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Abstract

Computed tomography perfusion (CTP) at admission is routinely used to estimate
ischemic core and penumbra, whereas follow-up diffusion-weighted MRI (DWI) obtained
after treatment provides the definitive infarct outcome. However, single time-point segmen-
tations do not capture the biological heterogeneity of stroke and ignore its continuous tem-
poral evolution. We propose a bi-temporal analysis framework that characterizes ischemic
tissue using statistical descriptors, radiomic texture features, and deep feature embeddings
from two architectures (mJ-Net and nnU-Net). Bi-temporal refers to the admission (7})
and the first post-treatment follow-up (7%). All features are extracted at T} from CTP, and
follow-up DWTI is aligned with CTP to ensure spatial correspondence. Manually delineated
masks at T7 and T5 are intersected to construct six regions of interest encoding both initial
tissue state and final outcome. Extracted features were aggregated per region and ana-
lyzed in feature space. Evaluation on 18 patients with successful reperfusion demonstrated
meaningful clustering of region-level representations. Regions classified as penumbra or
healthy at 77 that ultimately recovered exhibited feature similarity to preserved brain
tissue, whereas infarct-bound regions formed distinct groupings.

Deep feature spaces, particularly mJ-Net, showed strong separation between salvage-
able and non-salvageable tissue, while nnU-Net further revealed a gradient-like organization
with core and healthy brain at opposite ends and penumbra occupying transitional posi-
tions. These findings suggest that encoder-derived feature manifolds may reflect underlying
tissue phenotypes and progression trajectories, providing an inshight toward imaging-based
quantification of stroke evolution.

Keywords: Perfusion imaging, CTP, Diffusion MRI, DWI, Radiomic features, CNN em-
bedding, Stroke progression analysis.

1. Introduction

Computed tomography perfusion (CTP) is widely used at the hyper-acute stage at hospital
admission, referred to as T3 in this paper, to quantify cerebral hemodynamics and estimate
ischemic core and penumbra volumes. Ischemia is not clearly visible in raw CTP. However,
from time-attenuation curves, perfusion parametric maps are derived to enable rapid assess-
ment of tissue viability. The parametric maps include cerebral blood flow (CBF), cerebral
blood volume (CBV), mean transit time (MTT), time to peak (TTP), and time-to-maximum
(Tmax) (Wintermark et al., 2006). Using parametric maps, severely hypoperfused regions
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are typically classified as ischemic core, whereas moderately hypoperfused regions represent
penumbra, tissue that may still be salvageable with timely reperfusion.

Magnetic resonance diffusion-weighted imaging (DWI) is highly sensitive to irreversible
cellular injury and is considered the definitive marker of infarcted brain tissue (Yang et al.,
2022). Although DWI visualizes ischemia more clearly than CT, its longer acquisition time
means it is typically obtained 24-72 hours post-stroke at the first follow-up time point
(T3). These images reveal the eventual infarct outcome, serving as ground truth for which
threatened tissue ultimately died or survived (Yang et al., 2022).

Segmentation approaches on CTP and DWI provide operational definitions of core,
penumbra and final infarct regions. Yet these methods often fail to capture the full bio-
logical heterogeneity, temporal dynamics of ischemic tissue injury, and how it evolves with
treatment (Werdiger et al., 2023). Current stroke guidelines allow treatment in selected
patients up to 24 hours after onset (Mainali et al., 2021). In practice, patients with small
infarct cores and large regions of hypoperfused but salvageable tissue can benefit from reper-
fusion therapies well beyond the traditional time window of 4.5 or 6 hours (Mainali et al.,
2021; Werdiger et al., 2023; Nogueira et al., 2018).

Imaging phenotyping involves extracting and defining meaningful patterns or subtypes
from imaging data that reflect underlying tissue physiology or disease states (Van Timmeren
et al., 2020). Population-scale imaging studies show that automated lesion segmentation
yields robust imaging phenotypes (e.g., lesion volume and topography) that stratify patients
and reflect stroke subtypes, highlighting the value of standardized quantitative descriptors
over ad-hoc assessments (Wu et al., 2019). Trajectory-based analyses reveal that recovery
patterns cluster into distinct, predictable subtypes, indicating that stroke phenotypes are
dynamic processes rather than single time-point observations (Krishnagopal et al., 2022).
The phenotyping in ischemic stroke means defining tissue-state subtypes that are not only
relying on a single stroke time point but rather be defined using bi-temporal imaging signa-
tures. It links stroke lesions admission-time perfusion characteristics to follow-up diffusion
outcome lesion.

Recent advances in deep learning have significantly improved the estimation of ischemic
core and penumbra from CTP (Tomasetti et al., 2022a,b). Instead of relying solely on
derived perfusion maps, modern architectures leverage spatiotemporal CTP data to learn
representations that more accurately segment at-risk tissue (Tomasetti et al., 2023). How-
ever, while deep learning enables high performance, the learned latent features that drive
segmentation accuracy remain underexplored. We want to look at what characterizes an
ischemic region at 7T that ends up in a different region at T5.

textbfContributions: In this paper we propose a framework, shown in figure 1, for
quantitative bi-temporal analysis of ischemic tissue evolution. At admission (77), core,
penumbra, and healthy regions are characterized using image-driven signatures comprising
statistical descriptors, radiomic texture features, and deep convolutional neural network
(CNN) embeddings. Deep representations are derived from two segmentation architectures,
a 2D+time mJNet model (Tomasetti et al., 2020) and a 2D nnU-Net framework (Isensee
et al., 2021), whose internal feature maps may provide multi-level descriptors of tissue state
beyond segmentation outputs. These admission-time signatures are then tracked to follow-
up imaging to determine which regions recover and which progress to infarction. Multiple
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Figure 1: Framework of the proposed method. Acute ischemic regions from CTP at T}
are combined with final tissue outcome from DWI at T5 to form six ROI classes.
Image-derived features from four extraction methods are computed on CTP and
grouped according to ROI membership.

region of interest (ROI) are constructed by combining manually labeled regions in CTP
taken at 77 and in DWI obtained at T5.

We hypothesize that the progression of ischemic tissue and its outcome can be described
as trajectories or clustering patterns in feature space, where each coordinate represents a
feature encoding intensity, texture, or latent CNN representation.

2. Dataset Description

The data was acquired at Stavanger University Hospital at two different time points: at
admission (77) full CT protocol including non-contrast CT (NCCT), CT angiography and
CT perfusion scans are obtained. Then after treatment at the first follow up (7%) usually
(24 to 72) hours later, magnetic resonance imaging (MRI) protocol is run and diffusion
weighted images (DWI), are obtained. In this paper we use CTP from 7} and DWI from
Ts. CTP studies are acquired over a slab of the brain during the first pass of iodinated
contrast (Omnipaque 350mg/ml) followed by isotonic saline (total 80ml; 6ml/s, 4s delay).
Each study comprises 512 x 512 images of 13-22 brain slices of resolution 0.425 x 0.425 x 5
mm and a temporal sampling of 30 time points, the first 20 sampled with 1 sec interval, the
last 10 at 2 sec. DWI scans are obtained as 3D volumes with typically 24-60 brain slices in
the axial axis and in-plane resolution between (176 x 176) and (384 x 384).

The full dataset includes 152 acute ischemic stroke patients, where 109 have also gone
through the MRI protocol. Among those 61 showed large vessel occlusion (LVO), where in 48
of them blood flow were preserved after treatment. We refer to them as recanalized patients
in the reminder of this article. Among those 18 patients were selected for this analysis based
on the availability of follow-up DWI imaging, successful spatial co-registration between CTP
and DWI, and complete manual annotations of ischemic regions.
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3. Preprocessing and region of interest construction

The CTP is 4-dimensional (4D) data we denote as Vp(z,y,z,t) € RZX512x51x30 " yere
x and y are the spatial coordinates (resolution 512x512), S; corresponds to the number
of brain slices taken at T1,indexed by z and varies between (13-22). ¢ is the time index
(t € {1---30}). The CTP volumes were rigidly registered to the first time point using an
intensity-based similarity transform to correct for motion within the perfusion sequence.
An automatic brain extraction method (Najm et al., 2019) was used for skull stripping to
remove bone, scalp, and other non-brain tissues. After skull stripping, Gamma correction
(v = 0.5) was applied to suppress low-intensity noise and enhance contrast in hypoperfused
regions, followed by histogram equalization to normalize brightness variations across scans,
described in (Tomasetti et al., 2023). We denote the preprosessed CTP volumes as V (v, t)
where we define Q C Z3 and v € Q as the volumetric index. Looking at CTP slice by slice
but including all time points we denote this as V (z, z;), T € [z, y, ] for a specific slice z;.

3.1. Region of interest construction

The registration and region of interest definitions are illustrated in figure 2.

T1 and T, alignment: The DWI volume typically has lower in-plane resolution and
covers a larger cranial extent than CTP. Therefore we need to register the DWI slices
to the CTP brain slab. Thus, the DWI volumes Dy(x,y, z) were first cropped in the z-
direction to match the axial slices overlapping the CTP slab. The cropped DWI volume
was then registered to the corresponding CTP using a similarity transform driven by an
intensity-based similarity metric and resampled onto the CTP grid (in-plane 512x512). This
procedure ensured spatial alignment between the follow-up infarct and the acute perfusion
sequence. We denote the registered DWI-CTP pair as (D(v),V(v,t)), and for one slice
(D(Z,21),V(Z,2)), where & corresponds to (Z but exclusive the time axis).

Ground-truth labels were produced by two expert neuroradiologists through manual
delineation using an in-house MATLAB-based software (Tomasetti et al., 2023, 2022b). For
the 77 time point, the full CT examination, including Non-Contrast CT, CT angiography
and preprocessed CTP, and perfusion maps(CBV, CBF, TTP, and maximum intensity
projection (MIP)) was used. Regions with increased TTP/Tmax and reduced CBF but
preserved CBV were considered penumbra (p), whereas additional CBV reduction indicated
ischemic core (¢). DWI volume served as reference for generating the final infarct mask,
fi € Q, and the remaining brain voxels at T5 were labeled as b € ). To account for small
boundary inconsistencies, the ischemic core mask (¢ € 2) was morphologically dilated by a
small structure element, and in our work the penumbra (p € Q) is defined as the marked
penumbra region excluding all voxels belonging to the core. To avoid perfusion-related bias,
a region from the contra-lateral hemisphere of the brain at 77 was annotated and used as
healthy brain tissue, called CLB € €. The remaining brain tissue at 77 is denoted Not
hypo-perfused brain: NHB € €.

Bi-temporal ROI logic: To model tissue evolution over time, defined regions at T
were combined with regions at 75 through region mapping and set intersections. Formally,
each voxel v was assigned to one of the following ROIs based on the rule:

ROI}* := Ry N Ry
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Figure 2: Construction of the tissue bi-temporal masks by combining manual delineation
at admission (77) and follow-up (7%). At Ty, preprocessed 4D CTP is annotated
into brain, penumbra and core. At To, DWI is mapped to CTP slab and DWI
co-registered to CTP is annotated for final infarct. The 77 and 75 masks are then
merged into six-ROI mask.

This resulted in a categorical bi-temporal tissue evolution maps ROI g;f € () that gives the
regions for our further investigations:

ROI g g healthy tissue from contralateral hemisphere at admission and remained healthy
ROI J{,Z up tissue initially appearing normal (not hypo-perfused(NHB)) but later infarcted

ROI;; penumbral tissue that recovered fully
ROIIg i penumbra that progressed to infarction
ROI? core tissue showing partial or unexpected recovery
ROI! core that remained infarcted at follow-up
4. Methods

To characterize ischemic tissue, we do image feature extraction (FE) from preprocessed
CTP and relate them to final outcome on follow-up DWI. We consider three feature families
baseline statistical descriptors, radiomic texture metrics, and deep CNN embeddings which
together capture complementary aspects of tissue heterogeneity and provide a compact
representation of stroke evolution between the two time points.

(FE1) Baseline (BL) statistical features are directly derived from 3D CTP data
V(Z, z;). To extract the features, we use a sliding window W(z) € R3*3*30 centered around
Z. From the intensities in V/(W(Z), z;), we compute six first order statistics: mean, standard
deviation, skewness, kurtosis, minimum and maximum (see Appendix A.1 for formulas). Let
g : R3x3%30 5 R6 denote the feature operator. The baseline feature vector for each slice and
location Z is foF(z) = g(V(W(Z),2)) € RS. Location wise feature vectors are mapped to
bi-temporal tissue evolution masks (ROI g%% ). For each patient pt, slice z; and bi-temporal
ROI (Fig. 2), all locations in that ROI are aggregated by element—wise max pooling into a
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Figure 3: Baseline and GLCM feature extraction. (a) Baseline features are computed using
a 3 x 3 x 30 sliding window on CTP and aggregated into region-wise vectors via
tissue evolution masks. (b) Radiomic-based 3D GLCM features are extracted per
slice and assigned to each tissue evolution class.

single descriptor F?tIfRoin € R, so each tissue—evolution class and slice is represented by
one compact feature vector.

(FE2) Radiomic features capture higher order spatial texture beyond first order
intensity statistics. We extract 3D gray level co-occurrence matrix (GLCM) features (Har-
alick et al., 1973) from V (Z, ;) using PyRadiomics (Van Griethuysen et al., 2017). For each
patient pt and axial slice z;, the volume V (z, 2;) is paired with a 3D tissue evolution mask of
identical size, obtained by repeating the 2D bi-temporal ROI mask over all 30 time indexes.
Symmetrical GLCMs are computed with bin width 8 and § = 1 (26 connectivity over 13
directions), yielding 24 GLCM features per slice (Fig. 3(b)). From these, we retain four de-
scriptors: IMC1 and IMC2 (information measures of correlation 1 and 2), MCC (maximal
correlation coefficient), and Correlation (formal definitions in Appendix A.2). IMC1/IMC2
quantify dependence between co—occurring gray levels, MCC reflects texture complexity,
and Correlation measures linear dependence between neighbours. For each patient pt, slice
z; and bi—temporal ROI, the four values are concatenated into F' ii(:;»lOI, 5 € R4, yielding one
radiomic feature vector per tissue ROI and slice.

(FE3 & FE4) Deep CNN-based embeddings are capturing hierarchical, data—
driven representations of ischemic tissue. We derive embeddings from two CTP segmen-
tation encoders trained on our cohort (excluding the 18 recanalized LVO patients): (i)
2D-+time mJ-Net (Tomasetti et al., 2020) that segments core and penumbra from CTP,
and (ii) 2D nnU-Net (Isensee et al., 2021), also a segmentation model where each axial slice
is a 512 x 512 image with 30 time points stacked as channels (fig. 4). In both cases, the
trained networks are used in inference mode purely as feature extractors, without further
fine—tuning.

For mJ-Net, spatio—temporal patches of size 16 x 16 x 30 are densely sampled over
V (&, z) (stride 1), passed through the encoder, and activations from the last convolutional
block (4 x 4 x 1 x 256) are globally average—pooled. The resulting 256D vector is assigned
to the patch centre, yielding a dense map of location—wise deep features. For each patient
pt, slice z; and bi-temporal ROI, all vectors within the ROI are aggregated by element—wise
max pooling to form a slice-level mJ-Net embedding Fﬁfgg‘i’zi € R?%.

For nnU-Net, intermediate feature maps of size 256 x 64 x 64 (channels x height x
width) are extracted from V(z, z;). Bi-temporal ROI masks are downsampled to 64 x 64
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Figure 4: CNN-based deep feature extraction. Left: the 2D+time mJ-Net encoder processes 16 x 16 x 30 patches
and applies global average pooling on the last convolutional block to yield a 256D feature vector per
patch. Right: the nnU-Net encoder produces a 256 x 64 x 64 feature map, providing a 256D feature
vector at each position of a downsampled 64 x 64 grid.

using nearest—neighbor interpolation so that each grid location inherits a tissue label. For
each patient pt, slice z; and ROI, all 256D feature vectors whose grid locations fall inside the
downsampled ROI are max-pooled to obtain a slice-level nnU-Net embedding F ;;{}{g‘ff% €
R?°6. These embeddings act as compact CNN-based descriptors of local CTP dynamics for

downstream similarity analysis, clustering and visualization (see Appendix A.3 for details).

4.1. Assessment techniques

Box plots summarize the distribution of baseline statistical and GLCM radiomic features
across bi—temporal ROIs, providing a compact view of central tendency, variability and
class—level overlap to qualitatively assess feature separability.

t-SINE visualization qualitatively assess the geometric structure of feature represen-
tations. The high-dimensional feature vectors were projected into two-dimensional space
using t-distributed stochastic neighbor embedding (t-SNE) (Maaten and Hinton, 2008).
The resulting embeddings visualize whether samples belonging to different tissue evolution
ROI exhibit separable structure in feature space.

Cosine similarities quantify how similarly the CNN encoders represent tissue evo-
lution ROIs and their value can vary from -1 to 1. In cosine space, ”direction” reflects
whether tissue regions share a common latent evolution pattern. Therefore, cosine similar-
ities close to zero imply representational differences and in case of negative values imply
opposing representational trajectory. We consider 1 as high and -1 as low for cosine sim-
ilarity interpretation. For each patient pt, ROI and slice z;, let ;21}%01721_ € R?36 denote
the fs—normalized feature vector extracted from mJ-Net or nnU-Net. Slice-level vectors
within an ROI are aggregated by element-wise max pooling, ¥, ror = rnzziix Foi'rot 2

We define Sy (ROI, ROIy) = COS(’I/th rOL ¥pt.RO 12) as per—patient cosine similarity and
S(ROI, ROIL,) = ﬁ > ptep Spt(ROI1, ROI,) as group—level where P is the set of patients
for which both ROIs are present.

5. Results and discussion

The proposed framework was evaluated on 18 recanalized LVO patients. We examined 4
categories of features including BL, GLCM, and deep embeddings from mJ-Net and nnU-
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Net across six bi-temporal ROIs defined by combining CTP and DWTI labels. The CNN
models were trained on all 152 patients excluding the 18 LVO patients. Figure 5 shows box
plots of BL and GLCM features, where colors match ROI colors in bi-temporal mask.

GLCM features - Boxplot
Correlation Imel Imc2 mcc
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Figure 5: Box plots of GLCM and statistical features over the six ROIs on slice level for 18
recanalized LVO patients.

Across both GLCM and BL features a consistent trend emerges. Healthy tissue that remains
viable (ROI%L p) exhibits high median values, narrow interquartile ranges, and low vari-
ability, reflecting a stable structural phenotype. In contrast, core tissue evolving into final
infarct (ROIg ") shows lower values and greater dispersion, consistent with a disrupted or
degenerating phenotype. Salvaged penumbra (ROI}D’) generally lies between these extremes
and often more closely resembles healthy tissue, suggesting a reversible phenotype. Among
GLCM descriptors Imc2 provides the clearest separation between healthy/penumbra and
infarcted tissue. ROI!" and ROI? display similar distributions across both GLCM and
baseline features, suggesting that early core tissue at T already shares textural properties
with its eventual infarct outcome. Overall, while baseline intensity features show the same
directional trend as GLCM, they offer weaker separation across regions, supporting the
observation that texture-based metrics capture ischemic degradation more effectively than
raw intensity values.

Figure 6 shows the t-SNE embeddings of FE1-FE4. Symbols encode anatomical region
(circle: brain, square: penumbra, cross: core), while colour represents tissue outcome from
T to Ts (green: salvaged to brain, red: progressing to final infarct). BL and GLCM feature
spaces show partial overlap between tissue types, but a visible tendency for salvaged regions
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Figure 6: t-SNE for mapping distribution of features in six ROIs, a) BL, b) GLCM, c)
mJ-Net and d) nnU-Net. Each point represents one ROI in one brain slice.

(ROIbC LB ROIZI;, ROI%) to cluster toward one side and infarct-evolving regions (ROI{VZ: B

ROI}:i, ROI{:%) toward the other, with GLCM features forming slightly tighter clusters.

The mJ-Net, exhibits more distinct partitioning between salvaged and infarct-prone
tissue. The nnU-Net embedding shows an apparent gradient structure, with core tissue
positioned at one extreme, healthy brain at the opposite end, and penumbra forming a
transitional band between them. Penumbra (ROIZI,’ and ROIIJ: ") occupy intermediate regions,
reflecting their mixed outcome trajectories. Regions destined for infarction form compact
clusters, whereas partially or fully salvaged regions display broader spread, consistent with
greater biological heterogeneity.

Table 1: Cosine similarity of CNN features (a) mJ-Net, (b) nnU-Net.

(a) mJ-Net (b) nnU-Net

ROI%; ; ROIf,, ROIL ROIf ROI? ROIf ROIE; ; ROIf,, ROIS ROIf ROIR ROIf
ROIEJLB 1.00 0.11 0.46 0.25 0.07 -0.13 ROIbLB 1.00 -0.78 0.59 -0.44 -0.52 -0.67
ROI . 011  1.00 -012 041 035 047 RO . -078  1.00 -040 047 056 0.64
ROIE 0.46 -0.12 1.00 0.25 0.02 -0.28 ROIE 0.59 -0.40 1.00 -0.15 -0.10 -0.21
ROIE 0.25 0.41 0.25 1.00 0.36 0.43 ROIE -0.44 0.47 -0.15 1.00 0.53 0.56
ROI? 0.07 0.35 0.02 0.36 1.00 0.65 ROI -0.52 0.56 -0.10 0.53 1.00 0.57
ROII;1 -0.13 0.47 -0.28 0.43 0.65 1.00 ROI£i -0.67 0.64 -0.21 0.56 0.57 1.00
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The cosine similarity values are shown in Table 1. Both for mJ-Net and nnU-Net high
alignment is observed for core turning to brain (ROI?) or ending up as final infarct(ROLf 9,
0.65 in mJ-Net and 0.57 in nnU-Net. None hypo-perfused region at 77 turning to final
infarct, ROI ]{; 7> shows high similarities to core and penumbra turning to infarct (ROIcf ‘
ROIgi), 0.47, 0.41 in mJ-Net and 0.64, 0.47 in nnU-Net, confirming the observation in t-
SNE plots. Features obtained from nnU-Net show strong polarity between salvageable and
infarct-bound tissue (e.g. ROIY; 5, ROIL* (-0.67) and ROI]{,ZBH, ROIL,; 5 (0.78)), similar
values for mJ-Net are (-0.13) and (0.11) respectively.

The nnU-Net encodes recovered tissue at one extreme and infarct tissue at the oppo-
site extreme. These findings indicate that nnU-Net representations more clearly separate
ROIs and can encode outcome-related phenotypes better than mJ-Net. In t-SNE plots for
nnU-Net we saw less distinction between salvaged and infarct-prone tissue however this
is observed in cosine similarities. This can be because cosine similarities are calculated
on class-level aggregated embeddings and while local samples may overlap (seen in t-SNE
plots), their pooled ROI-level centroids can point in opposite directions (negative values in
cosine similarities).

Interestingly, the NHB region, which was manually annotated as none-hypoperfused,
frequently aligns with tissue evolving into final infarct, suggesting that the embedded feature
spaces do not fully agree with initial expert labels. Another limitation arises from co-
registration between CTP and DWI. The two modalities differ in acquisition geometry,
and CTP is frequently acquired with a head tilt to increase brain coverage under dose
constraints. This introduces an axial angulation mismatch that standard 2D registration
cannot fully compensate for, potentially affecting voxel-level correspondence between tissue
states at 17 and T5.

6. Conclusion

We presented an image-driven framework for stroke tissue evolution characterization and
used statistical, textural and deep embedding features. We observed that healthy tissue
from contralateral hemisphere showed a different characteristic compared to ischemic core
at admission regardless of its outcome and salvaged penumbra lies between them but more
similar to CLB. None-hypoperfused at admission but infarct-evolving regions clustering
with core/infarct suggests that learned representations may capture latent vulnerability not
apparent in initial expert labels. Clear trajectory from core, penumbra to healthy tissue
was seen specially in nnU-Net. Overall, our findings support the feasibility of using acute
CTP-derived feature spaces as a basis for imaging phenotyping of stroke tissue evolution.
While the study is limited by cohort size and reliance on a single centre, the proposed
framework opens avenues for larger validation and for introducing stroke tissue phenotypes
into stroke analysis.

7. Compliance with Ethical Standards

This study was conducted in accordance with institutional guidelines and approved by the
regional ethics committee and all data were pseudonymised prior to analysis.
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Appendix A. Supplementary Materials
A.1. FE1: Baseline (BL) statistical features

We provide the formulas for the baseline statistical features used in Sec. 4. Consider the
sliding window W(z) € R3*3%30 denote the local spatio-temporal window centred at Z as
defined in Sec. 4. The intensities in V(W(Z), z;) are collected into a vector {Cj}é\f: | with
N =3 x 3 x 30 = 270.

1 Y 1 Y 9
@) =526 o(@) = \j ~ 2= (G = w@)
Jj=1 j=1
L& G @ 1 G —n@\*
skew(x)—ﬁj;(JU(j) ) kurt(m)_ﬁ;<]o‘(i) ) -3
Umin(%) = | g.ignN G Umax () = | maxy G

Here p(z) and o(z) denote the local mean and standard deviation, skew(z) and kurt(z)
are the skewness and kurtosis of the local intensity distribution, and vyin(Z), Vmax(Z) are
the minimum and maximum attenuation values within YW(z). The “—3” in kurt(z) sets the
kurtosis of a normal distribution to zero for easier interpretation.

Let g : R3*3%30 5 RS denote the baseline feature operator that maps a window W(z)
to the six statistics above. The baseline feature vector at slice z; and location Z is then

BL(z) = g(W(2)) = [1(2), 0(2), skew(), kurt(z), vmin(Z), vmax(7)] | € RE.

For each patient pt, slice z; and bi-temporal region of interest ROI, we define the slice-level
baseline descriptor by element—wise max pooling,

FBL = max BL(z) e RS
pt,ROI,z; Z€ROI -, Z; ( ) )

where ROI,; ., denotes the set of locations Z on slice z; assigned to that bi-temporal tissue—
evolution class.

A.2. FE2: Radiomic features

This appendix gives the formal definitions (Haralick et al., 1973) of the four GLCM-based
radiomic descriptors used in Sec. 4. All notation and preprocessing (3D GLCMs computed
from V(Z,z;) and the corresponding 3D tissue—evolution masks, bin width 8, § = 1, 26—
connectivity) follow Sec. 4.

Let € be an arbitrary small positive number, p(i, j) denote the normalized gray—level co—
occurrence matrix (GLCM) for a fixed distance/orientation pair, and let N4 be the number
of gray levels. The marginal distributions are

Ny Ny
7j=1 i=1
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with means pi,, pt, and standard deviations o, 0,. The entropies of p,, p, and p(i, j) are

Ng
— > pa(i) loga (px(3) + ), Zpy ) logs (py () + €),
=1

Ng Ny

HXY == p(i,j)logy(p(i, j) + ).

i=1 j=1

The Haralick cross—entropy terms are

Ng N‘]
HXY1==% "> p(i,])logs (pe(i)py () + €),
i=1 j=1
Ng NQ
HXY2= =" p.(i)py(§) logs (2 (1)py (5) + ).
=1 j=1

Using these quantities, the four radiomic descriptors are defined as

HXY — HXY1
Imcl = Ime2 = /1 — —2(HXY2 - HXY
B T max(HX, HY} ¢ \/ exp(—2( )
Yo igp(ig) — oty
MCC = /\2(Q), corr = ZHI= ,
OO0y

where A2(Q) is the second-largest eigenvalue of

Zplk )

klpx

IMC1 and IMC2 quantify the statistical dependence between co—occurring gray levels
(IMC1 in [-1,0], IMC2 in [0,1)), MCC measures texture complexity (typically in [0, 1]),
and corr captures the linear dependence of neighbouring gray levels. For each patient pt,
slice z; and bi—temporal ROI, these four quantities are computed on the corresponding 3D
tissue—evolution mask and concatenated into the radiomic feature vector

F]goicﬁnOI - [Imcl, Imc2, MCC, corr] e R?,

A.3. FE3 & FE4

(FE3 & FE4) Deep CNN-based embeddings provide slice-wise representations derived
from two pretrained CTP segmentation encoders: a 2D +time mJ-Net variant and a 2D
nnU-Net (see main text and Fig. 4). In both cases, the networks are used in inference
mode as frozen feature extractors; no additional fine-tuning is applied when generating
embeddings.
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mJ-Net encoder (FE3). From each 3D CTP slice V (Z, 2;), we extract spatio-temporal
patches 16 x 16 x 30 on a dense grid with unit in—plane stride. We use last encoder block to
get features of size 4 x 4 x 1 x 256. Global average pooling over the spatial and depth axes
yields a 256-dimensional descriptor, which we associate with the central in—plane location,
giving a dense map of location-wise features fZJNet(:E) € R?56. These maps are aligned with
the bi-temporal tissue—evolution masks. For each patient pt, slice z; and ROI, all ]"IZIZ,‘JI\IQt (7)
whose locations fall inside the corresponding region are aggregated by element-wise max
pooling,
Fpintz =, max 27 (@) e R,
yielding one 256D mJ-Net embedding per slice and tissue—evolution class.

nnU-Net encoder (FE4). For the nnU-Net backbone, we extract intermediate encoder
feature maps of size 256 x 64 x 64 (channels x height x width) for each slice z;. Let

Q?UNet(u, v) € R?50 denote the feature vector at grid location (u,v) in this 64 x 64 map.
The bi-temporal ROI masks defined at 512 x 512 resolution are downsampled to 64 x 64
using nearest—neighbour interpolation so that each (u,v) inherits a unique tissue label. For
each patient pt, slice z; and ROI, the nnU-Net features whose grid locations lie within the

downsampled region are aggregated by element-wise max pooling,

Froplet = max nnUNet (4, v) € R,
p ) biak 3 ( ROIG4X64 7
w,v)E btz

Thus, both mJ-Net (FE3) and nnU-Net (FE4) provide one compact 256D deep embedding
per patient, slice and bi-temporal ROI, which is used for similarity analysis, clustering and
visualization in the main experiments.
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