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Abstract. Radiomics extracts quantitative features from medical images,
offering biomarkers for diagnosis, prognosis, and evaluation of treatment
response. Yet, its broader application in research is limited by the ab-
sence of standardized, end-to-end workflows for multimodal imaging. We
present an open-source Python-based pipeline that allows for interactive
studies and series selection, as well as automated conversion, segmenta-
tion, and quantitative analysis of positron emission tomography (PET) /
computed tomography (CT) DICOM images. Leveraging widely adopted
segmentation models for PET analysis and CT organ delineation, the
pipeline computes key radiomics, producing structured outputs for analy-
sis. Its modular design facilitates reproducible, scalable, and clinically rel-
evant radiomics studies, addressing a critical gap in medical image anal-
ysis infrastructure. The code is available under: https://github.com/
Clinical-Computational-Medical-Imaging/MUSIQ

1 Introduction

The digitization of medical imaging and the rise of artificial intelligence (Al) have
transformed clinical research and are increasingly supporting daily practice [1].
Within this broader context, radiomics computationally derives quantitative descrip-
tors from medical images, capturing intensity patterns, spatial relationships, and
structural properties beyond visual assessment [2, 3]. These feature sets are applied
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across imaging modalities and diseases, showing promise for linking image data
with disease biology and clinical outcomes [4, 5].

Despite its potential, the adoption of radiomics in clinical data science is hindered
by the lack of standardized, end-to-end workflows [6, 7]. Conventional workflows
depend on separate tools for data handling, preprocessing, segmentation, and feature
extraction, each with distinct dependencies and formats. The lack of integration
increases manual effort, variability, and limits reproducibility. Although tools like
matRadiomics [8], LIFEx [9], and CERR [10] particularly aid non-programmers
in radiomics extraction and analysis, their focus on graphical user interfaces makes
them less suited for seamless integration into deep learning pipelines for advanced
data science.

By integrating complementary anatomical and functional data, PET/CT is par-
ticularly well-suited for combined quantitative analysis [11]. Therefore, we present
an open-source, Python-based pipeline for PET/CT radiomics extraction to address
a critical gap in reproducible, scalable, and extensible radiomics research infrastruc-
ture.

2 Materials and methods

The following section outlines each step of the proposed pipeline (Fig. 1).

2.1 Data preparation and initialization

Relevant imaging series are selected from the digital imaging and communications
in medicine (DICOM) directory using user-defined keywords or via manual selec-
tion. Alignment of PET and CT images is required. DICOM files are converted to
neuroimaging informatics technology initiative (NIfTI) format. For PET data, voxel
intensities are expressed as standardized uptake value (SUV) normalized by injected
dose, physical decay, and patient body weight. Patient data are parsed from DICOM
metadata and structured in JSON format.

2.2 Segmentation

The pipeline supports automated segmentation for functional and anatomical imag-
ing using widely adopted open-source models. PET lesion masks are generated from
SUV-normalized PET volumes with autoPET3 [12]. Anatomical segmentation of
CT data is performed with TotalSegmentator [13] and Moose [14, 15], enabling or-
gan and skeletal delineation. Outputs are stored as NIfTI masks with accompanying
metadata, including model, software version, and execution parameters.

2.3 Radiomics extraction

Computed radiomics metrics cover lesion-wise PET intensity, whole-body tumor
burden, morphological and dissemination descriptors, as well as CT-based measure-
ments.
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For each patient, we first derive conventional SUV-based PET metrics: SUV pax
(highest voxel intensity), SUV pean (mean SUV), and SUV ek, which we define as the
median SUV in a fixed 1 cm® cubic region centered on the hottest voxel (peak-ROI
definitions vary across studies) [16, 17]. Lesion metabolic tumor volume (MTV) is
obtained as the volume of all voxels exceeding either an absolute SUV threshold
(2.5-4.0) [18] or a relative threshold (30-50% of SUV hax) [19].

To capture whole-body disease burden, we aggregate lesion-wise metrics. The
total metabolic tumor volume (TMTV) is defined as the combined volume of all seg-
mented lesions [20]. Total lesion activity (TLA) is computed as SUV e,y multiplied
by the corresponding lesion volume and summed over all lesions [21].

Morphological descriptors are derived from the binary lesion mask. The lesion
count equals the number of spatially distinct connected components. Individual
and total lesion volumes are computed by summing the physical voxel volumes
of the respective components. Surface area is estimated from the isosurface of the
binary mask using a marching-cubes approach with correct voxel spacing [22].
Tumor dissemination (Dp,x) is quantified as the maximum 3D Euclidean distance
between any two lesion voxels and can be standardized by patient anthropometrics
(SDmax) [23]. Organ overlap ratios are obtained by intersecting the lesion mask with
predefined organ segmentations [7].

Input Radiomics extraction

D PET/CT DICOM studies
and series per patient

description keywords

Lesion segmentation

AuloPET3

[ Intensity-based PET metrics

e SUV per lesion: max, mean, peak

e MTV at absolute and relative
cutoffs

cp | o TMTV

L TLA

( )

Mor ical and di inati

metrics

® lesion count

e |esion volume (per lesion and
total)

A ® surface area per lesion

Data preparation

Series selection
e manual identification or
e keyword-based automation

v
Conversion
v
Patient info extraction
DICOM tags are saved
to | patient_info.json
v
SUV computation
PET SUV

Total

CTseg_moose

® Dmax
® organ overlap ratio per lesion
.

CT-based metrics
o HU statistics per lesion:

mean, median, std

v

Consolidation

patient_info.j: son
patient_info.j: son
patient_info., Json

cohort_info.json

Fig. 1. Workflow visualization from data input to result consolidation. Dotted lines indicate
workflow order, solid lines denote conversion/computation. Turquoise boxes describe the data
modality of example images.
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Finally, for each PET-defined lesion, we extract CT-based intensity statistics
(mean, median, standard deviation of Hounsfield units) from the corresponding CT
region to enable joint PET/CT analyses.

3 Results

The following case studies illustrate practical applications of the presented pipeline.

3.1 Automated PSMA-PET-based tumor quantification in prostate cancer
and its association with Gleason score

We retrospectively analyzed in-house prostate-specific membrane antigen (PSMA)
PET/CT scans from 369 patients with histologically confirmed prostate cancer to
evaluate the relationship between PET-derived metrics and histopathological ag-
gressiveness. The median and mean Gleason scores were 7.0 and 7.63, respectively.
Spearman correlation analysis between Gleason scores and all pipeline-computed
radiomics revealed that MTV at thresholds 4.0 (p = 0.416), 3.5 (p = 0.406), 3.0
(p = 0.399), 2.5 (p = 0.397), and TLA (p = 0.403) showed the strongest posi-
tive correlations (p < 0.001), suggesting a significant positive association between
metabolic tumor burden and aggressiveness (Fig. 2).

3.2 Al-based FDG PET/CT analysis for immunotherapy response in
metastatic melanoma

The pipeline was evaluated on 76 patients with metastatic melanoma undergoing
immunotherapy. Baseline and follow-up fluorodeoxyglucose (FDG) PET/CT images
were processed automatically and compared with manual segmentations by a nuclear
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Fig. 2. MTV4 (a) and TLA (b) across Gleason scores, with ¢ indicating mean values. Data
points exceeding 1.5 times the interquartile range were excluded for visual clarity.
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medicine expert. Al segmentations showed good agreement with manual annotations,
particularly for SUVx, TMTYV, and TLA (R2 = 0.86-0.89), while discrepancies
in Dy reflected methodological differences: manual measurements were taken on
coronal maximum intensity projection images, while Al calculated 3D maximal
distance between tumor voxels. Changes in automatically derived metrics between
baseline and follow-up images corresponded well with clinical outcomes (stable
disease, partial metabolic response, mixed response, progressive disease) and were
consistent with lymph node dissection results [24].

4 Discussion

We present an open-source, Python-based pipeline for standardized PET/CT ra-
diomics analysis, addressing the current lack of integrated workflows for radiomics
computation in advanced data science. The pipeline is evaluated in two case studies
using different tracers (PSMA, FDG), yielding results deemed clinically plausible.

Future developments will focus on expanding functionality, improving interop-
erability, and facilitating research adoption, as well as evaluating the robustness on
further real-world clinical datasets. Planned enhancements include the incorporation
of additional radiomics feature sets — such as PERCIST [16] metrics, texture fea-
tures, and multiorgan-derived markers — and expanded segmentation models for both
functional and anatomical imaging, along with meaningful visualizations. Beyond
PET/CT, the pipeline’s modular design allows extension to other imaging modalities,
including MRI and alternative PET tracers beyond FDG and PSMA, enabling more
comprehensive multi-parametric analyses. To facilitate community use and collabo-
ration, the framework will be released as an open-source Python package. Together,
these improvements will strengthen the pipeline’s role as a scalable and extensible
framework for radiomics research and its translation into clinical practice.

By combining robust processing, flexible integration, and a pathway for con-
tinuous expansion, this pipeline lays the foundation for reproducible, multimodal
radiomics analyses that can accelerate digital medicine.
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