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Abstract

Purpose Automated tools quantifying multiple sclerosis (MS) imaging biomarkers often require non-routine MRI sequences
and lack MS reference data. We developed an open-source quantitative report (QReport) that integrates validated 3D
T2-FLAIR quantification methods with multi-centre MS and healthy reference models, and presents outputs in a structured
graphical report to support contextualised interpretation of clinically relevant biomarkers.

Methods 2516 cross-sectional 3D T2-FLAIR scans from people with MS (pwMS) and healthy controls (HC) were retro-
spectively collected from 14 centres within Magnetic Resonance Imaging in MS (MAGNIMS) and affiliated sites, as well as
open-source datasets. Validated T2-FLAIR-based algorithms quantified total and regional lesion count (LC), lesion volume
(LV), brain volume (BV), and brain age gap estimation (BrainAGE). Distributions in pwMS and HC were estimated using
quantile regression. A QReport was designed to present biomarkers and reference models in graphical formats. Four neuro-
radiologists assessed agreement between QReport outputs and their visual assessment, and evaluated its usefulness, in 22
cases.

Results We analysed scans from 1723 HC (age, mean=SD: 54.5+16.0; range: 18-75; F/M: 949/774) and 793 pwMS (age,
mean+SD: 43.0+11.1; range: 18-75; F/M: 538/255) across 14 centres. The QReport presents single-subject measures con-
textualised against the 95th, 50th, and 5th percentile distributions in pwMS and HC, and includes BrainAGE. In 94% of
evaluations, QReport outputs demonstrated Moderate-to-Complete agreement with visual assessment and were rated as
useful in 82%.

Conclusion We developed an MS QReport requiring only 3D T2-FLAIR, integrating validated quantification algorithms and
incorporating BrainAGE within a clinically interpretable framework.
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T2w T2—weighted

LV Lesion volume

BV Brain volume

CE Conformité Européenne

FDA U.S. Food and Drug Administration

QNI Quantitative Neuroradiology Initiative

MAGNIMS Magnetic Resonance Imaging in MS

NHS National Health Service

NHNN National Hospital for Neurology and
Neurosurgery

UCLH University College London Hospital

GIF Geodesic Information Flows

DKT Desikan—Killiany—Tourville

GM Grey matter

WM White matter

CGM Cortical grey matter

DWM Deep white matter

DGM Deep grey matter

BPF Brain Parenchymal Fraction

TIV Total Intracranial Volume

CSF Cerebrospinal fluid

CNN Convolutional neural network

MAE Mean Absolute Error

NIFD Frontotemporal Lobar Degeneration

Neuroimaging Initiative/Neuroimaging
in Frontotemporal Dementia
MPI Max Planck Institute

DMT Disease modifying therapy

GCA Global Cortical Atrophy scale

TLV Total lesion volume

ADNI Alzheimer’s Disease Neuroimaging
Initiative

EPAD European Prevention of Alzheimer’s
Dementia

AC, Gwet’s Agreement Coefficient for
binary variables

AC, Gwet’s Agreement Coefficient for ordi-
nal variables

RRMS Relapsing remitting multiple sclerosis

PPMS Primary progressive multiple sclerosis

SPMS Secondary progressive multiple
sclerosis

EDSS Expanded Disability Severity Scale

Introduction

Automated radiological reporting tools have been devel-
oped to standardise and streamline assessment of quantita-
tive imaging biomarkers (QIB) [1-4]. Several such tools
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produce regulatory-approved quantitative reports (QRe-
ports) for use in multiple sclerosis (MS) [5], which have
been shown to improve inter-rater agreement and efficiency
of reporting [6-8].

However, implementation of MS QReports in routine
clinical practice is not yet widespread [5]. A barrier to trans-
lation is the discrepancy between imaging guidelines and
the technical requirements of existing tools [S]. MS QRe-
ports require both non-contrast 3D T1-weighted (T1-w) and
T2-FLAIR sequences, yet non-contrast T1-w imaging is
not recommended in clinical routine [5, 9, 10]. In contrast,
3D T2-FLAIR is strongly recommended for lesion detec-
tion due to its superior sensitivity [9, 10]. Implementing
MS QReports as currently designed could therefore require
modifications to clinical protocols and additional scan time,
which may be costly and inefficient. Several research-based
algorithms for MS lesion and brain segmentation and volu-
metry using only 3D T2-FLAIR have been developed and
validated in MS [11-19]. Leveraging these algorithms to
develop clinically applicable QReports could improve com-
patibility with standard workflows.

The Quantitative Neuroradiology Initiative (QNI) pro-
vides an established framework for the development of
QReports, emphasising the importance of aligning tools
with clinical needs [20]. A recent study systematically
defined end-user requirements for QReports in MS [21]. 3D
FLAIR-only tools were recommended for clinical imple-
mentation, and key QIB together with their intended roles
in routine practice were specified [21]. To facilitate inter-
pretation of QIB, end users recommended the inclusion of
MS-specific reference data alongside healthy control (HC)
cohorts [21]. However, existing QReports lack MS refer-
ence models [5], despite evidence that MS-specific models
outperform HC models in explaining disease severity and
predicting disease progression [22].

In this work, we developed an MS QReport that adheres
to both imaging guidelines and user-requirements, follow-
ing the QNI framework [4, 9, 10, 20, 21]. We integrated
3D T2-FLAIR quantification algorithms that have been
validated in MS to generate biomarkers that were system-
atically prioritised as clinically relevant in the user-require-
ment analysis [16, 18, 19, 23-27]. An MS-validated FLAIR
BrainAGE algorithm was included to provide a supportive
marker of global brain health [18, 19]. We compiled large,
multi-centre MS and healthy reference data to contextual-
ise QIB and designed a graphical report to facilitate clinical
interpretation. Finally, following the QNI clinical validation
pathway, we completed the credibility stage through multi-
centre, independent neuroradiologist review of the QReport.
At this stage, individual QReport components were sys-
tematically evaluated for concordance with expert routine
visual interpretation in real-world data [20].
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Methods
All statistical analyses were conducted in RStudio (V4.4.0).
Ethics

The project was carried out in accordance with the Decla-
ration of Helsinki. The requirement for informed consent
was waived due to the retrospective nature of the study. All
scans from proprietary datasets had been performed as part
of routine clinical care. A data transfer agreement (DTA)
was signed by each centre that provided data. The final pro-
tocol was approved by the local ethics committee (project
ID number 19143/001) and the MAGNIMS (Magnetic Res-
onance Imaging in MS) Study Group Steering Committee.

Participants

To build an MS and HC cohort to contextualise MS QIB,
we used a retrospective, cross-sectional approach, collect-
ing 3D T2-FLAIR scans with clinical and demographic data
from healthy participants and people with MS (pwMS) from
14 sites. These included Magnetic Resonance Imaging in
MS (MAGNIMS) and MAGNIMS-affiliated centres and
the following open-source datasets: Frontotemporal Lobar
Degeneration Neuroimaging Initiative (NIFD) [28], Max
Planck Institute (MPI) [29, 30], Alzheimer’s Disease Neu-
roimaging Initiative (ADNI) [31], and European Preven-
tion of Alzheimer’s Dementia (EPAD) [32, 33]. The data
sources and respective acquisition parameters are described
in Supplementary Table 1. HC were classified as healthy by
the respective contributing studies or centres. Participants
in both cohorts were required to be aged between 18 and 75
years; individuals older than 75 were excluded due to sparse
data in this age range. PWMS met the 2010 or 2017 McDon-
ald diagnostic criteria [34].

QReport pipeline

The fully-automated quantification pipeline for 3D
T2-FLAIR scans is open source [35] and outlined below.

1. Image processing
i) Lesion Segmentation

After voxel resampling to 1 mm? we applied an
in-house version of nicMSlesions that uses only

3D T2-FLAIR input to perform skull-stripping and
lesion segmentation [12, 14, 36]. The algorithm has
been applied in MS populations [26, 27] and com-
pared to manual segmentation (see Supplementary
methods and Supplementary Tables 1 and 2).

ii) Brain Segmentation

N4 bias field correction [37] and lesion filling —
performed using a modality-agnostic patch-based
method [38] — were followed by brain tissue seg-
mentation with T2-FLAIR-only GIF (v2), which
has been validated in an MS population [11, 15, 35].
GIF is an atlas-based approach that has been shown
to outperform multi-atlas methods—which rely on
pairwise propagation of labels directly from each
atlas to the target—particularly in settings with mor-
phological differences between training and testing
populations, such as the presence of MS lesions
[11]. Probabilistic tissue maps were generated from
the 3D FLAIR images followed by parcellation into
regions defined by the Desikan-Killiany-Tourville
(DKT) atlas [39].

iii) Volumetry

Total intracranial volume (TIV) was calculated as
the sum of white matter (WM), grey matter (GM),
and cerebrospinal fluid (CSF) volume. BV esti-
mates derived from the segmentation stage were
divided by TIV to account for head size. Brain
parenchymal fraction (BPF) was calculated by
dividing brain parenchymal volume (excluding
CSF) by TIV.

iv) Lesion Classification

WM and GM were split into concentric bands to
define lesion location as cortical GM (CGM), jux-
tacortical, deep WM (DWM), periventricular, cer-
ebellum, brainstem, deep GM (DGM)), leukocortical
(largest proportion in CGM with overlap in WM),
and cross-regional (largest proportion in DWM with
overlap in DGM) [17]. This method has been vali-
dated against visual rating scales of regional distri-
bution of white matter hyperintensities (WMH) and
applied in MS [17, 23-25].
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2. Normative modelling
i) Cross—centre harmonisation

As HC and MS data were collected from multiple
scanners, BPF, total LV (TLV), and regional LV
and BV were harmonised using ComBat (empirical
Bayes) [40]. This method removed scanner-specific
effects, preserving variance associated with age and
sex [41]. The distribution of age, assessed prior to
harmonisation, overlapped across scanners, reduc-
ing the risk of confounding (Supplementary Fig. 1).

ii) Reference curves of TLV, BPF and regional BV

We utilised linear quantile regression to estimate con-
ditional quantiles (5th, 50th, 95th percentiles) across
TLV and BPF distributions in HC and MS [42, 43].
Unlike methods that assume normality or constant
variance, quantile regression is robust to data vari-
ability and effectively captures distributional shifts
beyond the mean, making it well-suited for distin-
guishing MS from HC populations [43]. Age and sex
were included as covariates. Model calibration was
assessed by comparing predicted and observed pro-
portions below each quantile (5%, 50%, 95%).
Regional BV was contextualised using percentiles
derived from a Gaussian approximation of HC GM
volumes, adjusted for age and sex (see Supplemen-
tary List 1).

iii) BrainAGE

BrainAGE was quantified using a T2-FLAIR-based
model (Mean Absolute Error (MAE)=3.08 years)
that has been validated in MS and outperformed
state-of-the-art architecture [18, 19].

Quality control measures

All MRI data processed by the pipeline are required to
meet predefined acquisition and metadata standards, includ-
ing T2-FLAIR imaging with an approximate voxel size of
1x1x1 mm and essential demographic information (age and
sex). Prior to processing, scans and metadata underwent visual
review by an experienced reader to ensure overall image qual-
ity and protocol consistency. The pipeline operates fully auto-
matically and incorporates internal consistency checks that
halt processing if required information is missing or if any
step fails, thereby preventing the generation of invalid results.
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QNI credibility study

The QNI framework requires an initial clinical evaluation of
a QReport—termed a “credibility study”—to establish real-
world concordance between the report and routine expert
assessment prior to large-scale accuracy studies. To fulfil
this step, we assessed agreement between QReport outputs
(including segmentation outputs, volumetric measures, ref-
erence percentile contextualisation, and graphical presen-
tation) and expert visual interpretation of corresponding
real-world 3D T2-FLAIR scans.

Four independent neuroradiologists from four centres
(1040 years of experience) participated. Clinicians were
blinded to all clinical and demographic information except
age and sex, reflecting routine reporting conditions. A dedi-
cated web platform (http://qni.cs.ucl.ac.uk/) was designed
to display the scans in three orthogonal planes alongside the
QReport in a randomised order, together with assessment
questions (Fig. 1).

For each QReport component (lesion, CGM, and DGM
masks; TLV; BPF; BrainAGE; and regional LV and BV
quantifications), clinicians graded agreement with their
visual assessment using a three-point Likert scale (1 =Lim-
ited, 2=Moderate, 3=Complete-almost complete). To
evaluate interpretability and design, raters also judged the
usefulness of QReport results per case as either “useful” or
“not useful”.

Participants

HC and MS participants were retrospectively selected and
excluded from the data collected for the pipeline develop-
ment (Supplementary Table 3). To ensure that results were
generalisable, we included data from multiple centres, sex
balance, a broad age range, different scanner types and field
strengths, and an even distribution of degrees atrophy and
lesion burden. A neuroradiologist (G.P.) scored atrophy
using the Global Cortical Atrophy (GCA) scale [44] and
manually counted lesions classifying them as None, Mini-
mal (1-10), Moderate (10-30), and Extensive (>30). HCs
were included that had no lesions or atrophy.

Statistical analysis

The 88 case-by-rater credibility study evaluations were ana-
lysed descriptively. Inter-rater reliability was assessed using
Gwet’s agreement coefficient (AC) [45]. Unlike Cohen’s
kappa, Gwet’s AC is particularly suited for imbalanced data
with few observations at one level of the ordinal scale, e.g.
1=Limited [46].
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Fig. 1 Screenshot of the credibility study website portraying a scrollable MRI scan in three planes (left) and the Qreport (right)

Table 1 Demographic, clinical, and imaging characteristics, and

sources of healt%lylz:ontrol cohort e Results

Partic- Source Age, Age, Female

ipants, Mean+SD range  sex, % HC cohort

N (years) (years)

cases For the HC reference model, 1723 participants were included
1723 ;A‘LL 345£16.0 18-75 55 (mean age: 54.5+16.0 years; range: 18-75; female/male:
43 ADNI N 08.9+4.4 587563 949/774). Scans were performed between 2013 and 2022.
46 Barcelona (MAGNIMS) -~ 44.5£9.7  23-60 72 Demographic characteristics are summarised in Table 1

794 ‘EPAD 63.6£6.3 50-75 58 . . [P . . . . . L
3 Graz (MAGNIMS) 306489 2252 61 Whlle sﬁe—spec?ﬁc 1nformat.1on, including imaging acquisi-
14 Hannover 521486 41-71 29 tion protocols, is presented in Supplementary Table 3.

46 Mainz 29.9+9.6  20-57 54

151 Milan ®(MAGNIMS) 332+11.6 18-72 50 MS cohort

110 Max Planck Institute 359+183 22-73 20

61 Naples 43+112 2464 50 For the MS reference model, 793 participants were included
110  ‘NIFD 62.0+£6.9 36-75 55 (mean age: 43.0+11.1 years; range: 18-75; female/male:
277 Oslo 56.2+15.0 20-75 63 538/255) across all three MS phenotypes — relapsing-
11 Oxford "(MAGNIMS) 35.9£13.6 24-58 46 remitting (RRMS), primary progressive (PPMS), and sec-
27 Siena b(MAGNIMS) 36.1+84 25-56 44

ondary progressive MS (SPMS), scanned between 2017

“ADNI = Alzheimer’s Disease Neuroimaging Initiative, “MAGNIMS 2021. D hi linical . .
. S ’ . t
= Magnetic Resonance Imaging in MS, “EPAD = European Preven- and 20 emographic and clinical data are described in

tion of Alzheimer’s Dementia, NIFD = Neuroimaging in Frontotem- Table 2. Site-specific information, including imaging acqui-
poral Dementia sition parameters, is detailed in Supplementary Tables 3 and

Table 2 Demographic, clinical, and imaging characteristics of MS cohort sourced from the National Hospital for Neurology and Neurosurgery in
London, United Kingdom

Participants,  Age, Age, range Female sex, “EDSS, Disease dura- ~ Phenotype at scan T2-FLAIR
N cases mean+SD (years) % Mean+SD tion, Mean=SD ("’RRMS/°PPMS/!SPMS) lesion volume,
(years) (years) Mean+SD
(mL)
793 43.0+11.1 18-75 66 3.7+£2.3 13.3+£8.2 683/45/65 13.0+11.4

“EDSS = Expanded Disability Status Scale, RRMS = relapsing remitting MS, “PPMS = primary progressive MS, “SPMS = secondary progres-
sive MS

@ Springer



Neuroradiology

disease-modifying therapies (DMT) in use at the time of
scanning are detailed in Supplementary Table 4.

The MS QReport

The QReport displays segmentation masks, total and
regional LC and LV, BPF, regional BV, and BrainAGE
(Fig. 2).

At the top of the report, an anatomical slice with peak
lesion burden is automatically selected and overlaid with
segmentation masks, ensuring that the most affected region
is visualised. LV per slice is plotted in each plane to retain
3D information.

The TLV and BPF graphs show sex-adjusted distribu-
tions from HC and MS reference cohorts. Across all ages,
LV at the 50th percentile was consistently higher in pwMS
than in HC. From age 45 onwards, the 95th percentile in
HC surpassed the MS 50th percentile, possibly due to age-
related accumulation of lesions in the highest 5% of the HC
population. The MS reference curves of BPF were consis-
tently lower than the HC curves.

Regional BV is visualised using animated renderings
with colour-coded percentile estimates relative to HC refer-
ence data, sex- and age-adjusted [47]. A logarithmic colour
scale is used to highlight low percentiles.

BrainAGE is displayed on a dial depicting the difference
between predicted and chronological age. If predicted age
is higher than chronological age, the segment on the dial is
red. For a lower predicted age, the segment is green.

The QReports in Fig. 3 highlight the importance of inter-
preting quantification results within the context of reference
data. In the 50-year-old participant with MS (Fig. 3a), the
TLV exceeds both the 50th percentile for pwMS and the
95th percentile for HC. In contrast, a similar lesion load in
an older individual could reflect age-related changes, pro-
vided MS diagnostic criteria are not met. The 75-year-old
healthy participant (Fig. 3b) has a comparable lesion load,
but it falls between the 50th and 95th percentiles of the HC
distribution. The 50-year-old also shows a BrainAGE of
+25 years, indicating that the predicted age is substantially
greater than the chronological age. By contrast, the 75-year-
old HC has a BrainAGE near zero, suggesting no deviation
from actual age. Additionally, for the 75-year-old, both BPF
and regional BV are within normal limits, approximately
at or above the 50th percentile for HC. In contrast, Fig. 3a
shows pathological deviation, with BPF at the 5th percentile
for MS and thalamic volumes in the lowest HC percentiles.

QReport credibility study

The credibility study included 17 MS and 5 HC cases.
Clinical, demographic, and imaging characteristics are
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summarised in Table 3 and described per case, along with
the data sources, in Supplementary Table 5.

In line with the QNI framework, credibility was evaluated
as the agreement between multi-centre expert assessment
and QReport-derived outputs in real-world cases. Figure 4
summarises agreement across predefined levels (1=Lim-
ited, 2=Moderate, and 3=Complete-almost complete).
Overall, Moderate-to-Complete agreement was observed in
94% of evaluations, with Complete agreement in 60%.

Global measures demonstrated consistently high agree-
ment. TLV, BPF, CGM masks, and BrainAGE achieved the
highest agreement level in over 80% of evaluations, with
up to 100% rated as Level 2 or 3. Lesion masks showed
Moderate-to-Complete agreement in 93% of evaluations,
including 61% at the highest level of agreement.

QReport regional measures were most frequently rated as
showing moderate agreement with visual assessment: 81%
of evaluations for regional LV, 94% for deep GM masks,
and 90% for regional BV. The highest agreement level was
achieved in 20%, 24%, and 45% of evaluations, respectively.

Inter-rater reliability for agreement between visual
assessment and QReport outputs ranged from AC,=0.52
(“Moderate”) to 0.86 (“Almost perfect”) across components
(»<0.001 for all; Supplementary Table 6). Highest reliabil-
ity was observed for evaluation of BPF (AC>=0.86, 95%
CIL: 0.78-0.95) and TLV (AC>=0.80, 95% CI: 0.71-0.90).
Agreement with regional BV and LV showed the greatest
variability (AC>=0.52 and 0.57, respectively).

Overall, the QReport was considered useful in 82% of
evaluations across MS and HC cases. Component-specific
usefulness is shown in Fig. 5. TLV estimation and visualisa-
tion were deemed useful in 97% of evaluations, including
100% of MS cases. BPF and BrainAGE outputs were con-
sidered useful in 96% of evaluations.

Regional LV and BV estimations and visualisations were
rated as useful in approximately 50% of evaluations. Nota-
bly, for regional LV, the proportion of “not useful” evalua-
tions remained at 50% even at the highest agreement level,
and for regional BV at 25%.

Discussion

We developed an open-source MS QReport that integrates
validated 3D T2-FLAIR quantification algorithms and sys-
tematically defined clinical requirements into a structured,
reference-contextualised reporting framework. The report
includes total and regional lesion volume and count, brain
volume measures contextualised against MS and HC dis-
tributions, and BrainAGE. All underlying quantification
algorithms have been previously technically validated in
MS [16-19, 23-27]. Through collaboration and data sharing



Neuroradiology

Quantitative Report
Cross-sectional Multiple Sclerosis
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Patient Name Hospital ID NHS number Age / Gender Scan Date Scanner
NHNN
Anon Anon Anon 38.0 / Female 16 Sep 2019
PHILIPS (3T)

Multiple Sclerosis lesion segmentation results: 67 lesions (16.7 ml)

LESION COUNT (VOLUME) BY REGION

CGM |l ;Icall Juxtacortical | DWM |Per1ventricular| DGM | Cerebell |Cross-reglonal
0(0.0 mi) | 22 (3.28 ml) | 5(0.37 ml) | 24 (2.6 ml) l 2 (0.08 mi) | 1 (0.0 ml) | 0 (0.0 mi) | 0 (0.0 m) | 13 (10.37 mi)
Total lesion volume BrainAge Brain Parenchymal Fraction
1007 Difference between chronological age and predicted age 0.85¢
801 0.80
B 76
601 A o Yo 0.751 \-:Z‘:L
o % perc
40/ 0 o4 0.70- .
S ) HC S7perc.
20/ 16.18 ml S0"perc. 0.651 M5 5"perc.
'y tj
& a
0.: - - . . . 0.60+_ . - - , . 5|
15 25 35 45 55 65 75 15 25 35 45 55 65 75
Age(Years) Age(Years)

Regional brain volumes

Cortical-lateral Cortical-medial

Subcortical

Cortical-medial Cortical-lateral

<

5th

Fig.2 Quantitative report (QReport) of a 3D T2-FLAIR MRI scan from
a 38-year-old female with MS. The QReport includes key demographic
information in the header. The total lesion count and total lesion vol-
ume (TLV) were 67 and 16.7 mL, respectively. An anatomical slice in
axial, sagittal, and coronal planes are overlaid with segmentation masks
(red=lesions; green=cortical grey matter (CGM); purple=deep grey
matter (DGM)). Regional lesion volume and count are displayed in a

table (leukocortical=lesions with the largest proportion in CGM but
overlapping deep white matter (DWM); cross-regional =largest propor-
tion in DWM with overlap in GM). TLV and brain parenchymal frac-
tion (BPF) are presented graphically and contextualised with healthy
control (HC) and MS reference distributions. Brain age gap estimation
(BrainAGE) is visualised using a dial (arrow at + 10 years) with the par-
ticipant’s chronological age (38 years) at the centre. Perc. = percentile
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Patient Name Hospital ID NHS number Age / Gender Scan Date Scanner

NHNN
A Anon Anon /Mak Nov 202
I non o 50.0/ Male 05 Nov 2020 SEMENS @1

a)

Multiple Sclerosis lesion segmentation results: 108 lesions (21.35 ml)

LESICN COUNT (VOLUME) BY REGION

cam |1 | owm | DGM
2(0.12m) ‘ 39 (5.26 m) 3(0.09 m)) 27 (186 m)) 2(0.09 mi)

| Brainstem | Cerebelium | Cross-regional
0(0.0mi) ‘ 4017m) | 10om) ‘30{1371@)

Total lesion volume BrainAge Brain Parenchymal Fraction

s 95%par: 5 50 0.80
601 P =

HC 957perc

- 235 ml el - o5l iR
2 WS
O ——: | 0,610 S ]
5 25 35 45 5 65 75 5 25 35 45 55 6 15
AgelYears) Age(Years)

Regional brain volumes

Cortical-lateral Cortical-medial Subcortical Cortical-medial

Colour range (percentiles, log scale)

Cortical-lateral

o.ith 05th 1th 100t

501
Median

Fig. 3 Quantitative reports (QReports) from (a) a 50-year-old male
with MS and (b) a 75-year-old healthy female participant with similar
lesion volumes (total lesion volume (TLV): 21 mL and 17 mL, respec-
tively). In (a), TLV is above the 95th percentile of the healthy control
(HC) distribution and above the 50th percentile of the MS distribu-
tion. In (b), TLV falls between the 50th and 95th percentiles of the
HC distribution and below the 50th percentile of the MS distribution.
Brain parenchymal fraction (BPF) is below the 5th MS percentile in

Table 3 Clinical, demographic, and imaging characteristics of cred-
ibility study testing data

Healthy controls MS

Participants, N cases 5 17
Field strength, Tesla 1.5/3 1.5/3
Scanner Manufacturer GE/Philips/Siemens GE/Philips/

Siemens
Age, Mean+SD (years) 38.3+12.7 45.8+11.1
Age, range (years) 22-63 28-75
Female sex, % 40 80
2GCA scale score, N cases  5/0/0/0 6/4/4/3
(0/1/2/3)
Lesion burden, N cases 5/0/0/0 0/7/6/5
(none/minimal/moderate/
severe)
YEDSS, Mean+SD - 3.742.2
Disease duration, - 12.1+11.0
Mean=SD (years)
Phenotype at scan, N cases — 13/2/3
(RRMS/?PPMS/*SPMS)

4GCA = Global Cortical Atrophy, °EDSS = Expanded Disability Sta-
tus Scale, CRRMS = relapsing remitting MS, PPMS = primary pro-
gressive MS, *SPMS = secondary progressive MS
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b) Patient Name Hospital ID NHS number Age / Gender

NHNN

Scan Date Scanner
GE(@T)

Anon Anon Anon 75.2/ Female 25 Sep 2020

Multiple Sclerosis lesion segmentation results: 24 lesions (16.91 mi)

LESION COUNT (VOLUME) BY REGION

cGM Loukocortical | Juxtacortical DWM Periventricular DGM Brainstem

| | | | Cerebellum _|Cross-regional
0(0.0mi) 6(0.98 mi) ‘ 0(0.0mi) 3(0.63mi) 1(0.1mi) 0(0.0mi) 1(0.12mi)

oEOm) | 13508 m)
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ER Mg 50" peres
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EE—
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015 25 35 45 55 65 75 06015 25 35 45 55 65 75
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between 14 centres and open sources, we assembled demo-
graphically diverse HC and clinically heterogeneous MS
datasets, acquired on scanners from three manufacturers and
two field strengths. Using these data, we built generalisable
normative reference curves to contextualise QIB. We con-
ducted a QNI-defined credibility study as the initial clinical
evaluation step within the framework, involving multi-cen-
tre, independent expert neuroradiologist review of QReport
outputs alongside routine visual assessment [20]. Moderate-
to-Complete agreement between visual assessment and
QReport outputs was observed in 94% of evaluations, with
the highest level of agreement in approximately two-thirds.
The tool was considered useful in 82% of evaluations.
Despite evidence that MS QReports can improve inter-
rater agreement and reduce reporting time, their uptake in
routine clinical practice remains limited [5, 21]. A recent
systematic review found that MS QReports require both
3D T1 and T2-FLAIR sequences as input [5]. This require-
ment poses a major barrier to implementation, as current
imaging guidelines for clinical routine do not recommend
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Fig. 4 Bar chart of the proportion of evaluations (%) at each level
of agreement between visual assessment and QReport results in the
credibility study (1=Limited; 2=Moderate; 3=Complete-almost

non-contrast 3D T1-weighted imaging [4, 9, 10]. FLAIR-
only input may therefore enhance clinical feasibility of MS
QReports [21]. Another limitation of existing tools is the
absence of MS-specific reference models [5]. Evidence sug-
gests that MS data can better explain disease severity and
predict disease progression than HC data [22]. Furthermore,
a recent publication systematically defined clinical user
requirements for MS QReports, highlighting a preference
for 3D T2-FLAIR-only tools and specifying clinically rel-
evant QIB. The MS QReport presented here aligns techni-
cal feasibility with systematically defined user requirements
by integrating clinically prioritised, 3D T2-FLAIR-derived
QIBs within a structured framework contextualised against
large multi-centre MS and HC reference datasets.

Contextualised global markers, including TLV, BPF, and
BrainAGE, most frequently achieved Complete-to-almost
complete agreement with neuroradiologist visual assess-
ment. We found that global markers were considered useful
in 97% of evaluations. To our knowledge BrainAGE has not
yet been included on an MS QReport, despite evidence that
it correlates with disease severity and progression [48—53].
Therefore, this represents the first evaluation of end-user
perception of BrainAGE on an MS QReport.

. 3 (Complete-almost complete)

2 (Moderate) 1 (Limited)

75_ .
50-

complete). CGM =cortical grey matter, DGM =deep grey matter,
TLV =total lesion volume, LV = lesion volume, BrainAGE = brain age
gap estimation, BPF = brain parenchymal fraction, BV = brain volume

Lower usefulness and agreement scores for regional
quantification, compared with global markers, may reflect
known algorithmic limitations of regional measurements
that have been reported in MS populations, including sys-
tematic over- or underestimation of regional BV relative to
reference methods [54, 55]. These effects are mitigated by
contextualising outputs against reference datasets processed
with the same pipeline, thereby establishing normative
bounds across the lifespan and reducing the risk of misinter-
pretation. In addition, reduced regional BV and LV agree-
ment likely arises from methodological differences between
automated segmentation—which generates deterministic
3D regional boundaries—and clinicians’ 2D, slice-by-slice
visual assessments, underscoring the importance of struc-
tured training for QReport interpretation.

This work had several limitations. Studies analysing the
participant base of the open sources included in this work
indicate that non-Caucasian ethnicities were underrepre-
sented [31]. Future reference models will include data from
ADNI-4, which specifically aims to recruit a more ethni-
cally diverse cohort [31, 56]. Clinicians participating in the
credibility study had comparable MS experience; however,
familiarity with interpreting QReports may have varied.

@ Springer
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Fig. 5 Bar chart of proportion of evaluations (%) in which QReport
components were considered useful, stratified by healthy control (HC)
and MS cohorts. TLV = total lesion volume, LV = lesion volume, Brain-

Future evaluations will incorporate self-reported QReport
experience to account for this variability. Although the
MS reference cohort was derived from a single institution,
acquisitions spanned six scanners with heterogeneous pro-
tocols and field strengths, reflecting real-world variability.
Scanner-related effects were harmonised using the same
method applied to the multi-centre HC data, thereby miti-
gating technical bias and supporting the robustness of the
reference models. While the credibility study comprised 22
cases, each was independently assessed by four neuroradi-
ologists, yielding 88 independent case-by-rater assessments
and repeated evaluations of each QReport component. This
multi-rater design enabled proof-of-concept assessment of
individual components of the QReport within the credibility
phase of the QNI framework.

In accordance with the QNI framework, the credibil-
ity study should be followed by a larger accuracy study

@ Springer

AGE =brain age gap estimation, BPF = brain parenchymal fraction,
BV =brain volume

evaluating impact on inter-rater agreement, reporting accu-
racy, and efficiency [20]. Another key next step will be the
development of a longitudinal report designed to quantify
within-subject changes over time, which could support
prognostication and monitoring.

To conclude, we developed an open-source tool for
quantification of clinically relevant 3D T2-FLAIR bio-
markers in MS. The QReport addresses both technical bar-
riers to implementation and systematically defined clinical
user requirements by integrating validated FLAIR-based
algorithms within a structured, reference-contextualised
graphical framework. We provided generalisable MS- and
HC-specific reference models and communicated results
in a user-friendly format. Finally, in accordance with the
QNI clinical validation pathway, we conducted a credibility
study, in which independent, multi-centre expert neurora-
diologists evaluated QReport outputs against routine visual
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assessment of real-world cases, demonstrating high agree-
ment and usefulness.
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