid, spacing,
origin, and direction follows the conventions used in SimpleITK [35]. Similar set-based
representations of binary segmentation volumes have been used in medical image anal-
ysis [23, @1].

2.1 CT Images and Segmentation Masks

Let ng,ny,n. € N denote the number of voxels along the three image dimensions. The
finite discrete voxel grid is defined as

Q=1{0,...,n; — 1} x{0,...,ny — 1} x {0,...,n, — 1} C Z%.
A computed tomography image (CT image) is modeled as a function

1:Q—R,
w i I(w),

where every voxel position w € €2 is assigned an intensity value I(w) € R. A correspond-
ing binary segmentation mask M is defined on the same voxel grid 2 as a function

M:Q - {0,1},
w = M(w).

For each voxel position w € 2, the value M (w) indicates whether the voxel belongs to
the target structure. In the case of lesion segmentation,

M(w) 1, if w belongs to a lesion,
w) =
0, otherwise.

Furthermore, the empty mask is given by
0q : Q — {0,1}, 0q(w) :=0 Yw € Q.
For a binary mask M : Q — {0, 1}, we define its foreground voxel set as

M :=1fg(M)={we Q| Mw)=1}.



Conversely, for a voxel set M C Q, the corresponding binary indicator mask is defined

as
1, weM,

0, weQ\M.

The mask size is given by the cardinality of its foreground voxels:

M| =D Tp(w).

weN

]IM:Q—>{0,1}, ]lM(w):{

In the following, set operations are applied to foreground voxel sets. A binary mask
and its foreground set are distinguished by using Roman letters for mask functions
and calligraphic letters for voxel sets.

While Q2 describes a discrete voxel grid, it does not encode the physical image geometry.
The physical distances between neighboring voxel centers along the three image axes are
given by the voxel spacing

s = (83,8y,5:) € Rio, (1)

where s;, sy and s, denote the physical distances between the neighboring voxel centers
along the three spatial axes, measured in millimeters. With this, we can describe the
physical volume by V(M) = |M|szsys, in mm3.

From the voxel spacing, the physical position x of a voxel w can be obtained by
scaling the voxel index component-wise and adding the image origin. This mapping can
be written as

z:Q = R3 (W) = Torg + D diag(s)w, (2)

where zorg € R? denotes the image origin and D denotes the orthogonal direction matrix,
encoding the direction of the image axes in physical space.

Furthermore, we define a slice as a two-dimensional cross-section of the image obtained
by fixing one coordinate of the voxel grid. For example, for k € {0,...,n, — 1} we have
the slice

Ik(iﬂj) = I(iaja k)
for all (i,5) € {0,...,n, — 1} x {0,...,n, —1}. The CT volumes used in this thesis
consist of axial slices ordered along the cranio-caudal direction. Throughout this thesis,
the third voxel-grid coordinate is used to index these axial slices.

2.2 Distances and Maximally Interior Voxel Selection

To clearly distinguish between voxel-grid coordinates and physical-space coordinates,
we introduce two different distance definitions. For two voxel coordinates p,q € 2, the
Fuclidean distance between two voxel-grid positions is denoted by

dgria(p,q) = |lp — qll2,

and the physical Euclidean distance is denoted by

dphys(; q) = [|z(p) — 2(q)|l2-



The value of dppys gives us the physical distance between two voxels in millimeters. For
a voxel p €  and a voxel set S C Q with S # (), the distance from p to S is defined as

dgrid(p, S) = min dgria (P, ).

Thus, dgria(p, S) denotes the distance from p to the closest voxel in S. Analogously, for
a voxel p € Q and a voxel set S C Q with S # (), the physical distance from p to S is
defined as

dphys (p7 S) = min dphys (p7 Q) . (3)
qeS

For a voxel set C C Q with C # (), the Euclidean distance transform (EDT) within
C assigns to each foreground voxel its distance to the complement Q2 \ C:

DC(P) = dgrid(p,Q\C) = min ||p—CI||2, p eC.
qeQ\C
Thus, D¢ (p) measures how far a voxel p lies from the background of C. Voxels close
to the boundary of C have small distance-transform values, whereas more central voxels
have larger values.
A maximal interior voxel pe can then be selected as a voxel that attains the maximum
distance-transform value,

pe € argmax De(p). (4)
peC

Such a voxel is maximally distant from the background Q\C and can be interpreted as the
center vozel of the largest inscribed sphere (CoLIS) in the discrete-grid sense. Since all
computations were performed on the discrete voxel grid, the selected point is restricted to
voxel locations and distances are measured in voxel-grid units. The maximizer does not
have to be unique. The specific distance-transform implementation and dimensionality
used for this point prompt generation are described in the corresponding data-generation
and evaluation sections.

2.3 Connected Error Components

In this thesis, we distinguish between the initial segmentation mask A, usually generated
by a model, and the reference mask R, which serves as the target segmentation for
interactive lesion segmentation models. Both masks are binary masks defined on the
same finite voxel grid. Their corresponding foreground voxel sets are denoted by A =
fg(A) and R = fg(R). Regions that are present in the reference mask but missing in the
automatic mask correspond to the set of include regions,

EF=R\A={we Q| Rw)=1AAWw) =0},

whereas regions that are present in the automatic mask but absent from the reference
mask correspond to the set of exclude regions,

EE=A\R={weQ|Aw)=1AR(w) =0}



These terms are used because the corresponding regions must either be included in or
excluded from the initial automatic segmentation mask.

The resulting error regions are further decomposed into connected error components.
The use of neighborhoods to define connectivity is a standard concept in connected
component labeling and is further described in Rosenfeld et al. [33]. For a point v =
(v1,v2,v3) € R3, the maximum norm is defined as

folle = amase o]

For a voxel w € €, its 26-neighborhood is defined as
Nog(w) ={0 € Q | [|& — wlloo =1}
This means that for a voxel @ € Q with © # w,
@ € Nog(w) & w and @ share a face, an edge, or a corner.

A voxel set C C Q with C # 0 is called 26-connected if, for every pair w,& € C, there
exists m € Ny and a finite sequence

(wo,wl, e ,wm)

of voxels in C such that
wo = W, W = W,

and
Wi+1 EN%(CUJ') for all j € {0,...,'m— 1}.

The case m = 0 ensures that a voxel set containing a single voxel is considered 26-
connected. A subset C C S C () is called a 26-connected component of S if

1. C is 26-connected, and

2. C is maximal with respect to set inclusion, that is, there exists no 26-connected set
C C S such that C C C.

The maximality condition means that C cannot be enlarged within & while remaining
26-connected.
The set of all 26-connected components of S C (2 is denoted by

Ko6(S) :={C C S | Cis a 26-connected component of S}.

From this, we retrieve the sets Ka6(ET) and Ka6(€7) containing the include and exclude
error components, respectively. The elements of Kog(E1) are called include error
components, whereas the elements of Kos(€ ™) are called exclude error components.

An example of include and exclude error components derived from the comparison
of an automatic lesion segmentation and its manually corrected version is illustrated in
Figure B. This figure shows one axial cross-section of the three-dimensional masks and
error components.



(a) Automatic and reference (b) Exclude error component. (c¢) Include error component.
segmentation masks.

Figure 2: Example of connected error regions derived from an automatic lesion
segmentation (red) and its corresponding reference mask (green). In (a), the
automatic and reference masks are superimposed on the axial CT image slice. The
exclude error component in (H) contains voxels that are present in the automatic mask
but absent from the reference mask. The include error component in (o) contains voxels
that are present in the reference mask but missing from the automatic mask. This
example is a two-dimensional cross-section of a three-dimensional lesion mask.

2.4 Anisotropy, Coordinate Transformations, and Resampling

An image is called anisotropic if the voxel spacing differs between spatial directions.
For a spacing vector s = (sz,5y,5,) € R?;O, this is the case if
mzllx{sx,sy,sz} o1
min{s,, sy, s}
In the volumetric CT images used in this thesis, the in-plane resolution is typically higher
than the through-plane resolution. Consequently, a one-voxel displacement along the
slice direction may correspond to a larger physical distance than a one-voxel displacement
within an axial slice. Distances, object sizes, and anatomical structures represented in
voxel units therefore depend on the image resolution, which can make it more difficult
for neural networks to learn consistent shape and scale patterns [40].
To reduce spacing variability, an image can be resampled from its original spacing

s = (Sz,5y,5z)
to a target spacing
s = (§$,§y,§z).
Let Q denote the finite target voxel grid and let # : Q — R? denote its mapping to

physical space. For a target grid position @ € Q, the corresponding continuous coordinate
in the original voxel grid is



This transformation is well defined because all components of the voxel spacing s are
strictly positive, such that diag(s) is invertible, and because the direction matrix D
is orthogonal, such that D~! = DT. Since T(@) does not generally coincide with an
exact voxel position, interpolation is required to estimate the image intensity at this
intermediate position. Let Iigter : R? — R denote the interpolant used to estimate image
intensities at non-integer voxel-grid coordinates. The resampled image is defined as

IN((I)) = inter(T(w))'

Changing the voxel spacing generally also changes the number of voxels. To approx-
imately preserve the distance between the first and the last voxel centers along each
image axis, the original and target grid dimensions satisfy

(’FLZ‘ — 1)51 [ (’I’LZ — 1)81'.

Since the target grid dimension 71; must be an integer, the original physical extent
cannot in general be reproduced exactly for an arbitrary target spacing. For example,
resampling from a slice spacing of s, = 2.5mm to a target spacing of 5, = 1mm
increases the sampling resolution in the z-direction by a factor of 2.5:

fir — 1~ 2.5(n, —1).

CT images contain scalar intensity values and can therefore be resampled using in-
terpolation methods that estimate intermediate intensity values. Binary segmentation
masks instead represent categorical labels. Consequently, nearest-neighbor interpolation
is used for masks to preserve the discrete range {0,1}:

M (@) = M (round(T(@))),

where the rounding operation is applied component-wise.

For CT intensities, a higher-order interpolation method used later in this thesis for
training data generation and model inference is the Lanczos interpolation with a window
size of a = 3. Its one-dimensional kernel is

sinc(u) sinc (§) , |u| <3,
0, ul > 3,

Lg(u) = {

where
sin(7u)

sinc(u) = w0 70,
1, u = 0.
For multidimensional interpolation, the kernel can be applied separably along the re-
sampled image axes. For example, at the continuous position 2z’ = 10.4, the Lanczos-3
interpolation uses the neighboring slices k € {8,9,10,11,12,13}. The interpolation can
be represented schematically as

13
Iis(i, 5,10.4) = Y I(i,j, k) L3(10.4 — k).
k=8

11



For interpolation along the slice direction, the in-plane coordinates remain fixed. The
new intensity is calculated as a weighted combination of the six neighboring slice inten-
sities.

Lanczos interpolation provides smooth intensity estimates while retaining image detail
and is therefore applicable to continuously-valued CT intensities. For further information
on Lanczos interpolation and windowed sinc filters, see [d].

2.5 Three-Dimensional Convolutional Neural Networks

Convolutional neural networks (CNNs) are widely used for the analysis of medical images
because they can learn spatial image features directly from training data [25]. A three-
dimensional CNN processes a volumetric input

Clin XNz XNy XN
XER in T Y z’

where Cj, denotes the number of input channels and n,, n,, n. denote spatial dimensions.
A convolutional layer applies a set of trainable kernels to local voxel neighborhoods.
For an output feature channel ¢, this operation can be written schematically as

Cin
Yep) =0 |bet+ > > Ko@) Xe(p+4q) |,

c/=1qeN
where p denotes a voxel position, N is the local kernel neighborhood, K~ contains the
trainable kernel weights, b, is a bias term, and ¢ denotes a nonlinear activation function.
The same kernel weights are applied at every spatial position. This weight sharing
allows the network to detect similar image patterns independently of their location.
Strictly speaking, the operation above corresponds to a filter operation rather than a
mathematical convolution. However, this operation is referred to as a convolution in
deep-learning frameworks and in the literature.

Convolutional layers are commonly combined with normalization and nonlinear activa-
tion functions. Normalization stabilizes the distribution of intermediate feature represen-
tations, whereas nonlinear activation functions enable the network to represent nonlinear
mappings. The networks used in this thesis apply instance normalization followed by a
leaky rectified linear unit (LeakyReLU). The latter is defined as

z, x>0,

ar, x <0,

LeakyReLU(x) = {

where a > 0 determines the slope for negative inputs. In contrast to the standard ReLU,
LeakyReL U therefore retains a small non-zero gradient for negative activation values.

By stacking multiple convolutional layers, the network learns increasingly complex
representations. Early layers typically respond to local intensity changes and bound-
aries, whereas deeper layers combine information from larger spatial regions. In three-
dimensional CNNs, the kernels extend across all three spatial dimensions and can there-
fore incorporate information from neighboring CT slices [#2]. Compared with two-
dimensional networks, three-dimensional networks provide additional volumetric context
but also increase memory and computational requirements.

12



Figure 3: Simplified schematic representation of the U-Net architecture. The
encoder progressively reduces the spatial resolution of the feature maps while increasing
the number of feature channels. After the bottleneck, the decoder restores the original
spatial resolution while reducing the number of feature channels. Skip connections trans-
fer high-resolution feature information from the encoder to the corresponding decoder
stage.

2.6 U-Net Architecture and Segmentation Loss

The U-Net is an encoder—decoder CNN architecture originally proposed for biomedical
image segmentation by Ronneberger et al. [82]. Its encoder gradually reduces the spatial
resolution of feature maps while increasing the number of feature channels. This enables
the network to extract contextual information from progressively larger image regions.

The decoder subsequently restores the spatial resolution and produces a voxel-wise
segmentation prediction. Skip connections transfer feature maps from encoder to decoder
stages at the corresponding spatial resolution. These connections combine the contextual
information from deeper layers with spatial details from earlier layers, which supports
the localization of object boundaries.

The three-dimensional U-Net extends this concept to volumetric images by replac-
ing two-dimensional convolution, downsampling, and upsampling operations with their
three-dimensional counterparts [d2]. For binary lesion segmentation, the final network
layer produces a foreground probability

g(p) €10,1]

for every voxel position p in the output region. A binary segmentation mask can then
be obtained by applying a probability threshold. Figure B shows a schematic illustration
of the U-Net architecture.

During supervised training, the prediction probabilities are compared with a binary
target mask. A commonly used objective combines voxel-wise cross-entropy with a soft
Dice loss. For predicted foreground probabilities §; and target labels y; € {0, 1}, the soft
Dice loss can be defined as

230w te
Ui+ ivite

LDice =1
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where ¢ = 1079 is a small smoothing constant used for numerical stability. This value was
inherited from the standard nnU-Net training configuration and was not tuned separately
in this thesis. The Dice loss directly optimizes the overlap between prediction and
target and is therefore useful for segmentation tasks with strongly imbalanced foreground
and background classes. Cross-entropy provides an additional voxel-wise classification
objective. Their combination is commonly used in medical image segmentation and is
also employed by the nnU-Net training framework [19] described in Section BI.
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Chapter 3: Segmentation Frameworks and
User-Assisted Methods

This chapter introduces the segmentation frameworks that form the methodological basis
of this thesis. First, nnU-Net is presented as a general self-configuring framework for
biomedical image segmentation and as the training framework used for the proposed
MultiClick models. Subsequently, the MEVIS-internal OneClick Lesion Segmentation
model is described, which provides the initial lesion segmentations used throughout this
work for training-data generation. Finally, nnInteractive is introduced as the general-
purpose interactive segmentation baseline used in the experimental evaluation.

3.1 nnU-Net

The performance of deep learning-based segmentation methods strongly depends on
task-specific design choices, such as preprocessing, patch size, network topology, training
schedule, and postprocessing [25]. Selecting appropriate configurations for these design
choices requires substantial expertise, and even slightly suboptimal choices can lead to
a considerable drop in segmentation performance. The nnU-Net framework [19] was
introduced to address the challenge of making appropriate design choices. It provides a
self-configuring training pipeline, thereby establishing a strong baseline for biomedical
segmentation tasks [G].

Dataset fingerprint and configuration planning.

Instead of proposing a fundamentally new network architecture, nnU-Net provides a
standardized segmentation pipeline that configures preprocessing, network architecture,
training, and postprocessing based on dataset-specific properties. The design decisions
made in the pipeline are separated into three categories:

1. Fixed parameters
2. Rule-based parameters
3. Empirical parameters

Fixed parameters are design choices that do not need to be adapted across different
datasets, as they were found to work robustly for a wide range of biomedical segmen-
tation tasks. Examples include the learning rate, loss function, and data augmentation
methods. Rule-based parameters are automatically derived from a dataset fingerprint,
which captures relevant properties such as image size, voxel spacing, modality, and num-
ber of classes. These parameters include, for example, decisions related to resampling,
intensity normalization, patch size, and network topology. Empirical parameters are
selected based on experimental evaluation, such as the choice of the best-performing
model configuration or postprocessing strategy.

Based on the dataset fingerprint, nnU-Net generates a set of plans specifying the
resulting preprocessing and network configuration. These plans include, among other
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properties, the target voxel spacing, patch and batch sizes, network topology, and in-
tensity normalization strategy. Depending on the dataset properties, nnU-Net provides
different configurations, including two-dimensional and three-dimensional models. The
three-dimensional full-resolution configuration processes three-dimensional patches at
the planned target resolution and is the configuration used for the proposed MultiClick
models in this thesis.

Network input and patch-based training.

For three-dimensional configurations, training is performed on spatial image patches
rather than necessarily processing an entire volume at once. The patch size is deter-
mined as part of the nnU-Net configuration while accounting for the image geometry
and available computational resources. During training, the network predicts a segmen-
tation for the corresponding patch.

The network input is not restricted to a single image channel. Multiple spatially
aligned input channels can be provided jointly and are concatenated along the channel
dimension before entering the network. Their number determines the number of input
feature channels of the first convolutional layer. This property is later used for the
proposed MultiClick models to jointly provide the CT image, the current segmentation
mask, and the positive and negative prompt representations.

Training objective.

During training, nnU-Net applies a compound segmentation objective combining Dice
and cross-entropy losses. In addition, deep supervision is used by generating auxiliary
segmentation outputs at intermediate decoder resolutions. The corresponding auxiliary
losses provide training signals at several spatial resolutions, while only the final full-
resolution prediction is required during inference.

The self-configuring design makes nnU-Net suitable as a general framework for devel-
oping task-specific medical image segmentation models. The OneClick Lesion Segmen-
tation model and nnInteractive, described in the following sections, are both based
on nnU-Net. In addition, the proposed MultiClick models developed in this thesis are
trained directly using the nnU-Net framework.

In its standard formulation, nnU-Net is designed for automatic segmentation and does
not define how user interactions are incorporated during inference. User-assisted seg-
mentation methods can extend this framework by introducing spatial information that
specifies the structure or region of interest [I5, 27]. The following sections present two
such approaches relevant to this thesis: the OneClick Lesion Segmentation model, in
which a user-selected point determines the local image region to be segmented, and
nnInteractive, which explicitly incorporates user interactions as additional spatial in-
put channels.

3.2 OneClick Lesion Segmentation Model

The MEVIS-internal OneClick Lesion Segmentation tool is a user-assisted, patch-based
method for three-dimensional lesion segmentation. The approach was assessed in the
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Figure 4: Simplified schematic overview of the nnU-Net self-configuring segmen-
tation pipeline. Dataset-specific properties are summarized in a dataset fingerprint
and used to derive preprocessing and network configurations. The resulting configura-
tions are trained and validated, followed by empirical model selection and postprocessing.
Based on Isensee et al. [I9].

Universal Lesion Segmentation '23 Challenge [6]. The evaluation dataset used in this
thesis contains initial lesion masks generated with the OneClick tool, together with
the corresponding masks obtained after radiological review. In addition, the tool was
applied to the public Longitudinal-CT data [24] to generate the initial masks required
for constructing the refinement data for the proposed models.

The OneClick Lesion Segmentation model was developed from a patch-based segmen-
tation concept similar to the baseline-segmentation stage described in Hering et al. [i6].
In contrast to the complete longitudinal pipeline proposed in that work, the OneClick
tool does not include the subsequent registration and follow-up lesion-tracking stages.

The approach is designed to integrate well into an Al-based interactive radiological
workflow, in which the user places a single point inside the lesion of interest and receives
a complete three-dimensional lesion mask. This workflow is depicted in Figure B. The
selected point determines the center of a local CT image patch that is passed to an
nnU-Net-based segmentation model. The point is not represented through a separate
input channel but is encoded implicitly through its position at the center of the extracted
patch.

The implementation used in this thesis receives a cropped CT image of size 64 X
64 x 64 voxels and predicts a binary mask of the same size. This differs from the
ULS23 implementation described by Moltz et al., which used processing patches of size
128 x 128 x 128 voxels [5, B0].

Training.

The published ULS23 model was trained on a combination of internal and publicly
available datasets covering bone, liver, lung, lymph-node, soft-tissue, and other lesion
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(a) Initial click point. (b) Crop patch around the (¢) Model output mask.
click point and apply the
model.

Figure 5: Procedure of the OneClick Lesion Segmentation tool. A 64 x 64 x 64
voxel patch is cropped from the CT image, with the user-selected click point at its center.
The cropped patch is then passed to an nnU-Net-based model, which predicts a 3D lesion
mask.

types. For each annotated lesion, one training patch was extracted. Its center was
initialized at the lesion center of mass and randomly displaced by up to 32 voxels along
each spatial axis. This procedure was intended to reduce the sensitivity of the model to
imprecise point placement [5, B0].

Preprocessing, spatial resampling, and postprocessing.
Preprocessing followed the nnU-Net framework described in Section BT, with several
task-specific modifications. First, spatial resampling was restricted to the axial slice
direction, while the original in-plane sampling and image dimensions were retained.
The slice spacing was adapted to 1.0 mm. Resampling along this direction followed the
nnU-Net anisotropy handling: for strongly anisotropic images with
Hlé.lX{Sx,Sy,Sz} -3,
min{s,, sy, s, }
nearest-neighbor interpolation was used along the axial slice direction. Otherwise,
Lanczos-3 interpolation (see Section 24) was applied. Binary segmentation masks were
resampled using nearest-neighbor interpolation.
Second, the CT image intensities I (w), w € €, were clipped to the interval [—1000, 2000]
Hounsfield units, shifted by subtracting 500, and subsequently divided by 500. Accord-
ingly, the CT image normalization was defined as

_ Clip(I(w), —1000, 2000) — 500
N 500 ’

Inorm(w w € Q.

This transformation mapped the clipped intensity range to [—3, 3].
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The same normalization and spatial preprocessing procedure was used for OneClick
inference, for the generation of the refinement training samples, and during inference
with the proposed models.

During postprocessing, connected-component analysis is applied and only the compo-
nent closest to the patch center, corresponding to the user-selected point, is retained.
To separate potentially merged lesions, an ellipsoid is subsequently fitted to the selected
component and used in a watershed-based splitting procedure.

3.3 nnlInteractive

nnInteractive is a general-purpose interactive segmentation framework based on nnU-Net
for three-dimensional biomedical images, introduced by Isensee et al. [20]. It was de-
signed as an open-set instance segmentation model for 3D biomedical images. The model
can segment previously unseen structures based on user-provided spatial guidance and
enables iterative refinement of segmentations. The framework supports positive and
negative point prompts, scribbles, two-dimensional bounding boxes, and lasso interac-
tions. These interactions can be placed in axial, sagittal, or coronal views and are used
to generate complete three-dimensional segmentation masks.

Network architecture and input representation.
nnInteractive is built directly on the nnU-Net framework described in Section BT
Rather than introducing an independent segmentation framework, it extends the nnU-Net
architecture and training framework with spatial interaction inputs and iterative mask
refinement. Its segmentation network uses the three-dimensional Residual Encoder U-
Net in the large nnU-Net configuration, referred to as ResEnc-L [20, [9]. The ResEnc-L
architecture contains six resolution stages and uses residual blocks in the encoder, while
the decoder follows the conventional nnU-Net design with skip connections.
nnInteractive follows an early-prompting strategy in which the spatial interaction
representations are concatenated with the image and previous-mask channels before the
first encoder stage. The interaction input is represented by six spatial channels: sepa-
rate positive and negative channels are used for point prompts together with scribbles,
while bounding boxes and lasso interactions share another pair of positive and negative
channels each. The previous segmentation prediction is provided through an additional
mask channel. Image information, the current segmentation state, and the user guid-
ance are processed jointly throughout the complete encoder—decoder network rather than
combining the prompts with an already computed latent image representation. Inten-
sity normalization is applied only to the image channel, whereas the previous-mask and
interaction channels are provided without intensity normalization.

Training data and target construction.

nnInteractive was trained on more than 120 publicly available volumetric biomedical
segmentation datasets comprising 64518 image volumes and 717 148 annotated object
instances. Five percent of the image volumes were retained for internal validation. The
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Figure 6: Overview of the nnInteractive training pipeline. Reproduced from
Isensee et al. [20], Figure 2, licensed under CC BY 4.0. During training, user interac-
tions are simulated dynamically based on the current model prediction and ground-truth
segmentation. Thus, the error regions encountered during training and the resulting in-
teraction sequences depend on the evolving model outputs rather than on a predefined
set of correction samples.

training collection covers multiple imaging modalities, including CT, MRI, PET, three-
dimensional ultrasound, and three-dimensional microscopy, as well as a wide range of
anatomical and pathological structures.

The model was trained for instance segmentation rather than semantic segmentation.
Semantic segmentations were therefore converted into individual object instances using
connected-component analysis. To further increase the diversity of training targets, addi-
tional pseudo-instances, referred to as SuperVoxels, were generated using high-confidence
SAM segmentations and SAM2-based propagation across image slices. During patch
sampling, pseudo-instances were selected with a probability of 0.2.

Dynamic interaction simulation during training.
During training, nnInteractive simulates user interactions dynamically rather than
relying on a predefined set of interaction samples. Starting from an initial interaction, the
network generates a segmentation prediction, which is compared with the corresponding
ground-truth segmentation. Based on the resulting segmentation errors, a subsequent
simulated user interaction is generated according to the selected interaction agent. The
updated interaction information is then provided to the network for another prediction.
Consequently, the error regions encountered during training and the resulting interaction
sequences depend on the current model prediction. The overall training procedure is
provided in Figure B.

To simulate different user behaviors during training, nnInteractive employs three in-
teraction agents. Since this thesis considers only point-based interactions, the individual
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agent strategies are not discussed further.

Error-component and point-prompt simulation.

For the spatial placement of a simulated interaction, the current prediction M is com-
pared with the corresponding reference segmentation R. From the voxel-wise differences,
include and exclude error regions are identified. Using the notation introduced in Sec-
tion B, these correspond to

EF=R\M, & =M\R.

The error regions are decomposed into connected error components. An error component
C is then sampled with probability proportional to its number of voxels. Thus, larger
components are more likely to be selected, while smaller components may still be chosen.
A component from €1 induces a positive interaction, whereas a component from £~
induces a negative interaction.

For a point interaction, nnInteractive calculates a normalized FEuclidean distance
transform

D:C—0,1]

within the selected error component C. Voxels farther from the component boundary
receive larger distance-transform values. A prompt location is sampled according to

D(x)*

TS D)

zeC

Plp=x|C) xeC.

The implementation uses either o = 8 for strongly center-biased sampling or a = 1 for
the less center-biased sampling variant.

After sampling, the point is expanded into a three-dimensional spherical region. A
second Euclidean distance transform is calculated inside this region and normalized by
its maximum value. The resulting soft-valued prompt sphere has its maximum intensity
at the sampled point, with decreasing values towards the boundary of the spherical
support. Multiple point prompts assigned to the same interaction channel are combined
using the voxel-wise maximum.

When a follow-up interaction is added, previously provided interactions are retained,
but their intensities are multiplied by 0.9. The updated interaction maps are provided
together with the latest model prediction for the subsequent refinement step. Thus,
the interaction sequence is generated dynamically and depends on both the current
prediction and the accumulated interaction history.

Preprocessing and inference.

For inference in this thesis, nnInteractive was accessed through a MEVIS-internal im-
plementation in MeVisLab 4.2.70. The input data were resampled to the isotropic target
spacing § = (1.5,1.5,1.5) mm. The implementation follows the anisotropy handling of
nnU-Net [09]. For CT intensities, Lanczos-3 interpolation (see Section Z4) was used
instead of third-order spline interpolation used in standard nnU-Net preprocessing.
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During interactive inference, point-prompt coordinates specified in physical image
space were transformed to the voxel grid of the preprocessed image and rounded to
the nearest voxel position. Previously provided interactions were retained in a prompt
cache and were therefore available for subsequent refinement steps.

The spatial extent of the inference region was adapted to the accumulated prompt in-
formation. Let ey denote the extent of the prompt representation along spatial dimension
d. The corresponding inference region size was set to

ng = max{192,e; + 16}.

Consequently, the inference region had a minimum spatial size of 192 x 192 x 192 voxels
and was enlarged when the accumulated prompts extended beyond this region. Inference
regions exceeding the network processing size were processed tile-wise.

The current segmentation state was retained between interactions and provided as
the previous-mask input for subsequent model updates. The MEVIS-internal implemen-
tation used in this thesis did not employ the AutoZoom mechanism described for the
original nnInteractive framework [20].

Use in this thesis.

In this thesis, nnInteractive was used as the general-purpose interactive segmentation
baseline for comparison with the proposed MultiClick models. Only positive (include)
and negative (exclude) point prompts were considered to provide a consistent interaction
setting across all evaluated models.

For error-guided refinement, the current segmentation was compared with the cor-
responding reference mask, connected error components were identified, and the next
prompt was placed according to the experiment-specific component- and point-selection
rules described in Section B2.
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Chapter 4: Data

This work uses two closely related datasets for different purposes. Firstly, a restricted
MEVIS-internal dataset is used to evaluate nnInteractive and the proposed refine-
ment models. It contains initial masks generated by the OneClick Lesion Segmentation
tool and corresponding masks manually corrected by a radiologist. This combination
enables the evaluation of refinement models on segmentation errors that were actually
corrected during a radiological annotation workflow. Secondly, refinement training data
was generated from the publicly available Longitudinal-CT dataset from the University
Hospital Tubingen [24, 12]. Both datasets consist of whole-body CT scans of patients
with melanoma.

A single lesion mask may require corrections at multiple spatially separated locations.
To identify these distinct error regions, connected-component analysis was applied to
the voxel-wise differences between the initial and reference mask. All mask differences,
connected components, and component sizes were calculated on the original voxel grids
without additional resampling.

Three-dimensional 26-connectivity was used to define connected components, meaning
that voxels sharing a face, edge, or corner were considered connected. This choice reduces
artificial fragmentation by preventing diagonally adjacent error voxels from being inter-
preted as separate single-voxel or very small components. A more detailed description
is provided in Section P=3.

4.1 Evaluation Dataset

The restricted MEVIS-internal dataset was created during a validation process of the
OneClick lesion segmentation tool, which is further described in Section BZ. The pur-
pose of this validation was to assess the practical usefulness of the tool in a clinical
annotation setting. A radiologist operated the OneClick lesion segmentation tool by
selecting a lesion and placing a point prompt to generate its initial segmentation mask.
If a generated mask was not sufficiently accurate, it was manually corrected. These cor-
rections were performed using a two-dimensional circular structuring element with an
adjustable radius and automatic interpolation between manually annotated axial slices.
The resulting dataset enables the analysis of the frequency and characteristics of manual
segmentation corrections.

The dataset is also well suited for evaluating interactive refinement methods. Since it
contains both the initial model-generated mask and the corresponding manual correc-
tions by a radiologist, it provides realistic examples of segmentation errors that occur
during a clinical annotation workflow. This allows refinement models to be evaluated
on correction patterns observed in the clinical annotation workflow. The manually cor-
rected masks obtained after the review process are used as reference segmentations in
this thesis. An unchanged lesion denotes a OneClick segmentation for which no manual
correction was recorded during the annotation workflow.

The evaluation dataset was also used for exploratory error analysis. Insights into
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the composition of the error components informed the qualitative design of the filtering
strategy, whereas the numerical filtering thresholds were not optimized on the evalua-
tion dataset. In this context, filtering refers to the removal of error components with
predefined characteristics from the training data. For example, error-component char-
acteristics that occurred frequently in the evaluation dataset were not used as exclusion
criteria. Therefore, results obtained on this dataset should be interpreted as exploratory
rather than as a performance assessment in a fully independent test setting.

Dataset composition.

Table I provides an overview of the evaluation dataset composition. Overall, the dataset
contains 93 processed CT image volumes from 41 patients with melanoma, comprising
47 baseline and 46 follow-up volumes. Some original CT examinations were divided into
multiple image volumes because of their large number of axial slices.

At least one lesion was corrected in 67 of the 93 processed CT image volumes. Thus,
although no manual correction was recorded for most individual lesion masks (Table 2),
manual refinement was performed for at least one lesion in the majority of processed
image volumes.

Characteristic Value
Patients 41
Processed CT image volumes 93

Image volumes with at least one corrected lesion 67 (72.0%)

Table 1: Composition of the restricted MEVIS-internal evaluation dataset at
patient and image-volume levels.

Lesion characteristics and correction status.

Table P summarizes the evaluation dataset at the lesion-mask level. Overall, the dataset
contains 2494 lesion masks, of which 248 were manually corrected, corresponding to
approximately 9.9%. For the remaining 2246 masks, no correction was recorded.

Include regions are regions present in the reference mask but absent from the automatic
initial mask, whereas exclude regions are present in the automatic initial mask but absent
from the reference mask. Among the corrected lesion masks, 83 contained include-only
corrections, 89 contained exclude-only corrections, and 76 contained both include and
exclude corrections.

The mask-size and volume statistics reported in Table B refer exclusively to these
248 corrected lesion masks. The initial masks had a mean volume of 7.169cm?® and a
median volume of 0.986cm?3. The corresponding reference masks had a mean volume
of 13.902 cm?® and a median volume of 1.054cm?®. For both mask types, the mean was
substantially larger than the median, indicating strongly right-skewed lesion-size distri-
butions influenced by a comparatively small number of larger lesions. Representative
lesion masks covering a range from very small to large lesions are shown in Figure [.
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Figure 7: Representative lesion masks of increasing size from the evaluation
dataset. The examples range from 25 to 10184 voxels and illustrate the substantial
variation in lesion size represented in the dataset.

Characteristic Value
Total lesion masks 2494
Lesion masks without recorded correction 2246
Corrected lesion masks 248
Corrected lesion masks [%] 9.9
Include-only lesion masks 83
Exclude-only lesion masks 89
Include-and-exclude lesion masks 76

Corrected lesion masks only

Mean initial mask size [voxels] 3288.8
Median initial mask size [voxels] 453.5
Mean reference mask size [voxels] 6041.1
Median reference mask size [voxels] 458.0
Mean initial mask volume [cm?] 7.169
Median initial mask volume [cm?] 0.986
Mean reference mask volume [cm?] 13.902
Median reference mask volume [cm?] 1.054

Table 2: Lesion-mask statistics of the restricted MEVIS-internal evaluation
dataset. Overall lesion counts are reported for the complete dataset, whereas mask-
size and volume statistics are reported for the 248 corrected lesion masks only. Initial
masks refer to the OneClick segmentations, whereas reference masks refer to the masks
obtained after radiological review. Physical mask volumes were calculated using the
voxel geometry of the corresponding NIfTI image.
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Figure 8: Distribution of correction status across reference lesion-size classes
in the restricted MEVIS-internal evaluation dataset. Bars show the relative
proportions of unchanged, include-only, exclude-only, and include-and-exclude lesions
within each size class. The number of lesions in each class is shown on the right. The
proportion of corrected lesions generally increases with lesion size, with particularly high
correction rates among the largest lesions.

Figure B illustrates the distribution of correction types across different reference lesion-
size classes. Only a small proportion of lesions containing 10-499 voxels were manually
corrected. The proportion of corrected lesions increased in the larger lesion-size classes,
except for the smallest category. In particular, corrections were recorded for more than
80% of lesions containing at least 10000 voxels. One possible explanation is the fixed
patch size of the OneClick tool, which can limit the segmentation of large lesions. The
smallest lesion-size category showed a comparatively high proportion of exclude-only
corrections.

The dataset covers different types of metastatic lesions, including lung, lymph-node,
and liver lesions. As illustrated in Figure O, lung lesions were the most frequent cate-
gory with 1135 lesion samples, followed by liver lesions with 502 cases and lymph-node
lesions with 296 cases. Relative to their frequency, lung and liver lesions were corrected
infrequently, whereas corrections were recorded for more than 20% of lymph-node lesion
masks. Skeletal lesions had the highest correction rate. For all lesion types represented
by more than 100 cases, both include and exclude corrections occurred.

Error component statistics.

Component sizes were quantified both as voxel counts and as physical volumes based on
the voxel geometry of the corresponding NIfTT image. The 248 corrected lesion masks
resulted in 590 connected error components, including 317 include and 273 exclude com-
ponents. The component-size distributions were strongly right-skewed. Include com-
ponents had a mean volume of 6.025 cm? and a median volume of 0.054 cm?, whereas
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Figure 9: Distribution of lesions by lesion type and correction status in the
restricted MEVIS-internal evaluation dataset. For unchanged lesion masks, no
manual correction was recorded. Include-only lesions contained connected components
that were added to the segmentation mask by the radiologist, whereas exclude-only
lesions contained connected components that were removed from the mask. Lesions
with both include and exclude changes contained both added and removed connected
components. Lung and liver lesions were predominantly unchanged, whereas lymph-
node and skeletal lesions showed comparatively higher proportions of corrected masks.
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Characteristic Value

Total error components 590
Include components 317
Exclude components 273
Mean include component size [voxels] 2484.2
Median include component size [voxels] 27.0
Mean include component volume [cm?] 6.025
Median include component volume [cm3] 0.054
Mean exclude component size [voxels] 384.4
Median exclude component size [voxels] 34.0
Mean exclude component volume [cm?] 0.879
Median exclude component volume [cm?] 0.071
Components smaller than 10 voxels 204
Components larger than 500 voxels 83
Single-axial-slice components 363 (61.5%)

Include components 190

Exclude components 173

Table 3: Statistics of connected error components in the restricted MEVIS-
internal evaluation dataset. Component sizes are reported as voxel counts and as
physical volumes calculated using the voxel geometry of the corresponding NIfTT image.
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Figure 10: Distribution of connected error-component sizes in the restricted
MEVIS-internal evaluation dataset. Blue bars represent include components that
were added during manual correction, whereas orange bars represent exclude components
that were removed from the initial segmentation. Most components contained fewer than
100 voxels, although larger components occurred for both correction types.

exclude components had a mean volume of 0.879 cm? and a median volume of 0.071 cm?.

Overall, 363 error components (61.5%) were restricted to a single axial image slice.
These comprised 190 include components and 173 exclude components. In addition, 204
components contained fewer than 10 voxels, whereas 83 components contained more than
500 voxels. Figure I presents the error-component distribution across component-size
classes in greater detail. Most error components contained fewer than 100 voxels.

To account for differences in lesion size, the relative component size was calculated
by dividing the voxel count of each error component by the size of the corresponding
reference lesion mask. The same normalization was applied to include and exclude
components, enabling a direct comparison between both error types. Figure [ shows
the resulting distribution. Although many error components were small in absolute
terms, some represented a substantial proportion of the corresponding reference lesion.

Shapes of error components.

The geometry of connected error components was characterized using principal compo-
nent analysis (PCA). PCA identifies orthogonal principal directions from eigenvectors
of a covariance matrix, while the corresponding eigenvalues quantify the variance along
these directions [21]. The descriptors were based on the principal-moment ratios used
for label-shape analysis in ITK [IR]. In this thesis, the ratios were expressed in reciprocal
form such that their values are bounded between zero and one. Let C = {wy,...,wy} C Q
be a connected error component. Using the physical voxel position z; = x(w;) as defined
in Section 270 (Equation B), the physical centroid of the component is given by

1 N
7j=1
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Figure 11: Distribution of connected error-component sizes relative to the
reference mask in the restricted MEVIS-internal evaluation dataset. Blue bars
represent include components that were added during manual correction, whereas orange
bars represent exclude components that were removed from the initial segmentation.
Most error components account only for a small fraction of the corresponding reference
lesion, while large relative errors occur less frequently.

The covariance matrix of the physical voxel-center distribution is defined as
1
Y =5 (@ = 7)(w5 - 7).
j=1
Let
AM>A>A32>0

denote the eigenvalues of ¢ in descending order. The square roots of the eigenvalues
describe the spatial spread of the component along its three principal axes.
Linear elongation was defined as

and flatness was defined as

F(C) = \/i»z

Both descriptors are dimensionless and take values between zero and one. An elongation
ratio close to one indicates similar spatial spreads along the first and second principal
axes, whereas a small value indicates a dominant first principal axis and therefore a more
elongated component. A flatness ratio close to one indicates similar spatial spreads along
the second and third principal axes, whereas a small value indicates a smaller spread
along the third principal axis and thus a more planar component. Representative error
components with different PCA-based shape characteristics are shown in Figure I2.
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Figure 12: Representative error components with different PCA-based shape
characteristics from the evaluation dataset. The compact component exhibits
comparable spreads along the three principal axes. The flat component has a compar-
atively small third principal spread, resulting in a low flatness ratio F'. The elongated
component is dominated by one principal direction, resulting in a low elongation ratio
E. The displayed ratios were calculated using physical voxel coordinates.

PCA-based shape metrics were available for 386 components comprising at least 10
voxels. Components below this size were excluded to reduce sensitivity to voxel dis-
cretization and unstable PCA estimates for very small components. For the visualiza-
tion in Figure 3, components restricted to a single axial slice were excluded, since their
zero extent in the third spatial direction results in a flatness value of zero and would
dominate the flatness distribution. The distributions indicate a broad range of three-
dimensional error-component geometries rather than being concentrated around a single
characteristic shape.

Association between component size and shape descriptors.
Since PCA-based shape descriptors may depend on the spatial extent of an error com-
ponent, their association with component size was examined using Spearman rank cor-
relation [0]. Spearman’s rank correlation was used due to the strongly right-skewed
distribution of component size and its ability to capture non-linear monotonic associa-
tions. In the following, p € [—1,1] denotes the Spearman’s rank correlation coefficient,
with its sign indicating the direction and its magnitude the strength of the monotonic as-
sociation. The corresponding p-value quantifies the evidence against the null hypothesis
of no monotonic association.

Considering all components with valid shape descriptors, component size showed a
moderate positive correlation with the linear-elongation ratio (p = 0.30, p < 0.001) and
a stronger correlation with the flatness ratio (p = 0.61, p < 0.001). However, after
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(a) Distribution of the flatness ratio. (b) Distribution of the linear elongation ratio.

Figure 13: Distributions of PCA-based shape descriptors for multi-slice error
components. Shape descriptors were calculated only for components containing at
least 10 voxels to reduce sensitivity to voxel discretization and unstable PCA estimates
for very small components. Components restricted to a single axial slice were excluded
from the distributions. Smaller values correspond to stronger flatness in (a) and stronger
elongation in (b). Both distributions cover a broad range of values, while strongly flat
or elongated components with low metric values occur less frequently.

excluding components restricted to a single axial slice, both associations were weak,
with p = 0.11 (p = 0.095) for the linear-elongation ratio and p = 0.07 (p = 0.293)
for flatness. Thus, both corresponding p-values exceeded 0.05. This indicates that
the apparent association between component size and PCA-based shape descriptors,
particularly flatness, was largely driven by single-slice error components.

Limitations of the dataset.

The evaluation dataset has four main limitations. First, it contains only patients with
melanoma and is dominated by lung lesions, whereas other lesion types are less repre-
sented. This may limit generalizability of the evaluation results to other tumor entities
and clinical workflows.

Second, the initial point prompt was placed by a single radiologist, who also reviewed
and manually corrected the resulting OneClick segmentation. Therefore, the reference
masks were not independently reviewed by a second radiologist.

Third, the exact locations of the point prompts used for the OneClick tool and the
sequence of subsequent mask corrections were not documented. As a result, individual
user interactions cannot be reconstructed in detail, and the potential influence of prompt
placement and correction order cannot be evaluated. Consequently, the experiments do
not attempt to reproduce the original user interactions. Instead, standardized correction
prompts are simulated from the observed error components as described in Section G2.

Fourth, the distribution of observed error components is conditional on the perfor-
mance of the OneClick model used to generate the initial masks. The observed correc-
tions reflect not only lesion characteristics but also model-specific failure modes. As a
result, error components may be overrepresented for lesion types on which the model
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performs poorly and underrepresented for lesion types on which it performs well. There-
fore, the observed error distribution should not be interpreted as an unbiased estimate
of the general prevalence of segmentation errors across lesion types.

The evaluation results should therefore be interpreted in the context of the specific
dataset composition, model, and annotation workflow.

Implications for model evaluation.

Although manual correction was not recorded for most individual lesion masks, at least
one lesion mask was corrected in 67 of the 93 processed image volumes. The dataset
represents an annotation workflow in which many initial segmentations remained un-
changed, while targeted refinement was still performed on the majority of processed
image volumes.

The recorded corrections consist of both include and exclude connected error compo-
nents and vary substantially in size and geometry. In particular, a refinement method
must handle corrections ranging from a few voxels to large error regions, error compo-
nents with varying degrees of flatness and elongation, as well as components restricted
to a single axial slice. Very small lesions require particular care because changes in only
a few voxels can represent a large relative change in mask volume.

Overall, these characteristics make the dataset suitable for evaluating whether an in-
teractive refinement method can correct diverse localized errors while preserving already
correct parts of the initial segmentation.

4.2 Training Dataset

The publicly available Longitudinal-CT dataset [24, 2] contains 600 whole-body CT
examinations from 300 patients with melanoma. For each patient, the dataset provides
two examinations acquired at different time points: a baseline examination and a follow-
up examination during systemic therapy at University Hospital Tiibingen.

Annotation procedure.

The lesion annotations were created using a two-stage annotation procedure. First, one
radiologist with extensive experience in oncologic imaging initially segmented all visible
primary tumors and metastases on axial CT slices manually. The segmentations were
created from scratch using the web-based CuraMate annotation platform. An adjustable
brush tool was used to define lesion contours and geometric interpolation could be applied
to generate contours on intermediate slices. Baseline and follow-up examinations were
displayed side by side to identify corresponding lesions. In a second stage, the initial
annotations were reviewed by two experienced radiologists, who reached a consensus on
the final lesion masks.

Derived refinement dataset.

The original Longitudinal-CT dataset does not contain initial segmentation masks or
recorded correction steps. Consequently, error components are not directly available
in the source dataset. For the training data used in this thesis, initial lesion masks
were generated using the OneClick tool and compared with the corresponding reference
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masks, which served as target segmentations. The resulting voxel-wise differences were
decomposed into connected include and exclude error components. The complete gener-
ation procedure is described in Section Bl. This section summarizes the resulting data
composition.

Lesion characteristics.

The values in Table @ indicate that almost all generated initial masks differed from their
reference masks. The dataset contained 7170 reference lesion masks. For 7156 masks
(99.8%), the generated initial mask differed from the corresponding reference mask.
Among these masks, 468 contained include regions only, 581 contained exclude regions
only, and 6107 contained both error types. Only 14 generated masks were identical to
their corresponding reference masks.

The generated initial masks achieved a mean Dice score of 0.789 and a median Dice
score of 0.835. The comparatively high initial overlap may partly be explained by the
fact that the OneClick model was trained using baseline data from the Longitudinal-
CT dataset. These values characterize the generated training data and should not be
interpreted as an independent performance assessment of the OneClick model.

Characteristic Value
Total reference lesion masks 7170
Initial masks containing generated errors 7156

Initial masks identical to the reference mask 14 (0.2%)

Include-only lesion masks 468
Exclude-only lesion masks 581
Include and exclude lesion masks 6107
Mean Dice score 0.789
Median Dice score 0.835
Masks containing generated errors

Mean initial mask volume [cm3] 3.600
Median initial mask volume [cm?] 0.350
Mean reference mask volume [cm?®] 8.016
Median reference mask volume [cm?] 0.361

Table 4: Characteristics of lesions in the derived refinement training dataset.
Mask-volume statistics were calculated for the 7156 lesion masks containing generated
errors. Initial masks refer to the OneClick segmentations, whereas reference masks
refer to the manual annotations provided by the Longitudinal-CT dataset. Almost all
OneClick initializations differed from their reference masks, and most erroneous masks
contained both include and exclude errors.

Figure [ shows the distribution of lesion types in the processed dataset. Similar to
the evaluation dataset composition of lesion types shown in Figure O, the same four
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Figure 14: Absolute frequencies for lesion types in the Longitudinal-CT
dataset. Lung lesions form the largest category, followed by lymph-node, soft-tissue
or skin, and liver lesions.

lesion categories were most frequent. Lung lesions formed the largest category, with
2279 lesion masks, followed by lymph-node lesions with 1673 masks, soft-tissue or skin
lesions with 1370 masks, and liver lesions with 1033 masks. Several other lesion types
were represented by substantially fewer cases. Consequently, the training dataset is
dominated by the same four lesion categories as the evaluation dataset.

As illustrated in Figure 3, most lesion masks contained fewer than 500 voxels, with
the largest individual size class comprising lesions between 100 and 499 voxels. At the
same time, 327 reference masks contained at least 10000 voxels.

Error component statistics.

Table B summarizes the error-component characteristics of the derived training data. To
facilitate direct comparison with the evaluation dataset, include components correspond
to missing regions in the initial mask, whereas exclude components correspond to false-
positive regions. The voxel-wise comparison of the generated initial masks and the
corresponding reference masks resulted in 72 197 connected error components. Include
and exclude components occurred with similar frequencies, accounting for 36 863 and
35334 components, respectively.

Include components had a mean volume of 0.937 cm? but a median volume of 0.0046 cm?.
Exclude components had a mean volume of 0.083 cm? and a median volume of 0.0047 cm?3.
The similar medians indicate that the typical component was very small for both error
types, whereas the larger mean volume of include components was influenced by a small
number of large include regions. This difference may partly result from the fixed patch
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Figure 15: Absolute frequencies for lesion size classes of the training dataset.
The lesion-size distribution covered several orders of magnitude and was dominated by
comparatively small lesions with a size smaller than 500 voxels.

size used by the OneClick model.

A graphical overview of the absolute component-size distribution is provided in Fig-
ure [Ba. Overall, 56 151 components (77.8%) contained fewer than 10 voxels, and 52 342
components (72.5%) were restricted to a single axial image slice. The generated training
dataset is therefore dominated by small and spatially localized error components. Nev-
ertheless, 1182 components contained more than 500 voxels, ensuring that the dataset
also includes larger correction regions.

Relative component sizes were calculated using the same definition as for the evaluation
dataset: the size of each error component was divided by the size of the corresponding
reference lesion mask. The resulting distribution is shown in Figure IBH. The median
relative component size was approximately 0.32% for both error types. Thus, the typical
connected component represented only a small fraction of the corresponding lesion mask,
although a smaller number of components accounted for a substantial part of the mask.
This distinction is relevant for training-data filtering because a component containing
only a few voxels can still represent an important correction for a very small lesion.

PCA-based shape descriptors were calculated for 16046 components containing at
least 10 voxels. After excluding components restricted to a single slice, 8 858 multi-slice
components remained for the distributions shown in Figure 1. The remaining error
components show a broad range of three-dimensional shapes.

Limitations of the training data.

The Longitudinal-CT dataset does not contain imperfect initial segmentation masks or
recorded human correction sequences. Therefore, the initial masks and error components
used for training were generated synthetically using the OneClick model. Their distri-
bution depends on the selected generation procedure and does not necessarily reproduce
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Characteristic Value

Component composition

Total error components 72197

Include components (missing regions) 36863 (51.1%)
Exclude components (false-positive regions) 35334 (48.9%)

Component volume

Mean include component volume [cm?®] 0.937
Median include component volume [cm?] 0.0046
Mean exclude component volume [cm?] 0.083
Median exclude component volume [cm?] 0.0047

Size and slice extent

Components smaller than 10 voxels 56151 (77.8%)
Components larger than 500 voxels 1182 (1.6%)
Single-axial-slice components 52342 (72.5%)

Shape characteristics
Components with at least 10 voxels 16046 (22.2%)
Multi-slice components with at least 10 voxels 8858 (12.3%)

Table 5: Characteristics of the connected error components generated for
refinement-model training. Components were extracted from the voxel-wise differ-
ences between the generated initial masks and the reference masks. Percentages refer to
all 72197 error components.
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(a) Absolute error-component sizes.

(b) Error-component sizes relative to the reference lesion.

Figure 16: Distributions of absolute and relative connected error-component
sizes in the derived refinement training data. (a) Absolute component sizes in
voxels. (b) Component sizes relative to the corresponding reference lesion mask. Both
distributions are dominated by small error components, while a smaller number of com-
ponents are large either in absolute terms or relative to the corresponding lesion.
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(a) Distribution of the flatness ratio. (b) Distribution of the linear elongation ratio.

Figure 17: Distributions of PCA-based shape descriptors for multi-slice error
components. Shape descriptors were calculated only for components containing at
least 10 voxels to reduce sensitivity to voxel discretization and unstable PCA estimates
for very small components. Components restricted to a single axial slice were excluded
from the distributions. Smaller values correspond to stronger flatness in (a) and stronger
elongation in (b). Both distributions cover a broad range of values, while strongly flat
or elongated components with low metric values occur less frequently.

the distribution of interaction sequences in a real clinical annotation workflow.

Furthermore, the source dataset contains only patients with melanoma and is dom-
inated by lung, lymph-node, soft-tissue, and liver lesions. The resulting training data
may represent rare lesion types less comprehensively.

4.3 Summary

The analyses showed that both datasets contain lesions with a wide range of sizes and er-
ror components with different spatial characteristics. The error-component distributions
were dominated by small and localized components, many of which were restricted to
a single axial slice. Nevertheless, both datasets also contained larger error regions with
diverse geometries, ranging from strongly planar or elongated shapes to more compact
components. Furthermore, filtering decisions for the training data should consider the
component size relative to the corresponding lesion mask rather than relying only on an
absolute voxel threshold.

The two datasets also have important limitations. Both contain only patients with
melanoma and are dominated by a small number of common lesion types, which may
limit generalizability to other tumor entities. Furthermore, the correction patterns de-
pend on the performance of the OneClick model. In the evaluation dataset, the observed
corrections reflect the model-specific errors that were identified and corrected by a radi-
ologist. In the training dataset, the error components depend on the procedure used to
generate the initial masks. Finally, because the evaluation dataset informed the design
of the training-data filtering, it does not represent a fully independent test setting.

Despite these limitations, the datasets provide a suitable basis for the aims of this
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thesis. The evaluation dataset contributes clinically motivated correction examples,
whereas the Longitudinal-CT dataset provides the scale required for model training.
Together, they support the development and exploratory evaluation of interactive lesion-
refinement models that must handle diverse error types while preserving already correct
regions of an initial lesion segmentation.
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Chapter 5: Proposed MultiClick Models for Inter-
active Lesion Segmentation

This chapter introduces four task-specific models for point-based interactive lesion seg-
mentation and refinement in CT images, referred to as MultiClick models. They were
developed to investigate whether training specifically on lesion-segmentation and correc-
tion examples can provide a more suitable refinement behavior than a general-purpose
interactive segmentation approach like nnInteractive. The models are intended to re-
spond to correction prompts while preserving regions of an existing lesion mask that are
already correct.

The MultiClick models retain several principles of nnInteractive. Both approaches
build on the nnU-Net framework, incorporate spatial interaction maps through early
prompting, receive a current segmentation mask as input, and retain previous interac-
tions through decaying prompt representations. However, the MultiClick models were
designed specifically for lesion segmentation and refinement in CT images.

A central difference concerns the generation of training interactions. While follow-
up interactions were dynamically derived from the current model prediction during the
training process of nnInteractive, the MultiClick approach uses predefined interac-
tion sequences generated before model training. Initial OneClick segmentations, con-
nected error components, simulated point prompts, and intermediate mask states were
therefore determined independently of the evolving MultiClick predictions. This makes
it possible to control the composition of refinement training data and the corresponding
segmentation targets. The controlled design allows the model to be trained on desired
refinement behavior: responding to correction prompts while minimizing unnecessary
changes to already correct regions of the current segmentation. It also allows individ-
ual training-data design choices to be varied systematically while keeping the remaining
model configuration unchanged.

Based on this, two training-data design choices are investigated: the definition of the
training target and the filtering of refinement samples with certain characteristics. Their
combination resulted in four MultiClick variants introduced in Section B2.

The main similarities and differences between nnInteractive and the MultiClick
models are summarized in Table B. The individual design choices are described in detail
in the following sections.

5.1 Training-Data Generation

Recorded user-interaction sequences were not available for training. We therefore con-
structed controlled lesion-refinement sequences from imperfect segmentations and cor-
responding reference masks. To obtain reproducible and standardized simulated inter-
actions, both error-component selection and point placement were deterministic. The
training-data generation pipeline, including OneClick inference, simulated interaction
generation, and training-patch extraction, was implemented and executed in MeVisLab
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Property

nnlnteractive

MultiClick models

Intended scope

Biomedical general-purpose
open-set 3D instance segmen-
tation

Task-specific lesion segmenta-
tion and refinement in CT

Framework

nnU-Net with ResEnc-L back-
bone

nnU-Net with PlainConvUNet
backbone

Interaction types

Positive and negative points,
scribbles, boxes, and lassos

Positive and negative point
prompts

Input strategy

Early prompting (prompt input
channel)

Early prompting (prompt input
channel)

Training interactions

Generated dynamically from the
current model prediction

Generated before training using
controlled mask updates

Training error-
component selection

Random sampling proportional
to component size

Largest error component

Training point selec-
tion

Probabilistic EDT-based sam-
pling

Maximizer of EDT

Previous prompts

Retained and multiplied by 0.9

Retained and multiplied by 0.9

Training target

Complete selected object in-
stance

Stepwise or final target

Preprocessing Native voxel spacing and image- Target spacing of 0.8 x 0.8 x
wise z-score normalization 1.0mm and CT-specific normal-
ization
Patch size 192 x 192 x 192 voxels 128 x 128 x 128 voxels

Training data

120+ heterogeneous 3D biomed-
ical datasets comprising 64 518
images and 717 148 object in-
stances

Longitudinal-CT dataset com-

prising 600 whole-body CT ex-
aminations from 300 melanoma
patients

Table 6: Comparison of the main design characteristics of nnInteractive and
the proposed task-specific MultiClick models. Both approaches build on nnU-Net
and use spatial prompt maps together with a previous-mask input, but differ in their
network configuration, preprocessing, interaction simulation, and training-target defini-

tion.
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4.2.70. To describe the data generation procedure, the conventions introduced in Sec-
tion @ were used.

Generation of initial OneClick segmentations.
The publicly available Longitudinal-CT dataset, described in Section B2, served as the
basis for generating the training data. Since the dataset contains reference lesion masks
but no imperfect initial segmentations, an initial segmentation mask My was generated
for each reference lesion using the OneClick Lesion Segmentation model described in
Section B2.

Let R denote the reference lesion mask and let

R = fg(R)

denote its foreground voxel set. The point prompt used to generate the initial OneClick
segmentation was selected as a maximizer of the three-dimensional Euclidean distance
transform (EDT) within R:

poc € arg Max g (. Q\R).

The maximally interior voxel was chosen as a standardized simulated OneClick prompt
that lies well within the reference lesion and is less sensitive to boundary uncertainty
than a point close to the lesion surface.
The OneClick Lesion Segmentation model was applied to the corresponding CT image
I using poc, yielding the initial segmentation mask My. Its foreground voxel set is
denoted by
Mo = fg(My).

Throughout this chapter, calligraphic symbols denote foreground voxel sets, whereas the
corresponding non-calligraphic symbols denote binary mask images. In particular, for
each interaction state t,

My =1 pm,,

where 1, denotes the binary indicator mask of M;. The resulting mask M, served
as the initial input mask for the subsequent refinement-interaction sequence. The point
poc was used only to generate My and was not reused as an input prompt during the
subsequent training-sample generation.

Based on the initial OneClick segmentation My, two types of training samples were
generated: refinement samples representing individual correction steps and initial-segmentation
samples representing segmentation from an empty input mask.

Image preprocessing and spatial alignment.

The OneClick inference internally applied the preprocessing described in Section B72.
Its resulting mask was returned in the geometry of the corresponding input CT volume.
Before subsequent preprocessing, the connected error components between the OneClick
mask and the corresponding reference mask were analyzed on the original image grid to
obtain the component-size information used for later sample filtering.
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The CT image, reference mask, and initial OneClick mask were then preprocessed
for the subsequent training-sample generation. The filtering criteria were evaluated on
the connected error components on the original voxel grid, before spatial preprocessing.
In the following, I, R, and M, denote the corresponding preprocessed representations.
Simulated prompt locations, prompt-history maps, input patches, and training targets
were generated on this common voxel grid.

Prompt and patch representation.

The MultiClick models follow an early-prompting strategy, in which user interactions
are provided directly at the network input together with the CT image and the cur-
rent segmentation mask. This makes the interaction information available from the
beginning of feature extraction and allows the network to condition its representation
on the user input throughout the network. Following the early-prompting strategy of
nnInteractive [20], point coordinates therefore have to be encoded as spatial guidance
maps aligned with the image grid.

Previous interactive-segmentation approaches have used local disks, Gaussian heatmaps,
and distance-based representations for this purpose 38, 28]. Spatially localized guidance
representations have the advantage that the effect of adding or moving an interaction
remains locally limited, whereas global distance-transform representations may change
throughout the input domain [36]. Gaussian heatmaps additionally provide a soft rep-
resentation whose values decrease continuously with distance from the interaction cen-
ter [28].

Each simulated point prompt was represented by a fixed three-dimensional Gaussian
kernel. The point-prompt representation was adopted from the nnInteractive-based
MEVIS inference implementation used in this work to ensure a consistent prompt en-
coding between training and inference of the MultiClick models. This representation
slightly differs from the normalized distance-transform representation described for the
original nnInteractive framework [20].

The kernel was obtained by sampling an isotropic Gaussian function

lql3 3
g(Q):eXp<_w ) qe{_?’v---v?’}v

with ¢ = 1.0667 voxels. The sampled values were subsequently min-max normalized to
the interval [0, 1], yielding

__ 9(g) — min, g(r) 3 3
G<q)_maxrg(r)—minrg(7")’ qge{-3,...,3}"

Thus, G(0,0,0) = 1, G(£3,4+3,£3) = 0, and the values decreased with increasing
Euclidean distance from the kernel center. The kernel size and standard deviation were
retained from the MEVIS nnInteractive-based prompt representation and were not
optimized separately in this work. For a prompt location p € €2, its spatial representation
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was defined as
B(p) : Q@ —[0,1], with

G(w_p)a w—pE{—B,...,3}3,
B =
(p)(w) {O, otherwise.

The resulting 7 x 7 x 7 kernel was centered at the prompt location p. The smoothly
decreasing values encode the interaction location together with a small spatial neighbor-
hood while assigning the highest value to the actual prompt position.

Centering the patch at the interaction point ensures that the targeted correction region
is contained in the model input while retaining surrounding image context and relevant
parts of the current lesion segmentation. For any spatial image, mask, prompt-history
map, or tuple of spatially aligned inputs Z, the operation

Crop(Z, p)

extracts a spatial patch centered at the prompt location p. A fixed patch size of
128 x 128 x 128 voxels was used to provide a uniform local input extent for all training
samples and to match the processing size used for the MultiClick network. The fixed
patch size provided local context around the interaction while keeping the computational
requirements of three-dimensional training manageable. In cases where the requested
crop extended beyond the image domain, zero padding was applied to preserve the fixed
patch dimension without introducing artificial image or mask structures outside the orig-
inal image domain. The same padding was applied to all input channels and training
targets to preserve their voxel-wise spatial alignment.

Generation of refinement-interaction sequences.

Independently of the point poc used to generate My, a separate simulated initial include
prompt was derived from the foreground of the resulting OneClick segmentation. This
separates the prompt used for generating the initial segmentation from the interaction
representation used for subsequent MultiClick training. To obtain an initial interaction
point that is located within the current segmentation foreground, piyx was selected as a
maximizer of the Euclidean distance transform of Mj:

Pinit € arg max dgiq (p, Q\ MO)'
PEMo

The same pinir was used for the StepWise and FinalTarget variants. Consequently, the
initial-segmentation samples of both variants had identical inputs and differed only in
their supervised training target.

The OneClick model produced a non-empty initial segmentation mask for every lesion
included in the training-data generation. Therefore, piniy was well-defined for all lesion
cases. This point was used to initialize the include-prompt history, whereas the exclude-
prompt history was initialized as zero:

PO+ = B(Pinit) and Py = 0q.
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Starting from the initial foreground set My, a sequence of up to Tiax simulated
refinement interactions was generated.

For each interaction step t € {1, ..., Tiax}, the include and exclude error regions were
calculated as

5t+ =R\ M;_1,
gt_ = Mt—l \R

The set S;F contains regions that must be added to the current segmentation, whereas
&, contains regions that must be removed. Both error regions were decomposed into
sets of 26-connected error components using the convention defined in Section B.

At each interaction step, the largest remaining error component was selected. This
selection strategy provided a deterministic interaction order and prioritized the volu-
metrically largest residual segmentation error. This represents a heuristic rather than
an assumption about the order in which a real user would perform corrections.

To obtain an adequate point representation from the selected component, the prompt
was placed at a maximally interior voxel according to the Euclidean distance transform
defined in Section 2Z2. This guarantees that the prompt lies inside the selected error
component.

Before adding the new interaction, both prompt-history maps were multiplied by
0.9. Thus, previous interactions remained available to the network but received pro-
gressively lower intensity than more recent prompts. This decay factor was retained
from the nnInteractive-based interaction representation rather than optimized for the
MultiClick models. Depending on the component type, the prompt was inserted into
the corresponding prompt-history map and the current foreground set was updated by
adding or removing the selected component. Point prompts assigned to the same in-
teraction channel were combined using the voxel-wise maximum. This allowed multiple
interactions to be represented within a single channel while preserving the normalized
intensity range of the individual prompt kernels and preventing overlaps from accumu-
lating additively.

Importantly, the updated mask state M; was constructed by applying the selected
component-wise correction and was not generated by a MultiClick model prediction.
Thus, all intermediate mask states and subsequent error components were determined
before model training and were independent of the behavior of the subsequently trained
model. During training-data generation, the maximum number of generated interactions
was set to Tax = 5. This value was a methodological design choice rather than an
optimized interaction limit.

Initial segmentation training samples.
In addition to the refinement-interaction samples, initial-segmentation samples were in-
cluded in the training dataset. These samples represent the setting in which no initial
segmentation mask is available. Therefore, the current input-mask channel was set to
the empty mask

My = 0q.
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The previously defined pinir was used as the positive prompt, with

]Di-rtit = B(pinit) and Py = Oq.
Although My was used to determine the prompt location and served as the stepwise
target, it was not provided through the input-mask channel.

Input representation.
Each training input was represented as a four-channel tensor with spatial dimensions
128 x 128 x 128. Accordingly,

Xt X. it € R4><128><128><128
) mr .

The four channels corresponded to the CT image patch, the current input-mask patch,
and the include- and exclude-prompt-history maps. For the initial-segmentation samples,
the four-channel input was given by

Xinit = Crop ((Ia M@a ‘F)i—ril_ita i;it) 7pinit> .
For the interaction-sequence samples, the input channels were defined as

X; = Crop ((I, Mt—l;Pt+7Pt_>7pt) :

Training-target definitions.

Each training target was represented as a binary mask patch of the same spatial size.
Two target variants were generated for both refinement-interaction samples and initial-
segmentation samples.

For a refinement-interaction sample at step ¢, the stepwise target represented the seg-
mentation obtained after applying the component-wise optimal correction to the current
input mask:

Y = Crop (Mg, pr) -

The final target corresponded to the complete reference segmentation:
yinal — Crop (R, py) .

The FinalTarget strategy follows the target principle used by nnInteractive, for which
the complete reference object is used as the desired segmentation after each interaction.
In contrast, the StepWise strategy corrects only the selected error component in the
supervised target while retaining the remaining mask state. This allows the effect of a
more preservation-oriented target definition to be investigated.
For an initial-segmentation sample, the stepwise target was given by the initial OneClick

segmentation Mjy:

Vioie? = Crop (Mo, pinit) -
The corresponding final target was given by the complete reference segmentation:

vimal — Crop (R, pinit) -

init
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For the StepWise strategy, the initial-segmentation target was chosen as My so that the
initialization sample represents the OneClick-generated starting state, while subsequent
refinement samples teach individual component-wise corrections. In contrast, the Final-
Target strategy uses the complete reference segmentation R as the desired output from
every interaction state. Thus, the two strategies differ in whether the desired output
follows the controlled correction trajectory or directly represents the complete reference
segmentation.

The full procedure is summarized in Algorithm 0. Whenever an arg max contained
multiple candidates, the first candidate according to the internal component or voxel
ordering was selected.

One generated refinement-interaction training sample is illustrated in Figure I&. The
example shows the CT image patch, the current input mask, the include- and exclude-
prompt-history maps, a stepwise target mask, and a combined visualization of all four
input channels and the target mask.

5.2 Training-Data Variants and Model Configurations

Error-component filtering.

The analysis of the evaluation data and the baseline performance of nnInteractive
indicated that very small error components represented a distinct interaction scenario.
In particular, components that were small both in absolute terms and relative to the
corresponding lesion occurred frequently, while interactions targeting such components
showed limited correction potential. The corresponding analyses are presented in Sec-
tion B. Note that the filtering criteria were evaluated on the connected error compo-
nents on the original voxel grids, before spatial preprocessing and training-patch extrac-
tion.

To investigate whether excluding these small components from the training data im-
proved refinement performance, an additional filtered training-data variant was created.
After generating the interaction sequences, each refinement-interaction sample was as-
sociated with the error component C' that had induced the corresponding point prompt.
For the filtered training-data variant, the sample was retained only if both of the follow-
ing conditions were satisfied:

|C| > 3 and 1 > 0.01.

R

Thus, the respective error component had to contain more than 2 voxels and needed
to occupy at least 1% of the corresponding reference-lesion foreground. These specific
thresholds were methodological design choices and were not selected or optimized based
on the evaluation dataset. The unfiltered variant contained all generated refinement-
interaction samples. Filtering was applied only to refinement-interaction samples; all
initial-segmentation samples were retained in both training-data variants.

Table [@ summarizes the effect of the filtering procedure on the generated error com-
ponents. The 29222 samples correspond to the error components selected during the
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Algorithm 1 Generation of MultiClick training samples (for one lesion)

Input: CT image I, reference foreground set R, initial OneClick foreground set My, initial
simulated include-prompt location pj,i;, maximum number of interactions Ti,.x

Output: Collection of training samples .S
Lt pinit € arg maxpe p, dgrid (p, 2\ Mo)

2: POJr (—B(pinit), P(; +— 0q
3 S+ ]

Xy < Crop ((I,OQ7P‘;’_, PO_),pinit)
Y5*P 4~ Crop (Mo, pinit)

Y—()ﬁnal — Cl"Op (Rapinit)

Append (5, (Xo, 5P, Y{inal))

®

fort=1,...,Thax do
9: g:_(*R\Mt_l, 515_ %Mt_l\R
10: C;r — ’Czo(g;r), C; — ICQG(E;)

11 if ¢ UC; =0 then
12: break
13: end if

14: Cy €arg max |C]
cecue;

15: Pt € argmax dgria(p, 2\ Ct)
peCh

16: if C; € C; then

17: P < max(0.9P |, B(p:))
18: P+ 09P_,

19: Mt — Mt—l U Ct

20: else

21: Pt «09P1,

22: P <+ max(0.9P_,,B(p))
23: My — M4 \ Cy

24: end if

25: X; « Crop ((L M; 4, P, P{),pt)
26: Y *P < Crop (My, py)
27: yfnal « Crop (R, py)

28: Append (S, (X, Yt y,inal))
29: end for
30: return S

> Choose initial include prompt.

> Initialize prompt history.

> Construct initial-segmentation input.

> Construct initial training targets.
> Store initial-segmentation sample.

> Determine remaining error regions.
> Extract connected error components.

> Stop if no segmentation errors remain.

> Select largest remaining error component.

> Select maximally interior prompt voxel.

> Update prompt history and current mask.
> Construct refinement input.
> Construct training targets.

> Store refinement sample.
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(a) CT image patch. (b) Current input mask. (c) Stepwise target mask.

(d) Include-prompt history (e) Exclude-prompt history (f) Combined visualization.
map. map.

Figure 18: Example of one generated refinement training sample. The input
consists of a CT image patch, the current segmentation mask, and separate include and
exclude prompt-history maps. The shown target corresponds to the stepwise target used
for supervised training. In blue: Include prompt that represents the current correction
interaction. In orange: Exclude prompt that originates from a preceding correction step
and remains encoded in the prompt history. This example shows only a two-dimensional
plane of a three-dimensional sample; thus, not all prompts are shown in the prompt-
history map visualization and voxels may appear farther from the component boundary
in the displayed axial plane because their three-dimensional distance to the background
is limited by the adjacent out-of-plane background.
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simulated interaction sequence with at most five interactions per lesion. They therefore
represent only a subset of all connected error components identified between the initial
and reference masks. Of the 29222 samples, 17367 were retained, whereas 11 855 sam-
ples were removed. The proportion of removed samples was slightly higher for include-
component samples than for exclude-component samples, with 42.0% and 38.9%, respec-
tively.

Table 7: Error-component filtering statistics. Components were filtered using a
minimum absolute size of three voxels and a minimum relative size of 0.01 with respect
to the corresponding lesion.

Component type Original Retained Removed Removed [%]
Include-component samples 15503 8990 6513 42.0
Exclude-component samples 13719 8377 5342 38.9
All samples 29 222 17367 11855 40.6

Resulting model configurations.

Combining the two training-target definitions with the unfiltered and filtered refinement-
data variants resulted in four MultiClick model configurations. For compact presenta-
tion in the following experiments, the models are abbreviated as SW-A for StepWise
All, SW-F for StepWise Filtered, FT-A for FinalTarget All, and FT-F for FinalTarget
Filtered.

Table 8: Overview of the four MultiClick model configurations.

Model Abbreviation Target Component filtering
StepWise All SW-A stepwise target No
StepWise Filtered SW-F stepwise target Yes
FinalTarget All FT-A final target No
FinalTarget Filtered FT-F final target Yes

5.3 Network Training

All four MultiClick models were trained using the same nnU-Net architecture and train-
ing configuration. The network architecture and optimization settings were kept fixed
across all four models to limit differences between the training runs to the investigated
training-data variants and stochastic effects of model training. The standard nnU-Net
training pipeline described in Section Bl was used without modification.

nnU-Net plans and network architecture.
The three-dimensional full-resolution configuration was used, with an input patch size
of 128 x 128 x 128 voxels.

o1



The resulting architecture was a six-stage three-dimensional PlainConvUNet. The
encoder stages used 32, 64, 128, 256, 320, and 320 feature maps, respectively. All
convolutional layers used 3 x 3 x 3 kernels. The first stage preserved the spatial resolution,
whereas subsequent encoder stages performed downsampling with a stride of 2 x 2 x
2. Each encoder and decoder stage contained two convolutional blocks. Each block
consisted of a three-dimensional convolution followed by instance normalization and a
LeakyReLU activation. Downsampling was performed by strided convolutions, whereas
transposed convolutions were used for upsampling in the decoder.

The target spacing stored in the nnU-Net plans was 0.8 x 0.8 x 1 mm and therefore
matched the spacing metadata of the preprocessed training samples. No additional
intensity normalization was configured for any input channel. The CT channel had al-
ready been normalized, while the mask and prompt-history map channels were provided
in their predefined numerical ranges.

Training procedure.

The four models were trained independently using the default nnU-Net v2 trainer. For
each model, nnU-Net independently generated a random five-fold partition at the level
of the individual training cases, and fold 0 was used for model training and validation.
This corresponded to a 4:1 training—validation split.

Each model was trained for the complete nnU-Net schedule of 1000 epochs with a batch
size of two and an initial learning rate of 0.01. The learning rate was gradually reduced
throughout training according to the standard nnU-Net learning-rate schedule. The
training logs were inspected to verify that all training runs used for evaluation completed
the full 1000 epochs without premature termination. For subsequent inference, the
checkpoint with the best validation performance was selected rather than the checkpoint
from the final epoch.

The training objective was the default compound nnU-Net loss, combining soft Dice
loss and cross-entropy loss. The loss was applied using the standard nnU-Net deep
supervision strategy.

5.4 Inference

For inference, the MEVIS-internal inference macro in MeVisLab, originally developed
for nnInteractive, was adapted to the MultiClick refinement models. Unless stated
otherwise, the same inference procedure was retained, including prompt caching, accu-
mulation of previous interactions, tile-wise processing of inference regions larger than the
network patch size, and conversion of the network output into a binary segmentation.
The main adaptations concerned the model-specific preprocessing, network patch size,
and input representation. The network input consisted of the same four channels as
during training: the normalized CT image patch, the current segmentation-mask patch,
and the include and exclude prompt-history maps. In contrast to the nnInteractive
baseline, the input data were transformed using the preprocessing employed during
MultiClick training-data generation, described in Section BZ. The CT image and
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current segmentation mask were first transformed to the common MultiClick model
grid, after which the prompt-history maps were generated on this grid.

As in the nnInteractive inference pipeline, inference was performed on a local region
centered on the most recently provided point prompt. Its spatial extent was adapted to
the accumulated prompt history. Thus, the minimum inference region was 128 x 128 x
128 voxels. Let e4 denote the extent of the accumulated prompt representation along
dimension d. The inference-region size was defined as

ng = max{128,e4 + 16}.

Restricting inference to a local region provided an input extent consistent with the patch-
based training configuration while avoiding unnecessary processing of the complete CT
volume.

The model predicted a new segmentation for the current inference region. As in the
nnInteractive inference pipeline, softmax was applied to the network output to obtain
class probabilities, which were subsequently converted into a discrete binary segmen-
tation. The geometry of the local prediction was restored with respect to the original
input-image geometry before the segmentation was cached and returned.

This prediction replaced the previously cached segmentation mask; no explicit voxel-
wise combination with the preceding mask outside the inference region was performed.
It subsequently served as the current segmentation-mask input for the next interac-
tion. Consequently, foreground regions of the preceding segmentation located outside
the current inference region were not preserved by the inference pipeline.

5.5 Methodological Limitations

A limitation of the simulated interaction generation is that prompt locations were se-
lected using the Euclidean distance transform on the discrete voxel grid without account-
ing for physical voxel spacing. For an error component restricted to a single axial slice,
each component voxel generally has a background voxel at unit distance in the out-of-
plane direction. The maximum distance-transform value may therefore be attained by
multiple voxels, potentially including most voxels of the component. In such cases, the
implementation selects the first voxel according to the internal voxel ordering. As a re-
sult, the selected point may not coincide with the in-plane center of the component and
may be located closer to its boundary when considered in the corresponding axial slice,
as illustrated in Figure M9. Furthermore, the training data could have been augmented
by generating multiple samples for otherwise identical error components using different
random prompt locations.

A further limitation concerns the prompt selection for the initial-segmentation train-
ing samples of the FinalTarget strategy. The initial prompt pi,ix was derived from the
foreground of the OneClick segmentation M, whereas the desired output of the Final-
Target samples was the reference segmentation R. Since My could differ from R, the
selected point was not necessarily a suitable include prompt for the reference lesion.
In particular, it could be located close to the reference boundary or even outside the
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Figure 19: Example of a shifted simulated exclude prompt for a single-slice error com-
ponent. The component is outlined in red and the prompt representation is shown in
orange. Due to multiple voxels attaining the maximum Euclidean distance-transform
value, the selected prompt is displaced from the in-plane center of the component.

reference foreground in cases where My contained false-positive regions. This may have
introduced inconsistencies between the simulated interaction and the supervised target.
Future training-data generation should therefore derive initial include prompts directly
from the corresponding training target rather than from Mj.

Finally, one limitation concerns the random training—validation split. The five-fold
partition was generated at the level of individual training cases rather than at the lesion
or patient level. Since several training samples were generated from different interaction
steps of the same lesion, closely related samples could therefore occur in both the train-
ing and validation subsets. The validation cases were consequently not fully independent
of the training data, which may have resulted in an optimistic estimate of the validation
performance used for checkpoint selection. However, the trained models were evalu-
ated in the experiments described in Section B using the independent MEVIS-internal
evaluation dataset and were therefore not directly affected by this overlap. In addi-
tion, the random split was generated independently for each of the four model variants.
The exact training and validation subsets were not identical across models, and part of
the observed performance differences may therefore be attributable to variation in the
sampled training cases rather than exclusively to the investigated target and filtering
strategies.
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Chapter 6: Experiments

The experimental evaluation investigates nnInteractive and the proposed MultiClick
models in three complementary interaction settings. First, single-prompt segmentation
evaluates whether the models can generate a complete lesion segmentation from an ini-
tial point prompt. Second, iterative refinement assesses their behavior during successive
corrections of an imperfect OneClick segmentation. Third, isolated error-component
correction evaluates the immediate response to individual correction prompts indepen-
dently of error propagation across an interaction sequence. Together these experiments
assess initial segmentation capability, iterative refinement performance, and the locality
and reliability of individual corrections.

6.1 Segmentation Evaluation Metrics

Segmentation quality was evaluated using complementary global and local measures.
Dice overlap and spatial boundary distance quantify the overall agreement between the
model prediction and the reference segmentation. For interactive refinement, however,
global segmentation quality alone does not indicate whether a correction remained con-
fined to the region addressed by the current prompt. Therefore, additional measures
were used to quantify preservation and segmentation-quality changes outside the se-
lected error component.

Let M denote a predicted binary segmentation mask, and let R denote the corre-
sponding reference mask. Their foreground voxel sets are denoted by M = fg(M) and
R = fg(R).

Dice.

The Dice similarity coefficient is an overlap-based metric originally introduced for com-
paring sets and is widely used for the evaluation of medical image segmentations [7, B7].
For the predicted foreground set M and the reference foreground set R, it is defined as

. 2IMNR
DICQ(M, R) = M

The Dice score takes values in [0,1]. A value of one indicates identical foreground
sets, whereas a value of zero indicates that the two foreground sets do not overlap.
Empty model predictions were recorded separately and excluded from the calculation of
segmentation metrics, since spatial distance metrics are undefined for empty foreground
sets.

Hausdorff distance.
The Hausdorff distance is a spatial distance metric for comparing two finite point sets
[[7). In medical image segmentation, it can be used to quantify the largest spatial
deviation of a predicted segmentation from a reference segmentation [37].

Let OM # () and OR # () denote the boundary sets of the predicted and reference seg-
mentations, respectively. Using the physical point-to-set distance, the directed Hausdorff
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distance from the predicted boundary to the reference boundary is defined as

h(OM,0R) = d ,OR) = in d .
(0M, OR) = max dphys(p, OR) = max min dpnys(p, q)
It therefore corresponds to the largest minimum physical distance from a boundary voxel
of the prediction to the reference boundary.
The symmetric Hausdorff distance is then given by

HD(M, R) = max (h(dM, R), (IR, OM)).

Normalized Hausdorff distance.
The Hausdorff distance is measured in millimeters. A value of zero indicates identical
boundary voxel sets, whereas larger values indicate a larger maximum spatial deviation
between the two segmentations. Since the maximum is taken over all boundary voxels,
the metric is sensitive to individual spatially distant segmentation errors.

To account for differences in lesion size, the Hausdorff distance was normalized by the
maximum physical diameter of the corresponding reference lesion. For diamppys(R) > 0,
the lesion-size-normalized Hausdorff distance is defined as

_ HD(M,R)
H Dnorm (M, R) = diam,pys(R)’

where the maximum physical diameter of the reference lesion is defined as

diamphyS(R) = max dphys (p7 CI)-
P.g€ER

)

The resulting metric is dimensionless.

Dice-based assessment of local mask preservation.

For interactive refinement, the overall Dice score alone does not indicate whether a
correction remained localized to the prompted error region. Let M;_; C € denote
the foreground voxel set of the segmentation before interaction ¢, let M; C ) denote
the resulting model prediction, and let R C € denote the reference foreground set.
Furthermore, let C; C 2 be the error component selected for the current interaction.
The regions of the masks outside this component are defined as

M?Etl = Mt_1 \Ct, M?Ut = Mt \CI_I7

and
R?‘“ =R\ C.

The same spatial component is therefore excluded from the segmentation before and after
the interaction, as well as from the reference mask. The construction of the restricted
masks and the resulting Dice-based comparison is illustrated schematically in Figure 20.
Although the example shows an include-error component, the same exclusion operation
is applied to both include and exclude components. The preservation of the segmentation
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Figure 20: Schematic illustration of global evaluation metrics, and metrics
for mask preservation and segmentation-quality change outside the selected
error component. On the left side is an illustration of the Dice-score and Hausdorff
distance. To the right, the Dice-based metrics for restricted assessment outside the
selected error component are shown. After excluding C; (blue) from the pre-interaction
mask (red), post-interaction mask (yellow), and the reference mask, D}'® measures

. . . . £,b
preservation of non-targeted mask regions. The restricted Dice scores D;"" efore and

DUt (uantify segmentation quality outside the component before and after the
interaction, respectively. Their difference AD?" indicates improvement or deterioration
outside the targeted region. Together, the two measures distinguish localized corrections

from interactions that unintentionally modify other parts of the segmentation.
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outside the selected component is measured by
DP™® := Dice (Mg, M) . (5)

A value of D™ = 1 indicates that the foreground mask outside the selected component
remained unchanged. A value below one indicates that foreground voxels were added or
removed outside the targeted region.

To assess whether changes outside the selected component improved or worsened the
segmentation, the outside masks are additionally compared with the outside reference
mask. The Dice scores before and after the interaction are defined as

t,bef .
Dy = Dice (M?Etl, R;’Ut)

and
D;)ut,after — Dice (M?Ut, Rgut) '

The resulting change in segmentation quality outside the selected component is given by
ADout L Dout,after _ Dout,before (6)
t = t :

A positive value indicates that additional segmentation errors outside the selected com-
ponent were corrected, whereas a negative value indicates that the segmentation quality
outside the selected region deteriorated.

6.2 Experimental Setups

Three complementary experimental setups were used to evaluate nnInteractive and the
four proposed MultiClick models. For all experiments, we used the evaluation dataset,
which is further described in Section BTI. Only positive and negative point prompts were
considered to provide a consistent interaction setting across all models. The setups differ
in the segmentation state provided to the model and in whether and how this state is
updated after an interaction, as described in Sections 6.2.1-6.2.3. Statistical analyses
and visualizations were performed using Python 3.14.0.

6.2.1 Single-Prompt Initial Lesion Segmentation

The first experiment assesses whether an interactive segmentation model can generate
an initial lesion segmentation from a single include-point prompt without being provided
with a prior lesion mask. The experimental workflow is provided in Figure 2.

The experiment was conducted for all 2494 individual reference lesion masks in the
evaluation dataset, including lesions for which no manual correction had been detected in
the original annotation workflow. For each lesion, the model received the corresponding
CT image and one include-point prompt as input. No initial segmentation mask was
provided. The OneClick model was not included in this comparison because the reference
segmentations in the evaluation dataset were obtained by manually correcting OneClick
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Figure 21: Experimental setup for single-prompt initial lesion segmentation.
(1) A positive point prompt is selected within the reference lesion and (2) provided
together with the CT image, an empty previous-mask channel, and an empty negative-
prompt channel. nnInteractive and the four MultiClick models independently predict
a complete three-dimensional lesion mask, which is (8) subsequently compared with
the reference segmentation. The setup therefore evaluates the ability of each model to
generate a lesion segmentation from a single spatial prompt without information from a
previous mask.

predictions. In particular, for lesions without a recorded manual correction, the reference
mask is identical to the corresponding OneClick prediction.

The prompt location was selected as an EDT maximizer within the reference lesion,
following the definition in Section 7. The reference mask was used only for prompt
generation and subsequent evaluation.

Each lesion was processed using a single model inference without subsequent refine-
ment interactions. The resulting predicted lesion mask was compared with the corre-
sponding reference mask using the evaluation metrics described in Section G

6.2.2 Iterative Error-Guided Five-Click Refinement

The second experiment evaluates the ability of the models to iteratively refine an im-
perfect initial lesion mask using error-guided point prompts. Only the 248 lesion cases
for which a manual correction of the automatic OneClick mask was recorded were used.
For these cases, the initial and reference masks differed and therefore contained at least
one connected error component from which a correction prompt could be generated.
The five-click refinement loop is shown in Figure B2. For each lesion, the original
OneClick segmentation was used as the initial current mask and provided through the
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Figure 22: Experimental setup for iterative error-guided five-click refinement.
(1) Connected error components are determined from the differences between the current
mask and the reference segmentation. (2) The largest remaining error component is
selected, and a corresponding include or exclude point prompt is placed at an EDT
maximizer within the component and (3) added to the accumulated prompt history.
From this, together with the CT image and current mask, (4) the evaluated model
generates an updated lesion segmentation which becomes the new current mask. (5)
The updated segmentation is evaluated against the reference segmentation. Steps (1)—
(5) were repeated up to five times and the loop was initialized using the initial OneClick
segmentation. The setup evaluates complete refinement trajectories in which each model
response directly determines the segmentation state and the error components available
at subsequent interactions.

previous-mask input channel. The connected error components were determined from
the voxel-wise difference between the current mask and the corresponding reference
mask using 26-connectivity. The error component containing the largest number of
voxels was selected, and an EDT maximizer within the selected component was used as
the first correction-point prompt. Selecting the largest remaining component provided a
deterministic interaction order and prioritized the error region with the largest voxel-wise
contribution to the current segmentation error. This selection constitutes a heuristic and
is not intended to reproduce the order in which a radiologist would necessarily address
individual errors. An include prompt was generated for an include component, whereas
an exclude prompt was generated for an exclude component.

All refinement steps were performed within a single iterative inference session. At each
iteration, the model received the CT image, the current segmentation mask, and the
accumulated click history. After a new correction prompt was added to the interaction
history, the model generated an updated lesion mask. This model output was stored
as the current mask and reused as the mask input for the next refinement step. All
previously generated include and exclude prompts were retained and provided together
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with the newly generated prompt.

The updated model output was subsequently compared with the reference mask to
identify the largest error component and generate the next correction prompt. This
procedure was repeated until a total of five correction prompts had been applied. In
the case where a prediction mask became identical to the reference mask before the
fifth iteration, no further correction prompt was required. For the analysis of global
segmentation performance, the resulting optimal segmentation state was carried forward
to the remaining interaction indices. Interaction-based metrics were only evaluated for
interactions that were actually performed.

This setup reflects an iterative refinement process in which each model prediction de-
termines the segmentation state available for the next interaction, similar to the training
pipeline used for nnInteractive. However, it does not isolate the model response to the
error components that originally required manual correction by the radiologist, because
subsequent error components depend on the preceding model predictions. The isolated
error-component experiment complements this evaluation by assessing individual cor-
rections under controlled conditions, using only real corrections by the radiologist.

6.2.3 Isolated Error-Component Correction with Optimal Mask Updates

The third experiment evaluates the model’s ability to correct individual error compo-
nents under controlled conditions. As in the second experiment, only the 248 lesion cases
in which manual corrections of the automatic OneClick mask occurred were included.
However, in contrast to the five-click refinement experiment, the model output was not
reused as the current mask for the subsequent correction step. Instead, the selected
error component was corrected optimally in the current mask, and the resulting mask
was used to initialize the next iteration.

Figure 23 illustrates the workflow of this experiment. For each lesion, the original
automatic segmentation was used as the initial current mask. Connected error compo-
nents were determined from the voxel-wise difference between the current mask and the
corresponding reference mask using 26-connectivity. The error component containing
the largest number of voxels was selected, and the correction-point location was selected
as an EDT maximizer within the selected component. An include prompt was generated
for an include error component, whereas an exclude prompt was generated for an exclude
error component. The deterministic point placement in this experiment additionally re-
duced prompt-location variability as a confounding factor when analyzing the influence
of component size, shape, and type.

The model received the CT image, the current mask, and the generated correction-
point prompt as input and produced a refined lesion-mask prediction. Each correction
step was performed in a separate inference session. This was done to isolate the model
response to the currently selected error component from the influence of previous inter-
actions.

In parallel, an optimal component-wise correction was applied directly to the current
mask. For an include component, all voxels belonging to the selected component were
added to the current mask. For an exclude component, all voxels of the selected compo-
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nent were removed. The resulting optimally corrected mask was then used as the new
current mask for the next iteration, independently of the model prediction.

The model output was recorded and evaluated for each correction step. It was com-
pared with the current input mask, the corresponding reference mask, and the optimally
corrected mask. The procedure was repeated while the largest remaining error compo-
nent contained more than five voxels. This decision was a heuristic restriction of the
experimental analysis rather than based on a clinically motivated threshold. The con-
sequences of this restriction are discussed in Section 629. Of the 590 error components
identified in Chapter B, 413 error components from 230 lesion masks contained at least
6 voxels and were used in this experiment.

Prompt history was not retained because the purpose of this experiment was to isolate
the model response to the currently selected error component. Previous prompts would
provide additional interaction information unrelated to the current component and could
therefore confound the analysis of correction performance with respect to component
size, shape, and type.

6.3 Single-prompt Initial Lesion Segmentation

The metrics of nnInteractive and the four task-specific models resulting from the
single-prompt initial lesion segmentation experiment are summarized in Table 8. All four
task-specific models outperformed nnInteractive in the single-prompt setting. The
StepWise variants achieved the strongest overlap-based performance, with StepWise
Filtered obtaining the highest median Dice score. Both StepWise variants also achieved
the lowest median Hausdorff distance. In addition, empty predictions occurred almost
exclusively for nnInteractive. Differences between the two target definitions were
smaller than the overall difference between nnInteractive and the task-specific models.

Model Empty outputs Mean Dice Median Dice (IQR) Median HD [mm]
Baseline (nnInteractive) 27 (1.1%) 0.591 0.691 (0.411-0.824) 3.000
StepWise All 0 (0.0%) 0.809 0.857 (0.759-0.913) 2.500
StepWise Filtered 0 (0.0%) 0.819 0.866 (0.769-0.919) 2.500
FinalTarget All 2 (0.1%) 0.775 0.832 (0.712-0.900) 2.662
FinalTarget Filtered 0 (0.0%) 0.796 0.840 (0.738-0.901) 2.624

Table 9: Performance of nnInteractive and the four task-specific refinement
models in the single-prompt initial lesion segmentation experiment. Predic-
tions were performed for all 2494 lesion cases. Segmentation metrics are reported for
non-empty model outputs. The interquartile range (IQR) is reported using the first and
third quartiles. HD denotes the Hausdorfl' distance.

The corresponding distributions are shown in Figure 24. The Dice-score distributions
of all four task-specific models were shifted towards higher values and showed smaller
interquartile ranges than that of nnInteractive. The differences in Hausdorff distance
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Figure 23: Experimental setup for isolated error-component correction with
optimal mask updates. (1) Starting from the initial OneClick mask, connected error
components are determined relative to the reference mask. (2) The largest remaining
component is selected, and an include or exclude point prompt is placed at the EDT
maximizer within this component. (3) The CT image, current mask, and current point
prompt are provided to the evaluated model. (4) The resulting model prediction is
recorded for evaluation but is not used to update the current mask. Instead, (5) the
selected error component is corrected optimally in the current mask. (6) The opti-
mally corrected mask serves as the component-wise reference for evaluating the model
response, and (7) the updated current mask is used to determine the next remaining
error component. Steps (2)—(7) are repeated until no error component containing more
than five voxels remains. Each model interaction is evaluated independently without
retaining prompt history, thereby isolating the response to the currently selected error
component while preventing model-induced errors from propagating to subsequent cor-
rections.
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Figure 24: Distribution of the Dice score and Hausdorff distance for single-
prompt initial lesion segmentation across the evaluated models. Higher Dice
scores and lower Hausdorff distances indicate better segmentation performance. The
four MultiClick models show consistently higher overlap than nnInteractive, with
the StepWise variants achieving the strongest overall performance. Boxplot whiskers
indicate the 5th—95th percentile range; outliers are omitted.

were less pronounced, although all task-specific models achieved lower median values
than nnInteractive.

6.4 Iterative Five-Click Refinement

Overall refinement outcome.

The overall effect of the five-interaction refinement sequence was first assessed by compar-
ing the final segmentation with the common initial OneClick segmentation (Figure E3).
SW-F and FT-F achieved the largest improvements, with median Dice-score increases of
0.077 and 0.061, respectively. More than 85% of lesions improved with either filtered
variant, while fewer than 10% deteriorated. In contrast, nnInteractive showed substan-
tially more heterogeneous outcomes, with approximately equal proportions of improved
and worsened lesions. SW-A and FT-A rarely deteriorated the initial segmentation but
frequently showed approximately unchanged Dice scores.

Refinement performance over five interactions.

Figure 26(a)—(b) shows the development of global segmentation performance across the
five refinement interactions. All models started from the same initial OneClick segmen-
tations, with a median Dice score of 0.767 and a median lesion-size-normalized Hausdorff
distance of 0.366. Both SW-F and FT-F showed the clearest progressive improvement in
segmentation overlap, with the largest gains occurring during the earlier interactions
and smaller additional improvements thereafter. After five interactions, both filtered
variants reached median Dice scores of approximately 0.89. In contrast, SW-A and FT-A
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Figure 25: Per-lesion refinement outcome after five correction interactions.
Panel (a) shows the Dice-score change between the common initial segmentation and the
segmentation after five clicks. Positive values indicate improvement, and negative values
indicate deterioration. Panel (b) shows the proportion of lesions classified as improved,
unchanged, or worsened using an absolute Dice-score change threshold of 0.001. The
filtered variants show the most consistently positive final refinement outcomes, whereas
nnInteractive exhibits greater lesion-wise variability. Boxplot whiskers indicate the
5th—95th percentile range; outliers are omitted.

changed substantially less over the refinement sequence, while nnInteractive showed a
more heterogeneous response across lesions.

The lesion-size-normalized Hausdorff distance generally decreased during refinement.
After five interactions, FT-F and nnInteractive showed the lowest median normalized
Hausdorff distances, followed by SW-F, whereas SW-A and FT-A retained larger boundary
deviations. The differing model rankings for Dice score and normalized Hausdorff dis-
tance indicate that improvement in segmentation overlap did not directly correspond to
the same degree of improvement in boundary agreement.

Preservation of unaffected mask regions.

Panels (c) and (d) in Figure PA provide a complementary view of the refinement behavior
by evaluating changes outside the currently selected error component. The MultiClick
models preserved these non-targeted regions better than nnInteractive. For all four
MultiClick variants, more than 83% of evaluated interactions achieved a preservation
Dice of at least 0.99, compared with 18.2% for nnInteractive. SW-A and FT-A showed
the highest preservation, with regions outside the selected component remaining com-
pletely unchanged in more than 80% of interactions.

The corresponding Dice-score change outside the selected component further shows
whether such modifications improved or deteriorated agreement with the reference mask.
The median change was approximately zero for all MultiClick variants, whereas nnInteractive
showed a median decrease of 0.020. Changes outside the targeted component deterio-
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Figure 26: Refinement performance across five error-guided correction interac-
tions. Panels (a) and (b) show the distribution of Dice score and lesion-size-normalized
Hausdorff distance, respectively. All models start from the same initial OneClick model
segmentation at interaction 0. Panel (c¢) shows the preservation Dice between the pre-
and post-interaction mask outside the selected error component, whereas panel (d) shows
the corresponding change in Dice score relative to the reference mask outside this com-
ponent. Values in panels (c) and (d) are reported only for interactions that were actually
performed. The filtered MultiClick variants show the strongest progressive improve-
ment in segmentation overlap, while the unfiltered variants preserve non-targeted mask
regions more strictly but respond less strongly to correction prompts. Boxplot whiskers
indicate the 5th—95th percentile range; outliers are omitted.
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rated the segmentation in 83.5% of nnInteractive interactions. The particularly high
preservation of SW-A and FT-A, however, has to be considered together with their limited
overall refinement response.

6.5 Isolated Error-Component Correction

Similar to the refinement experiment, the filtered MultiClick model variants showed
the strongest correction response. SW-F and FT-F generally shifted the Dice score to-
wards improvement, whereas SW-A and FT-A frequently produced little or no change
(Figure 24(a)—(b)). nnInteractive showed a less consistent response, with a tendency
towards Dice-score deterioration. The component-wise Oracle achieved considerably
larger improvements than any of the evaluated models, indicating that the selected error
components generally provided further correction potential that was not fully exploited
by the model predictions.

Figure PR shows that include interactions led to stronger positive correction responses
than exclude interactions. The filtered MultiClick variants again exhibited the largest
positive Dice-score changes. nnInteractive showed negative median Dice-score changes
for both interaction types. The locality analysis further differentiated the model re-
sponses (Figure Z4(c)—(d)). The MultiClick models generally preserved mask regions
outside the selected error component, with the highest preservation observed for SW-A
and FT-A. The filtered variants showed larger modifications outside the targeted re-
gion, consistent with their stronger overall response to correction prompts. In con-
trast, nnInteractive produced greater changes outside the selected component. These
changes were also more frequently associated with reduced agreement with the reference
mask, whereas the Dice score changes outside the targeted region remained concentrated
close to zero for the MultiClick models. Overall, the results indicate a trade-off be-
tween responsiveness to correction prompts and strict preservation of non-targeted mask
regions.

To further examine the variability between individual correction interactions, Fig-
ure 29 shows the Dice scores before and after each isolated error-component correction.
Interactions are ordered by their pre-interaction Dice score and shown in the same order
for all models, allowing model responses to identical correction cases to be compared
directly.

The error-component-wise overview confirms the different response patterns observed
in the aggregated analysis. SW-A and FT-A frequently produced outputs close to the
pre-interaction segmentation, whereas SW-F and FT-F showed larger positive corrections
across a broader range of initial Dice scores. nnInteractive exhibited greater variability,
including Dice-score reductions for individual interactions as well as Dice-score improve-
ments. Notably, several deteriorating interactions occurred for the same error-component
cases, suggesting that particular error-component corrections were consistently difficult.
These cases are further investigated in Section BM.

The correction potential generally decreased as the pre-interaction Dice score ap-
proached one, which was also reflected by the component-wise Oracle (Figure BO(a)).
Thus, corrections applied to already highly accurate masks provided only limited poten-
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Figure 27: Performance of isolated error-component corrections across all eval-
uated interactions. (a) Immediate Dice-score change after correction of a single se-
lected error component, including the component-wise optimal correction (Oracle) as
reference. (b) Proportion of interactions resulting in improved, unchanged, or worsened
Dice scores. Improved and worsened outcomes were defined using an absolute Dice-score
change threshold of 0.001. (c) Preservation Dice outside the selected error component.
(d) Change in Dice score relative to the reference mask outside the selected component.
Fach interaction was evaluated independently using the same pre-interaction mask and
selected error component for all models. The filtered MultiClick variants show the
strongest correction response, whereas the unfiltered variants preserve the existing mask
more strictly; nnInteractive shows the largest deterioration of non-targeted regions.
Boxplot whiskers indicate the 5th-95th percentile range; outliers are omitted.
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Figure 28: Dice-score change after isolated error-component correction sep-
arated by interaction type. Boxplots show the immediate Dice-score change for
include and exclude interactions for each evaluated model. The figure highlights that
include interactions generally produced stronger positive correction responses, whereas
exclude interactions more often resulted in little or no global Dice improvements. In par-
ticular, the filtered MultiClick variants showed the most consistent positive response
across both interaction types, while nnInteractive tended to reduce the Dice score.
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Figure 29: Dice score before and after all isolated error-component correc-
tions. Each position on the horizontal axis represents the same error-component cor-
rection across all models. Blue markers indicate the segmentation before the correction
and orange markers the corresponding model output. The filtered variants produce
larger positive corrections across a broader range of cases, while several deteriorating in-
teractions occur at similar positions across models, indicating shared difficult correction
cases.
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Figure 30: Influence of pre-interaction segmentation quality and error-
component size on isolated correction performance. Panel (a) shows the im-
mediate Dice-score change for different ranges of pre-interaction Dice score, whereas
panel (b) groups interactions according to the size of selected error components. The
component-wise Oracle represents the Dice-score improvement obtained when only the
selected component is corrected optimally. Both analyses show that the achievable global
Dice-score improvement is greatest when the initial segmentation contains substantial
remaining error and when the selected component is comparatively large. The filtered
MultiClick variants exploit this correction potential more strongly than the unfiltered
variants.

tial for further global Dice-score improvement. Error-component size showed a comple-
mentary effect (Figure BO(b)), with larger components generally providing greater poten-
tial for Dice-score improvement than smaller components. The unfiltered MultiClick
variants frequently remained close to the pre-interaction state.

Since the analysis showed that the shape descriptors, particularly flatness, were as-
sociated with component size mainly through single-slice components, the analysis in
Figure Bl was restricted to multi-slice error components (see Section B1). Within this
subset, correction responses were compared across the corresponding quartiles. For
both shape descriptors, achievable component-wise Dice improvement increased towards
higher ratio values, as indicated by the Oracle distributions. A similar tendency was ob-
served most clearly for SW-F and FT-F, whereas SW-A and FT-A remained comparatively
close to zero across shape ranges. nnInteractive showed a less consistent response and
tended to deteriorate the segmentation for components with lower ratio values.

Since the Oracle showed the same general increase across the shape ranges, the ob-
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Figure 31: Influence of PCA-based error-component geometry on isolated cor-
rection performance. Panel (a) groups multi-slice error components according to
their flatness ratio, whereas panel (b) groups them according to their linear elonga-
tion ratio. The displayed ranges were determined from the first and third quartiles
of the corresponding descriptor distributions after excluding single-slice components.
The component-wise Oracle shows that the achievable global Dice-score improvement
increases towards higher ratio values for both descriptors. A similar tendency is most
apparent for the filtered MultiClick variants, although the corresponding increase in the
Oracle indicates that these differences cannot be attributed solely to a shape-dependent
model response. Boxplot whiskers indicate the 5th—95th percentile range; outliers are
omitted.

served differences cannot be attributed solely to a shape-dependent model response.
Rather, components with higher flatness or elongation ratios provided greater potential
for improvement in the global Dice score.

6.6 Representative Results and Failure Cases

The quantitative analyses of the three experiments revealed substantial differences in
model behavior as well as recurring failure patterns. To provide a qualitative interpre-
tation of these findings, illustrative successful and unsuccessful segmentation examples
were examined. Particular attention was given to correction interactions that resulted
in similar deterioration across multiple models, as these may indicate limitations related
to the interaction setting rather than isolated model-specific failures.

Tlustrative examples of isolated include and exclude corrections are shown in Figure32.
The examples visualize different model responses observed. While all four MultiClick
models largely preserve existing segmentation, their corrections within the selected error
component are comparatively small, especially for the unfiltered model variants.

Figure B3 shows five illustrative isolated error-component corrections covering different
model-response patterns, including include and exclude corrections and shared failures.
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Figure 32: Representative collection of model outputs for isolated error-
component corrections across the evaluated models. Each column shows one
correction case at the same axial image location. The first row depicts the pre-interaction
state with the current segmentation mask (green), the selected include (blue) or exclude
(orange) error component, and the corresponding point prompt. While all MultiClick
variants successfully preserve existing mask regions (green), the models tend to perform
rather small corrections within the selected error component.
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The examples reflect the quantitative findings: filtered MultiClick variants generally
responded more strongly to correction prompts, whereas the unfiltered variants more
often remained close to the pre-interaction mask. nnInteractive showed less localized
responses in individual cases, with modifications extending beyond the selected error
component in some cases.

A subset of interactions resulted in deterioration for all MultiClick models. To further
specify these deterioration cases, we define a subset of shared failure cases by collecting
every correction case in which all MultiClick models deteriorated the pre-interaction
Dice by more than 0.01. This threshold was chosen to restrict the analysis to cases with
a clearly pronounced deterioration of the input segmentation.

Table M shows that, for most shared failures, parts of the reference lesion extended
beyond the prompt-centered 128 x 128 x 128 voxel inference region. In addition, all
shared failures occurred at already high pre-interaction segmentation quality, with Dice
scores above 0.92.

Shared failures Remaining interactions
Interactions, n 29 384
Lesion outside 128% patch 26 (89.7%) 21 (5.5%)

Median pre-interaction Dice 0.999 [0.992, 1.000] 0.888 [0.619, 0.981]

Table 10: Prompt-centered patch coverage for shared failures and all remain-
ing isolated correction interactions. For the shared failure cases, the cropped patch
does not cover the complete lesion masks in most cases. Furthermore, the overlap before
the interaction is already very good in these cases.

Although shared failures were predominantly associated with high pre-interaction Dice
scores and incomplete lesion coverage by the prompt-centered inference region, they were
not restricted to negligible residual errors. The illustrated exclude correction shown in
the fifth column of Figure B3 contains a non-negligible error component for which the
component-wise Oracle indicated relevant potential for improvement. Nevertheless, all
four MultiClick models reduced the Dice score after the correction.

6.7 Comparison of Training-Data Filtering and Target Design

Across both target designs, training-data filtering was associated with greater respon-
siveness and larger Dice-score improvements in the iterative and isolated correction ex-
periments. The filtered variants improved a larger proportion of lesions and achieved
higher final Dice scores, whereas the unfiltered variants frequently produced no mea-
surable change. Although the unfiltered models preserved regions outside the error
component more strongly, this apparent stability partly reflected their limited response
to the correction prompts.

Differences between the StepWise and FinalTarget designs were smaller and de-
pended on the evaluation metric. StepWise Filtered achieved the strongest Dice-based
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Figure 33: Illustrative examples of isolated error-component corrections across
the evaluated models. Each column shows one correction case at the same axial image
location. The first row depicts the pre-interaction state with the current segmentation
mask (green), the selected include (blue) or exclude (orange) error component, and
the corresponding point prompt. The examples illustrate different correction behaviors
observed in the experiments, including successful corrections, weak or absent responses

to the prompt, model-specific differences, and shared failure cases.
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results in the single-prompt, iterative-refinement, and isolated correction experiments.
FinalTarget Filtered remained close in terms of Dice performance and achieved a
slightly lower normalized Hausdorff distance and slightly stronger preservation out-
side the selected error component. Thus, filtering had the more consistent effect on
model performance, whereas the target design primarily influenced the balance between
segmentation-overlap improvement and spatial preservation.

6.8 Overall Model Comparison

The three experiments provided complementary perspectives on prompt-based lesion
segmentation and refinement of volumetric lesion masks. All four MultiClick mod-
els outperformed nnInteractive in the single-prompt segmentation experiment. Dur-
ing iterative refinement, the filtered variants achieved the largest Dice-score improve-
ment and the highest proportions of improved lesion segmentation masks. Although
nnInteractive achieved the lowest Hausdorff distance, its refinement outcomes showed
greater lesion-wise variation and weaker preservation of regions outside the selected error
component.

The isolated error-component experiment confirmed that these differences were not
caused solely by error propagation along the iterative refinement trajectories. The fil-
tered variants again showed the strongest positive correction response, whereas the unfil-
tered variants frequently remained close to the pre-interaction mask. Differences between
the StepWise and FinalTarget designs were comparatively small relative to the effect
of training-data filtering.

Overall, no model was superior according to every evaluation criterion. However, the
filtered MultiClick variants provided the best overall balance between responsiveness,
segmentation overlap, and preservation of non-targeted mask regions.

6.9 Experimental Limitations

The deterministic point-sampling strategy does not represent the variability of real user
interactions and may provide comparatively favorable, centrally located prompts. Fur-
thermore, selecting the largest remaining error component at each interaction is a heuris-
tic and does not necessarily reflect the order in which a user would correct segmentation
errors in practice.

In the isolated error-component experiment, model predictions were evaluated in-
dependently and optimal component-wise mask updates were used between correction
steps. This controlled setup enables individual correction responses to be compared but
does not represent a realistic interactive refinement workflow in which previous model
outputs and prompt history influence subsequent interactions. Thus, the results do not
represent the complete interaction-setting for which the models were designed. They
should instead be interpreted as component-wise correction responses conditioned on
the current mask and current prompt.

Finally, error components containing fewer than six voxels were excluded from the
isolated correction experiment. The reported results therefore do not characterize model
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behavior for very small residual segmentation errors.
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Chapter 7: Conclusion and Discussion

Aim and approach.

This thesis investigated point-based interactive segmentation and refinement of volumet-
ric lesions in CT images. For this purpose, four task-specific MultiClick models were
developed using precomputed refinement-interaction samples. The models were designed
not only to respond to correction prompts but also to preserve non-targeted regions of an
existing lesion segmentation, thereby keeping correction-induced changes localized to the
targeted error region. The general-purpose nnInteractive model served as a baseline.
All five models were evaluated in three complementary settings covering single-prompt
initial segmentation, iterative five-click refinement, and isolated error-component cor-
rection. Evaluation was performed on a restricted MEVIS-internal dataset containing
OneClick lesion segmentations and corresponding reference masks obtained after radio-
logical review and manual correction. The dataset was additionally analyzed to charac-
terize the frequency, type, size, and geometry of real radiological mask corrections and
thereby provide context for subsequent model evaluation.

Main findings.

Overall, the task-specific MultiClick models showed clear advantages over nnInteractive
for the investigated lesion-segmentation setting. All four MultiClick model variants out-
performed nnInteractive in the single-prompt experiment, with the StepWise model
variants achieving the strongest overall performance. The stronger initial-segmentation
of the StepWise variants in comparison to the FinalTarget variants performance may
partly be explained by the initial prompt construction.

Training-data filtering had a substantially stronger effect on refinement behavior than
the choice of training target. Although StepWise-All and FinalTarget-All showed
strong preservation of existing masks, they frequently produced little or no measur-
able change in response to correction prompts. In contrast, StepWise-Filtered and
FinalTarget-Filtered responded more strongly to the interactions and achieved larger
Dice-score improvements in both the iterative and isolated correction experiments. Dif-
ferences between the StepWise and FinalTarget variants were comparatively small.

The results of the refinement and isolated error-component experiments further re-
vealed differences in model responses. The MultiClick models generally preserved re-
gions outside the targeted error component more strongly than nnInteractive, whereas
nnInteractive more frequently introduced changes outside the prompted region. The
isolated error-component experiment showed that the observed differences between the
models were not only a consequence of error propagation during iterative refinement,
as the filtered MultiClick variants also showed the strongest correction response under
controlled individual interactions.

Interpretation and discussion.

For interactive refinement of already accurate lesion masks, stability alone is not suffi-
cient. A useful model must balance responsiveness to a correction prompt with preser-
vation of unaffected mask regions. This trade-off became apparent for the MultiClick
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variants. Their strong preservation of the existing segmentation was accompanied by
comparatively weak responses to correction prompts.

At the same time, excessive responsiveness can also be undesirable. When only a
small residual error remains, the potential improvement associated with correcting this
region is limited. Unintended modifications elsewhere in the mask may outweigh the
benefit of the intended correction. Interactive refinement should therefore aim to modify
the targeted error region sufficiently while avoiding unnecessary changes to the input
segmentation.

These observations also illustrate why global segmentation metrics alone provide an
incomplete assessment of interactive refinement. Corrections of small error components
may produce only minor changes in the overall Dice score despite being locally correct.
Conversely, a model may improve the targeted region while simultaneously deteriorating
other parts of the segmentation. Evaluating both the overall segmentation performance
and the mask preservation of non-targeted regions provides a more informative charac-
terization of refinement behavior.

Training-data interpretation.

The observed differences between the filtered and unfiltered variants suggest that filtering
had a relevant influence on the trained interaction behavior. The complete generated
training dataset was strongly dominated by very small and spatially localized error
components. For such interactions, the desired target often differs only slightly from the
current segmentation mask. Consequently, a training set containing a large proportion
of these samples may frequently reinforce predictions that remain close to the existing
mask.

This provides one possible explanation for the conservative behavior of the unfiltered
variants, which showed strong preservation but frequently produced little or no change to
the input segmentation. By removing very small error-component samples, the filtered
training variants increased the relative contribution of interactions associated with more
recognizable segmentation changes. This may have provided a stronger training signal
for responding to the correction prompts and could explain the increased responsiveness
observed for StepWise-Filtered and FinalTarget-Filtered.

At the same time, filtering involves a trade-off. Small errors are a relevant part of
interactive refinement, especially for already highly accurate segmentations. Excluding
many such samples may improve responsiveness to larger corrections while reducing the
representation of fine-scale refinement scenarios during training. The filtering strategy
should consequently not be interpreted as showing that small error components are
unimportant, but rather that their frequency within the training data may need to be
balanced against interactions requiring more substantial mask updates.

Limitations and future work.

Several limitations of the presented approach should be considered when interpreting
the results. First, the MultiClick models were trained entirely on synthetically gener-
ated interaction sequences rather than on correction prompts obtained from real users.
The simulated prompts were placed deterministically within selected error components
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and did not include perturbations of the prompt location. Consequently, the training
distribution represents comparatively idealized interactions and does not account for
variability in a real-user scenario. Future work should therefore incorporate more di-
verse prompt simulation, for example by randomly shifting the point locations within
the selected error component. Training or fine-tuning on recorded human interaction
sequences would provide a more realistic interaction distribution.

The construction of the initial point prompt in the training data generation resulted in
a related limitation. The initial prompt was derived from the corresponding OneClick
mask My for both training target variants. Because the FinalTarget variant used the
manually corrected reference mask as the target, the initial prompt may have been posi-
tioned less favorably for this target. This could have contributed to the stronger initial-
segmentation performance of the StepWise variants in comparison to the FinalTarget
variants. This effect was not investigated separately.

A further limitation concerns the selection of error components during both training-
data generation and model evaluation. For MultiClick training data, the largest re-
maining connected error component was selected at each interaction step. The same
selection strategy was subsequently used in the iterative and isolated error-component
experiments. This creates a favorable interaction setting since larger error components
generally provide greater potential for improving global segmentation metrics such as the
Dice score. Moreover, the agreement between the interaction policy used for MultiClick
training and evaluation may favor the proposed models relative to nnInteractive, whose
original training procedure used a different error-component sampling strategy. Thus,
the reported results do not necessarily generalize to interaction sequences in which users
select smaller errors or components in a different order. Future work should consider
stochastic component selection, randomized interaction order, or sampling strategies
that include both small and large residual errors.

The local inference strategy represents another important limitation. The MultiClick
models were evaluated using a prompt-centered inference region with a minimum size
of 128 x 128 x 128 voxels. The resulting prediction replaced the current segmentation
mask without merging foreground regions from the preceding mask outside the inference
region. Consequently, already correct parts of large lesions could be lost when they
extended beyond the local crop, particularly for peripheral correction prompts. The
analysis of shared MultiClick failures showed that incomplete lesion coverage by the
local inference region occurred frequently in such cases. This effect therefore reflects a
limitation of the inference pipeline in addition to the learned model behavior. For future
implementations, the previous segmentation outside the active inference region could be
preserved, the available spatial context could be increased, or an adaptive zooming or
region-selection strategy could be applied.

Relatedly, the initial masks used for refinement-training-data generation were pro-
duced by the OneClick pipeline, which itself operated on a limited local inference re-
gion. This may have influenced the spatial characteristics and error patterns of the
generated training samples, particularly for larger lesions. Future training-data genera-
tion could use larger or adaptive inference regions and should ensure that the complete
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lesion context is retained when constructing refinement examples.

The evaluation was additionally restricted to selected error component types. Very
small components were excluded from parts of the analysis in order to avoid unstable
geometric measurements and corrections dominated by voxel discretization. However,
such small errors are relevant for interactive refinement of already accurate masks. Their
exclusion therefore limits conclusions about the final stages of refinement. Future exper-
iments should analyze these components separately rather than excluding them entirely,
using metrics that are less sensitive to their small absolute size.

The isolated error-component experiment also has limitations related to the interaction
sequence. Although the use of optimal mask updates allowed the immediate response
to individual correction prompts to be analyzed without propagation of model-induced
errors, the resulting input mask still depended on previously corrected error components,
while no prompt history was provided to the model. Future work could therefore inves-
tigate the influence of error-component ordering more explicitly, either by incorporating
the corresponding prompt history or by evaluating each error component independently
using the original automatically generated mask as the input segmentation.

Finally, the comparison with nnInteractive is not fully symmetric. nnInteractive is
a general-purpose interactive segmentation model trained with multiple interaction types
and a different prompt-generation procedure, whereas the proposed MultiClick models
were trained specifically for point-based lesion refinement. Restricting all models to point
prompts provides a common evaluation setting but does not exploit the full interaction
capabilities for which nnInteractive was designed. Conversely, the MultiClick models
benefit from task-specific training data and an interaction policy closely aligned with the
evaluation setting. The comparison of the models should therefore be interpreted as a
comparison under the point-based lesion-refinement setting investigated in this thesis
rather than as a general comparison of interactive segmentation frameworks.

Future work should consequently focus on more realistic and diverse interaction simula-
tion, improved preservation of the existing segmentation during local inference, adaptive
inference regions or zooming strategies, and evaluation on additional lesion datasets and
interaction policies. A larger and more diverse training dataset would further help deter-
mine whether the observed advantages of filtering and target definition generalize beyond
the current experimental setting. In addition, the practical benefit of the task-specific
models in a clinical workflow remains to be established. Reader studies or human-in-
the-loop experiments with radiologists are therefore needed to determine whether the
observed improvements translate into practical benefits and to identify evaluation met-
rics that best reflect clinically relevant refinement performance.

Final conclusion.

This thesis demonstrated that task-specific training can improve point-based interactive
lesion segmentation and refinement in CT images compared with a general-purpose in-
teractive segmentation model. The MultiClick models showed stronger preservation of
existing lesion masks and, for the filtered variants, more effective responses to correc-
tion prompts. The results further showed that training-data composition had a greater
influence on refinement behavior than the investigated target definition, highlighting
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the importance of balancing small preservation-oriented corrections with interactions
requiring larger mask updates.

At the same time, the experiments emphasized that interactive refinement cannot be
assessed solely by global segmentation accuracy. Effective refinement requires both local-
ized corrections and the preservation of correct areas. While the proposed MultiClick
models provide a promising task-specific approach for this setting, limitations of the
simulated interaction strategy and the local inference pipeline indicate clear directions
for further development. Future work should therefore focus on more realistic interac-
tion simulation, improved handling of segmentation regions outside the active inference
region, and evaluation across a wider range of datasets and interaction scenarios.
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