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Abstract

Purpose To compare semiquantitative striatal indices produced by two widely used quantification platforms — BasGanV2™
and NeuroTrans3D (Oasis©) — for '*I-loflupane DAT SPECT, to evaluate their diagnostic performance for Parkinson’s dis-
ease (PD) versus non-degenerative presentations, and to determine whether supervised machine-learning (ML) classifiers
can clarify relative utility of the two methods.

Methods Retrospective analysis of 90 consecutive subjects (48 PD, 42 not-PD) undergoing routine '**I-Ioflupane SPECT.
Striatal binding ratios (caudate and putamen, left and right) were computed with both tools. Distributional differences were
tested (Mann—Whitney U and Brown—Forsythe/Levene tests). Three supervised classifiers (Gaussian naive Bayes, k-nearest
neighbours, and SVM-RBF) were trained on four regional metrics from each tool using stratified shuffle-split (60:40 train:
test) repeated 50 times; performance was summarised as mean (95% percentile CI) accuracy, sensitivity, specificity and
AUC.

Results Both quantification methods discriminated PD from not-PD (all regions p<0.0001). NeuroTrans3D/Oasis© pro-
duced consistently higher mean binding values and significantly greater variance than BasGanV2™, ML models trained on
either tool achieved excellent AUCs (0.917-0.960) and similar accuracy (=86—91%), with overlapping confidence intervals
and no single tool/classifier combination clearly outperforming the others.

Conclusion BasGanV2™ and NeuroTrans3D (Oasis©) are comparably effective for distinguishing PD from non-degenera-
tive cases when combined with straightforward ML classifiers, despite systematic differences in absolute values and disper-
sion between tools. ML aids comparison by quantifying discriminative performance but, in this dataset, does not indicate a
clear superiority of one quantification pipeline over the other.
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Introduction

The differential diagnosis of movement disorders—particu-
larly between Parkinson’s disease (PD) and non-degenera-
tive tremor or parkinsonian conditions—remains primarily
grounded in clinical assessment [1, 2]. Nevertheless, early-
stage presentations frequently overlap, making diagnostic
accuracy challenging and often requiring the integration of
multimodal data. Age-related gait changes and tremor may
represent a consequence of aging [3], but also early clinical
symptoms preluding to a neurodegenerative condition, such
as a parkinsonian syndrome. In this early phase, the diag-
nostic tools available are useful for neurologists and geri-
atricians to support the diagnostic process. In this context,
dopamine transporter (DAT) single-photon emission com-
puted tomography (SPECT) with '**I-Ioflupane has become
an established imaging biomarker for the in vivo evalua-
tion of presynaptic dopaminergic integrity to contribute to
a clear and early differential diagnosis among parkinsonian
syndromes and normal aging conditions [4].

DAT SPECT enables visualisation of striatal dopamine
transporter availability, thereby supporting the distinction
between neurodegenerative parkinsonism, such as PD, and
conditions not characterised by nigrostriatal degeneration.
Although expert visual interpretation represents the clini-
cal reference standard, qualitative assessment is inherently
subjective and may be affected by inter-observer variability,
particularly in patients with mild or equivocal findings [5].

To overcome these limitations, semiquantitative analysis
methods have been developed to provide objective indices
of tracer uptake within predefined striatal regions [6, 7].
These approaches typically generate striatal binding ratios
(SBRs) for the caudate nuclei and putamina, improving
diagnostic reproducibility and facilitating longitudinal and
inter-centre comparisons. Among the available tools, Basal
Ganglia V2 (BasGanV2™), a freely available software (http://
www.aimn.it/struttura/gruppi/gs_neuro.php), and the dedicated
neurological application incorporated into the commercially
available Oasis© software (Segami Corporation) represent
widely adopted platforms implementing automated or semi-
automated region-of-interest (ROI) delineation and uptake
quantification according to international procedural stan-
dards [8, 9].

Beyond quantification, the increasing availability of
structured imaging metrics has opened new perspectives
for computational analysis. Machine learning techniques—
particularly supervised classifiers such as Support Vector
Machines (SVMs)—have demonstrated strong performance
in pattern recognition tasks using neuroimaging datasets
[10]. By leveraging multidimensional semiquantitative
descriptors, these algorithms may enhance diagnostic dis-
crimination, especially in early disease stages where uptake
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reductions are subtle [9, 11]. In this scenario, the present
study was designed around three primary endpoints: (1)
to calculate and compare semiquantitative striatal uptake
ratios obtained with BasGanV2™ and Oasis©; (2) to assess
the diagnostic performance of the two methods in dif-
ferentiating PD from non-degenerative conditions using
clinical follow-up as reference standard; and (3) to evalu-
ate the predictive value of software-derived metrics within
a supervised machine learning model, including the relative
contribution of caudate and putamina descriptors in early
disease classification.

Materials and methods
Study design

This retrospective observational, single-centre study was
conducted at the Nuclear Medicine Unit of the Univer-
sity Hospital of Sassari and included patients referred for
123]-Joflupane DAT SPECT imaging due to suspected mild
parkinsonian symptoms, primarily bradykinesia and/or
rigidity, with the clinical aim of confirming or excluding
PD. The final diagnosis was established based on clinical
assessment and neurological follow-up lasting at least 12
months, which served as the diagnostic reference standard
[12].

Inclusion criteria were: (1) age > 18 years; (2) clinical
suspicion of PD; (3) availability of '?*I-loflupane SPECT
imaging; and (4) a minimum clinical follow-up period of
12 months. Exclusion criteria comprised: (1) iodine allergy;
(2) poor-quality or incomplete imaging data; and (3) uncer-
tain or unstable clinical diagnosis after follow-up; and (4)
diagnosis of atypical parkinsonian syndromes, including
multiple system atrophy, progressive supranuclear palsy,
and corticobasal degeneration. Furthermore, all medications
known to potentially interfere with '*’I-loflupane uptake
were discontinued at least 72 h prior to imaging, in accor-
dance with international guidelines [13].

All patients underwent comprehensive clinical evalu-
ation by neurology specialists. This assessment included
routine laboratory investigations and brain MRI in order
to rule out alternative diagnoses. Demographic and clini-
cal variables — including sex, age, and disease duration
— were systematically recorded. On the basis of follow-up
outcomes, patients were classified into two groups: (1) PD
— individuals with a clinically confirmed diagnosis of PD;
and (2) not-PD — subjects in whom degenerative parkin-
sonism was excluded, as they were diagnosed as affected by
age-related gait disturbances and essential tremor. For each
participant, semiquantitative analysis of DAT SPECT data
was carried out using two software packages, BasGanV2™
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and Oasis©. For patients diagnosed with PD, further clinical
data were collected, specifically the Hoehn and Yahr (H-Y)
stage and scores on the Movement Disorder Society—Uni-
fied Parkinson’s Disease Rating Scale (MDS-UPDRS). All
clinical assessments were conducted during the “on” phase
of the disease [14].

This retrospective study was performed for clinical pur-
poses, in compliance with Institutional Review Board regu-
lations and in accordance with the Declaration of Helsinki.
As the analysis was based on data obtained during routine
clinical care, formal approval from the institutional ethics
committee was waived. Nevertheless, written informed con-
sent for both the diagnostic procedures and the anonymised
use of clinical data for scientific research was obtained from
all patients prior to examination.

SPECT acquisition protocol

All patients underwent brain DAT SPECT imaging accord-
ing to international procedural standards and European
Association of Nuclear Medicine’s practice guidelines [13].
Following thyroid blockade with oral potassium perchlorate
(400 mg), '’I-Ioflupane was administered intravenously at
a target activity of 185 MBq, and image acquisition was per-
formed approximately 3.5 h post-injection. SPECT studies
were acquired using a dual-head gamma camera equipped
with low-energy high-resolution collimators (Millenium
MG, GE MEDICAL SYSTEMS), with the energy peak cen-
tred at 159 keV and a + 10% window. Acquisition parame-
ters included 180° rotation per detector, a 128 x 128 matrix,
zoom factor 1.0, angular step of 3°, and 30 s per projection.
Patients were positioned supine, with the head immobil-
ised using a dedicated support to minimise motion artefacts.
Projection data were reconstructed using filtered back-
projection with a Butterworth filter (cut-off frequency 0.5
cycles/cm; order 10). Reconstructed datasets were reori-
ented along the orbitomeatal line and reformatted into trans-
axial, coronal and sagittal planes with a slice thickness of
approximately 2.2 mm. All scans also underwent expert
visual assessment by experienced nuclear medicine physi-
cians blinded to clinical data, for qualitative classification as
normal or abnormal based on striatal uptake patterns.

Image processing

Image analysis was performed using two dedicated soft-
ware platforms, BasGanV2™ and NeuroTrans3D for each
enrolled subject. For both quantitative tools (BasGanV2™
and NeuroTrans 3D/Oasis©), image processing was per-
formed by two nuclear medicine physicians (A.M. and
S.N.), each with more than five years of experience in

neuroimaging. The assessments were conducted jointly, and
discrepancies were resolved by consensus.

BasGanV2™ (Supplemental data, figure S1) utilises a
high-definition, three-dimensional striatal template based
on the Talairach atlas, as previously reported [15]. The
software enables fully automated 3-D segmentation of the
caudate nucleus and putamen in both hemispheres. An opti-
misation procedure automatically refines the alignment of
smoothed templates to achieve the best fit with the radio-
active signal distribution and simultaneously positions an
occipital ROI for background assessment. Correction for the
partial volume effect (PVE) is incorporated during the cal-
culation of binding values for the caudate nucleus, putamen,
and background (occipital cortex). This correction follows a
Talairach—Tournoux atlas-based three-compartment model
of the basal ganglia, in which activity is allocated accord-
ingly. Binding values for the putamen and caudate nucleus
are adjusted by subtracting background binding using the
formula:

[(caudate nucleus or putamen binding

— background binding)

/background binding]

This yields the SBR value for the caudate nucleus and
putamen in each hemisphere.

The neurological tool NeuroTrans 3D (Supplemental
data, figure S2), was implemented within the Mirage Pro-
cessing Application (Segami Corporation, version 5.5), now
integrated into the Oasis© platform. This software charac-
terises striatal dopaminergic activity in terms of binding
potentials (BP), incorporating attenuation correction and
partial volume effect correction through a deformable three-
dimensional model segmentation derived from the modified
Talairach atlas. A BP threshold of 3.3 for both the caudate
nucleus and putamen was established based on 20 healthy
controls matched for sex and age (mean values: 4.9 + 0.71
for the caudate and 4.6 = 0.67 for the putamen) [8].

Although NeuroTrans3D/Oasis© provides quantitative
measures expressed as BP and BasGanV2™ reports SBR,
both metrics were considered equivalent indices of dopami-
nergic activity, as they reflect striatal DAT availability. For
the sake of clarity and consistency, the sole term “SBR” is
used throughout the manuscript as a general descriptor of
dopaminergic activity derived from both software platforms.

Statistical analysis

Statistical differences in the SBR between PD vs. not-PD
and between BasGanV2™ vys. NeuroTrans 3D (Oasis©)
were assessed through non-parametric two-sided Mann-
Whitney U test. Differences in the SBR variance between
the two tools were evaluated by Levene test with the data
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centred around the median (Brown-Forsythe test). All the
results were considered significant for p-values<0.05 after
Bonferroni’s correction for multiple tests.

All the analyses were carried out using Python 3.14.0
with functions from NumPy 2.3.5, pandas 2.3.3 and SciPy
1.16.3. Data visualisation was based on the same version of
Python plus Matplotlib 3.10.8, Seaborn 0.3.12 and statan-
notations 0.7.2 [16].

Machine learning analysis

Supervised classification experiments were carried out to
assess the ability of the SBR values from the four anatomi-
cal regions (CN_L, CN_R, PUT L and PUT R) to differ-
entiate PD vs. not-PD subjects. Classifiers were trained
using the features extracted either through BasGanV2™
or NeuroTrans3D (Oasis©). Three classification models
were considered: Gaussian Naive Bayes (GNB), k-Near-
est Neighbours (k-NN) and Support Vector Classifier with
radial-basis function kernel (SVM). For the k-NN and SVM
grid-search hyperparameter tuning was also performed by
3-fold cross validation on the train set at each train/test split
(as described below). We exhaustively searched the number
of neighbours k € {1,3,5} for the k-NN and the value of
the penalization parameter C € {0.01,0.1,1.0,10.0} for the
SVM. For all the other parameters the default settings pro-
vided by scikit-learn were used.

Accuracy estimation was based on stratified shuffle split
with a train ratio of 0.6—that is, at each split 60% of the
subjects were used to train the classification models and
the remaining 40% to estimate the accuracy. Stratification
guaranteed that the PD vs. not-PD ratio in the train and test
sets was the same as in the whole population. The process
was repeated for n=>50 random splits into train and test sets
(Supplementary material.splits.csv), and four performance

Table 1 Demographic and clinical characteristics of patients and con-
trols

Variable PD (n=48) Not-PD Total
(n=42) (n=90)

Age, years (mean+ SD) 66.1£104 69.3+£9.2 67.6+9.9

Age range, years 39-81 37-82 37-82

Male/Female (n) 35/13 23/19 58/32

Disease duration, months 11.2+46 - -

(mean=+SD)

Hoehn and Yahr stage 1.6+0.5 - -

(mean=+SD)

UPDRS part III score 18.3+6.7 - -

(mean+SD)

De novo, drug-naive at imag- 48 (100%) — -

ing (n, %)

Follow-up duration, months 18.4+2.1 18.1+24 18.3+2.2

(mean=+SD)

PD: Parkinson’s disease; UPDRS: Unified Parkinson’s Disease Rat-
ing Scale
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metrics (accuracy, sensitivity, specificity and AUC) were
recorded at each split. The pooled results were presented
as mean and 95% confidence interval (Cls), the latter being
estimated as the 2.5th and 97.5th percentile of the distribu-
tion of each metric over all the random splits.

At each train/test split preliminary z-score feature nor-
malization was carried out on the train and test set sepa-
rately, with the scaler always fitted on the train data only
to prevent data leakage. The analysis was carried out using
Python, NumPy and Pandas (see above for versions) plus
scikit-learn 1.8.0.

Results
Demographic and clinical characteristics

A total of 90 consecutive patients presenting with mild
parkinsonian features—predominantly subtle tremor, bra-
dykinesia and rigidity—were included in this retrospective
study and underwent '?’I-Ioflupane SPECT brain imaging
to support diagnostic clarification. Following a minimum
clinical follow-up of 12 months, 48 patients were diag-
nosed as PD and 42 as not-PD (subjects affected by nor-
mal aging brain+unsteady gait and subjects affected by
Essential Tremor). Patients with PD were in an early stage
of the disease and also de novo and drug-naive at the time
of DAT imaging. The overall cohort comprised 58 men and
32 women, with age of 67.6+9.9 years (range 37-82 years).
The PD group included 35 men and 13 women, with a mean
age of 66.1+10.4 years, while the not-PD group included
23 men and 19 women, with a mean age of 69.3+9.2 years.
In the PD group, mean disease duration at the time of
SPECT examination was 11.2+4.6 months, and the mean
Hoehn and Yahr stage was 1.6+0.5, consistent with mild,
early disease. The mean UPDRS (motor examination) score
was 18.3+6.7. No significant age difference was observed
between the two groups, and none of the control subjects
developed clinical signs of degenerative parkinsonism dur-
ing follow-up. Patients’ characteristics are summarized in
Table 1, and the anonymized data were provided as supple-
mentary information (Supplementary material.dataset.csv).

PD vs. not-PD

At Mann-Whitney U test, the PD cases had significantly
lower SBR than the not-PD in all the four anatomical
regions, as one would reasonably expect (Table 2; Figs. |—
2). The results were consistent across the two quantification
tools.



Clinical and Translational Imaging

BasGanV2™ vs. NeuroTrans 3D (Oasis©)

NeuroTrans 3D (Oasis©) yielded significantly higher SBR
than generated by BasGanV2™ in all the four anatomical
regions, with mean values respectively in the range 3.66—
5.45 and 2.49—3.85 (Table 3; Fig. 3). On Levene test, Neu-
roTrans 3D (Oasis©) also resulted in significantly larger
data variance (dispersion) than BasGanV2™, with standard
deviation respectively in the range 1.62—1.85 and 1.01—
1.12. This result was again consistent across the four ana-
tomical regions considered (Table 3; Fig. 3).

Machine learning-based prediction of Parkinson'’s
disease

The ability to distinguish PD vs. not-PD cases was shown
to be generally good by machine learning analysis based on
GNB, kNN, and SVM classification models trained on SBR
values from all four anatomical locations (CN_L, CN_R,
PUT L, and PUT_R). Based on Corbacioglu and Askel’s
scale [17] the outcome was excellent in terms of AUC, with
values in the range 0.917—0.960 (Table 4; Figs. 4—S5).
The other metrics also attested good performance in terms
of accuracy, sensitivity and specificity with values rang-
ing from 85.8% to 91.2%, 83.8% to 89.3%, and 88.0% to
97.6%, respectively (Table 4). The confidence intervals for
all the performance metrics indicated substantial overlap

Table 2 Results of the univariate analysis: PD vs. not PD

Region Tool PD not PD p-value

CN_L BasGanV2 3.32+0.88 4.45+0.79 <0.001*
CN R BasGanV2 3.17+0.87 4.49+0.68 <0.001*
PUT L BasGanV2 1.77£0.68 3.55+0.71 <0.001*
PUT_R BasGanV2 1.71£0.69 3.37+0.62 <0.001*
CN_L NeuroTrans3D (Oasis) 4.59+1.33 6.43+1.50 <0.001*
CN R NeuroTrans3D (Oasis) 4.32+1.35 6.32+1.19 <0.001*
PUT L NeuroTrans3D (Oasis) 2.57+1.20 5.28+1.33 <0.001*
PUT R NeuroTrans3D (Oasis) 2.30+1.04 5.20+1.18 <0.001*

Striatal binding ratios (PD, not-PD) are presented as mean=std,
p-Value tests differences between the two groups. Asterisks indicate
significant differences

across the classifiers (GNB, kNN and SVM) and quantifica-
tion tools used (BasGanV2™, NeuroTrans3D/Oasis©) with
no combination emerging as a clear winner (Table 4). Like-
wise, the ROC curves showed a comparable trend across the
classification models and quantification tools (Figs. 4—S5).

Discussion

The present study provides a structured comparison
between two semiquantitative pipelines for '*’I-loflupane
DAT SPECT analysis, namely BasGanV2™ and Neu-
roTrans3D (Oasis©), and examines whether supervised
machine-learning approaches contribute to clarifying their

Fig. 1 Box plots and strip plots
showing the SBR distribution of BaSGa n
PD vs. not-PD in each anatomical
region using BasGanV2™ as the CN—L C N—R PUT—L PUT—R
quantification method. Each dot
represents one patient; asterisks 14 - 14 - 14 - 14 -
indicate the significance level
of pairwise differences (“****°:
p-Value<0,0001) 12 = 12 = 19 = 19 =
10 - 10 - 10 - 10 -
o 8- 8 - 8 - 8-
SS Aokok
v —_— S
6- o 6- ——=  6-
4 - 4 - 4 -
2- 2= 2=
o Ll L 0 T L} 0 L ] 0 T T
PD notPD PD not PD PD not PD PD notPD
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Fig. 2 Box plots and strip plots
showing the SBR distribution of
PD vs. not-PD in each anatomi-

Neurotrans3D (Oasis)

cal region using NeuroTrans3D CN—L C N—R PUT—L PUT—R
(Oasis©) as the quantification
method. Each dot represents one 14 - 14 - 14 - 14 -
patient; asterisks indicate the sig- P
nificance level of pairwise differ- —
ences (“****°: p-value<0.0001) 12 - ° 12 - e 19 « 12 -
| —
L]
10 - 10 - 10-— .. 10 -
w [r— Ahan
= o L —
o 8- 8- 8- 8- z
o
@
(")
6- 6- 6- % 6-
o
4 - 1 4 - 4 - 4-
r A l" 7 K r &
0 T T 0 T T 0 T T 0 T T
PD notPD PD notPD PD notPD PD notPD

Table 3 Results of the univariate analysis: BasGanV2™ vs. Neu-
rotrans3D (Oasis)

Region BasGanV2 NeuroTrans3D p-value  p-value [var]
(Oasis)

CN_L 3.85+1.01 545+1.68 <0.001* 0.001*

CN R 3.79+£1.03 5.25+1.62 <0.001* <0.001*

PUT L 2.60+1.12 3.84+1.85 <0.001* <0.001*

PUT R 2.49+1.06 3.66+1.82 <0.001* <0.001*

Striatal binding ratios are presented as mean+std, p-Value tests dif-
ferences between the two groups, p-value [var] differences in the
variance between the two groups. Asterisks indicate significant dif-
ferences

relative diagnostic performance in differentiating PD from
non-degenerative conditions. Three principal findings
emerge. First, both quantification systems demonstrated a
robust ability to discriminate PD from not-PD across stria-
tal subregions. This is of clinical relevance to contribute to
a reliable diagnosis of movement disorders and age-related
disturbances/essential tremor, thus strengthening the role of
DAT SPECT quantification in this clinical challenge. Sec-
ondly, NeuroTrans3D (Oasis©) yielded consistently higher
binding values and greater dispersion compared with Bas-
GanV2™. Thirdly, when regional metrics derived from
either platform were processed through established super-
vised classifiers, the diagnostic performance was generally
good, with overlapping confidence intervals and no clear
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evidence of superiority of one quantification strategy over
the other.

The observed differences in absolute values and variance
are consistent with methodological distinctions between the
two pipelines. NeuroTrans3D (Oasis©) employs deform-
able three-dimensional segmentation, attenuation correc-
tion and a binding potential framework calibrated against
a reference population, whereas BasGanV2™ relies on a
Talairach-template-based segmentation with atlas-derived
partial volume correction and reports striatal binding ratios
[18-20]. These divergent analytical frameworks are likely
to influence scaling properties and measurement dispersion.
The larger dynamic range observed with NeuroTrans3D
(Oasis©) may reflect the combined impact of attenua-
tion correction and model-based quantification, which can
enhance contrast between specific and non-specific uptake.
Conversely, the relatively compressed distribution produced
by BasGanV2™ may indicate greater numerical stability
across subjects.

Such distributional characteristics are not merely techni-
cal artefacts but may have practical implications. A wider
dispersion may enhance separability near diagnostic thresh-
olds, potentially favouring sensitivity in early or borderline
cases, although it may also introduce greater variability in
repeated measures. In contrast, a narrower distribution may
support reproducibility and facilitate harmonisation across
centres, particularly in longitudinal or multicentre settings
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Fig. 3 Box plots and strip plots CN L CN R PUT L PUT R
showing the SBR distribution - - - -
obtained using BasGanV2™ vs. . .
NeuroTrans3D (Oasis©) as the 14 - g 14 - 14 - 14 - Diagnosis
quantification method. Each dot — e PD
represents one patient, colour FAokk @ notPD
denotes diagnosis (PD, not-PD) 12 - e 12 —F—/———) 12 - 12 =
and asterisks indicate the sig-
nificance level of pairwise differ- °
ences (“****’: p-value<0.0001) 10 - 10 - okdok 10 -
= 8 - 8- 8-
oc
m o
wnv
6 - 6 - 6 -
4- 4- 4-
2 - 2- - 2-
0 — 0 — 0 — 0 ,

BasGan -

Neurotrans3D
(Oasis)

Table 4 Results of the machine learning analysis

Tool CIf Accu-  Sensi-  Specificity [%] AUC
racy tivity

[%] [%]

BasGanV2 GNB 858 838  88.0 0.944
[784— [73.7- [71.9-100.0]  [0.867—
96.6]  94.7] 0.997]
BasGanV2 SVM 908 893 925 0.960
[81.2- [73.7- [76.5-100.0]  [0.910-
99.4]  100.0] 1.000]
BasGanV2 kNN 889 872  90.9 0.917
[784— [69.6- [76.5-100.0]  [0.807—
97.2]  100.0] 0.990]
Neu- GNB 874 873 876 0.943
roTrans3D [77.8- [73.7- [66.0-100.0]  [0.868—
(Oasis) 94.4]  94.7) 0.984]
Neu- SVM 912 855 976 0.947
roTrans3D [83.3— [73.7- [88.2-100.0]  [0.862—
(Oasis) 972]  94.7] 0.992]
Neu- kNN 907 854 967 0.917
roTrans3D [78.4- [73.7- [76.5-100.0]  [0.787—
(Oasis) 972]  94.7) 0.995]

Values are presented as mean [95% CI]. Key to abbreviations/acro-
nyms: Clf=classifier, AUC=area under the curve;

BasGan -
BasGan -
BasGan -

Neurotrans3D
(Oasis)

Neurotrans3D
(Oasis)

Neurotrans3D
(Oasis)

where consistency is critical [18, 21]. From this perspec-
tive, the choice of quantification tool may reasonably be
influenced by the clinical context, population characteristics
and intended application, rather than by binary notions of
superiority [22].

The integration of supervised machine-learning provides
an additional layer of analysis. In this study, Gaussian naive
Bayes, k-nearest neighbours and support vector machines
with radial basis kernels achieved excellent discrimination
when trained on four regional features derived from either
quantification platform. The similarity in performance across
classifiers and tools indicates that the underlying biologi-
cal signal of dopaminergic deficit in PD is sufficiently pro-
nounced to be captured by diverse algorithmic approaches
[22, 23]. Importantly, the application of machine-learning
offers an objective framework for performance comparison,
reducing reliance on isolated summary metrics and allowing
repeated resampling to estimate variability. Nevertheless,
within the constraints of the present dataset, machine-learn-
ing does not demonstrate a statistically meaningful advan-
tage of one quantification method over the other.

The role of machine-learning in this context may there-
fore be conceptualised less as a mechanism for declaring a
superior software solution and more as a tool for calibration,
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Fig.4 Average receiver operat-
ing characteristic (ROC curves)
showing the accuracy of the
machine learning models trained
on data generated using Bas-
GanV2™ as the quantification
model. The curves are averaged
over all the train/test splits,
colour and line type denote the
classification model (GNB, kNN
or SVM)

Fig.5 Average receiver
operating characteristic (ROC
curves) showing the accuracy

of the machine learning models
trained on data generated using
Neurotrans3D (Oasis©) as the
quantification model. The curves
are averaged over all the train/test
splits, colour and line type denote
the classification model (GNB,
kNN or SVM)
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optimisation and harmonisation [24]. By translating regional
semiquantitative indices into probabilistic outputs, machine-
learning models can support threshold selection tailored to
local prevalence and clinical priorities [25, 26]. Further-
more, model-based approaches may facilitate cross-plat-
form harmonisation, for example through regression-based
mappings or ensemble strategies that integrate features from
both pipelines. Such strategies could prove particularly rel-
evant in multicentre studies or in healthcare systems where
heterogeneous software infrastructures coexist.

Several limitations warrant consideration. This study has
a single-centre design, which may limit the generalisability
of the findings to other clinical settings. The retrospective
nature and reliance on clinical follow-up as reference stan-
dard introduce the possibility of spectrum bias. Neverthe-
less, the study offers a novel and methodologically rigorous
head-to-head comparison of two widely implemented semi-
quantitative pipelines, integrating conventional statistical
analysis with supervised machine-learning to provide an
original and clinically relevant perspective on their relative
performance.

Conclusions

Both BasGanV2™ and NeuroTrans3D (Oasis©) provide
reliable semiquantitative support for distinguishing PD from
non-degenerative conditions on '*I-Ioflupane DAT SPECT,
thus contributing to the challenging differential diagnosis of
movement disorders in the early ambiguous clinical phases.
Although systematic differences in value distribution and
variance were evident in our cohort, these did not result in
meaningful differences in the classification performance.
Our findings support a context-sensitive approach in which
selection and calibration of quantification tools are aligned
with the clinical population and intended use, comple-
mented by algorithmic methods that enhance standardisa-
tion and interpretability.
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