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Abstract

Objectives: Scanner-referenced T1 (srT1) is a method for measuring pancreas T1 relaxation time. The purpose of this multi-centre study is
2-fold: (1) to evaluate the repeatability of manual ROl-based analysis of srT1, (2) to validate a semi-automated measurement method with an
automatic quality control (QC) module to identify likely discrepancies between automated and manual measurements.

Methods: Pancreatic MRI scans from a scan-rescan cohort (46 subjects) were used to evaluate the repeatability of manual analysis. Seven hun-
dred and eight scans from a longitudinal multi-centre study of 466 subjects were divided into training, internal validation (IV), and external valida-
tion (EV) cohorts. A semi-automated method for measuring srT1 using machine learning is proposed and compared against manual analysis on
the validation cohorts with and without automated QC.

Results: Inter-operator agreement between manual ROl-based method and semi-automated method had low bias (3.8 ms or 0.5%) and limits
of agreement [-36.6, 44.1]ms. There was good agreement between the 2 methods without automated QC (IV: 3.2 [-47.1, 53.5]ms, EV: -0.5
[-35.2, 34.2]1 ms). After QC, agreement on the |V set improved, was unchanged in the EV set, and the agreement in both was within inter-
operator bounds (IV: —0.04 [-33.4, 33.31ms, EV: —=1.9 [-37.6, 33.7]ms). The semi-automated method improved scan-rescan agreement versus
manual analysis (manual: 8.2 [-49.7, 66] ms, automated: 6.7 [-46.7, 60.1] ms).

Conclusions: The semi-automated method for characterization of standardized pancreatic T1 using MRI has the potential to decrease analysis
time while maintaining accuracy and improving scan-rescan agreement.

Advances in knowledge: We provide intra-operator, inter-operator, and scan-rescan agreement values for manual measurement of srT1, a
standardized biomarker for measuring pancreas fibro-inflammation. Applying a semi-automated measurement method improves scan-rescan
agreement and agrees well with manual measurements, while reducing human effort. Adding automated QC can improve agreement between
manual and automated measurements.

Summary statement: \We describe a method for semi-automated, standardized measurement of pancreatic T1 (srT1), which includes auto-
mated quality control. Measurements show good agreement with manual ROl-based analysis, with comparable consistency to inter-operator
performance.

Keywords: pancreas; T1 mapping; standardised; fibro-inflammation; quality control.

Introduction

There is a continuing surge in the incidence of diseases affect- Quantitative MRI enables non-invasive assessment of the

ing the pancreas, including pancreatic cancer, chronic pancre-
atitis, and diabetes.! This may reflect the increasing prevalence
of metabolic syndrome and obesity, since obesity leads to fat
infiltration, which can trigger an inflammatory response and
eventually chronic pancreatitis and pancreatic cancer.” Fat in-
filtration in the pancreas has also been linked to rapidly esca-
lating levels of type 2 diabetes™* and metabolic-associated
steatotic liver disease (MASLD).**® This motivates the need for
methods to assess the pancreas both in disease and incidentally
before disease becomes symptomatic.

pancreas. For example, one MRI-derived biomarker, T1 relaxa-
tion time,”*® is sensitive to fibrosis and inflammation and corre-
lates with pancreatic fibrosis.” T1 can be used to grade chronic
pancreatitis severity and has the potential to aid in its early
diagnosis.'”'* However, its clinical applicability is limited by
dependence on field strength, and its poor reproducibility
across sites, MRI vendors, and patient populations.”*"* To
counter this, strategies for pancreatic T1 harmonization have
used a combination of careful acquisition design, quality assur-
ance, and calibration techniques.'*'® One such strategy,
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scanner-referenced T1 (srT1 or SR-T1), has been FDA cleared
for pancreatic MRI analysis.''*

Even with a standardized quantitative imaging biomarker,
manual delineation of the pancreas parenchyma to obtain an
aggregate measurement demands expertise and is time-
consuming. The intrinsically complex task is further compli-
cated by the presence of the main pancreatic duct and
surrounding visceral adipose tissue. One measurement
approach used clinically is to place regions of interest (ROIs)
within the pancreas on the scan of interest,!"'?! targeting
homogenous regions of parenchyma.'® However, ROI place-
ment requires expertise and suffers from sampling bias, nota-
bly in heterogeneous disease presentations.

Recent advances in image analysis, as well as the increasing
prevalence of pancreatic disease, encourage the adoption of
automated image analysis systems that can be delivered at
scale, eg, systems that combine organ segmentation, image
fusion, and quality control (QC).>*** QC in this work refers
to the ability to identify spurious input images, assess the
quality of the output of a pipeline, and decide whether an
analysis should be performed manually before a report can
be generated. These abilities can increase analysis efficiency
without compromising on accuracy, which increases confi-
dence and likelihood of clinical adoption.?®

The aims of this study are 2-fold. First, the same-session
scan-rescan repeatability of manual srT1 quantification is
evaluated to allow comparison with other methods of mea-
suring pancreatic T1. Second, a semi-automated pipeline for
srT1 quantification is developed and applied to a large long
COVID dataset including pancreatic MRI scans. The method
includes a novel pancreas-specific QC module. We test
whether srT1 obtained using the semi-automated method
agrees with srT1 obtained by manual ROI placement, nota-
bly when QC is applied.

Methods
Study design and participants

This retrospective study used pancreatic MRI scans from a
scan-rescan cohort and a cohort from the Long COVID trial
COVERSCAN (ClinicalTrials.gov ID NCT04369807). All
participants were recruited following expression of interest
and gave written informed consent.

Intra-scanner scan-rescan datasets of 46 volunteers (n
scans = 92) were obtained at 3 imaging sites with Siemens
scanners (Siemens Healthineers, Erlangen, Germany):
Perspectum Gemini (MAGNETOM Aera 1.5T, 20 volun-
teers), Oxford Centre for Magnetic Resonance (OCMR)
(MAGNETOM Prisma 3T, 18 volunteers), and Chenies
Mews Imaging Centre (CMIC) London (MAGNETOM
Prisma 3 T, eight volunteers), as detailed in Figure 1. The re-
peat scans were obtained within the same imaging session, af-
ter the subject exited and then re-entered the same scanner.

Datasets available from COVERSCAN were also used.
COVERSCAN investigates the impact of SARS-CoV-2 infec-
tion on the state of multiple organs, as assessed by quantita-
tive MRI, including the heart, liver, pancreas, spleen, and
kidneys.!”*® Subject characteristics have been reported.'”->®
The study received ethical approval by the South Central—
Berkshire B Research Ethics Committee (20/SC/0185) and all
research was performed in accordance with relevant guide-
lines and regulations.
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The COVERSCAN datasets comprised baseline scans and
6-month follow-up scans from 466 subjects (n scans =708).
Not all subjects had a follow-up scan available.'” Scanning
had been performed at 3 imaging sites: Perspectum Gemini,
Mayo Healthcare London (MAGNETOM Vida 3T), and
CMIC London. The Perspectum and Mayo Healthcare scans
were randomly assigned to the training set (7 =432) or the
internal validation set (7 =185). To evaluate generalizability
to a scanner model unseen during training, the CMIC scans
(n=58) were used as an external validation set (Figure 1).

MRI protocol

All MRI datasets comprised 2 scans: a 2D, breath-hold,
Modified Look-Locker Inversion recovery (MOLLI); and a
3D, breath-hold, 2-point Dixon T1-weighted scan covering
the entire liver, spleen, pancreas, and kidneys. Table S3 con-
tains acquisition parameters for these scans at 1.5 and 3 T.

Raw T1 maps were calculated from the MOLLI data using
Perspectum software.””"*® These were then standardized to
obtain srT1 maps. “Scanner referencing” (sr) includes: (a) a
scanner normalization step, which involves referencing to
a specific MRI scanner of the same field strength; and (b) a
field strength adjustment step to 3T, when applicable.>*>3°
Figure S4 shows the effect of T1 standardization on the
COVERSCAN cohort.

Description of manual method

Specially trained image analysts were asked to place an ROI
in each of the pancreatic head, body, and tail. Each image an-
alyst had been internally certified for using Perspectum soft-
ware and had at least 6 months’ (with up to 5+ years’)
experience analysing pancreas MRI images for research. In
more detail, for each dataset, the pancreas was first delin-
eated on the srT1 map. Then, up to 3 circular ROIs, each
10 mm diameter, were placed within the delineated region.
Finally, the median srT1 value after combining voxel values
across the ROIs was reported (see Supplementary Material
for more details).

All scans were analysed manually for subsequent compari-
son with the semi-automated method. For the scan-rescan
datasets, measurements of inter-operator agreement and
intra-operator agreement were also obtained.

Description of semi-automated pancreas
analysis method
The semi-automated method performs the following steps:

1) Pancreas segmentation is estimated on the volumetric
scan (water-separated image generated by the MRI scan-
ner) using the segmentation model presented previ-
ously,>’ and which was retrained to include 113
additional cases from the training set.

2) The 2D srT1 map is aligned with the 3D segmentation
using the DICOM reference coordinate system and the
image header information. This enables propagation of
the 3D segmentation onto the pancreas in the sr'T1 map,
as illustrated in Figure 2.

3) The resulting 2D pancreas segmentation is refined to
exclude pixels with poor T1 numerical fits and
non-parenchymal tissues such as pancreatic ducts and
visceral fat intrusions (see Supplementary Material).

4) Manual QC: an operator (anonymized author initials, 5
years’ experience annotating medical images for
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Figure 1. Number of scans and scanner metadata characteristics by study design, for the scan-rescan cohort (left) and the COVERSCAN cohort (right).

Manual QC refers to step 4 of the semi-automated method.

research) manually checked the alignment and segmen-
tation. Any failure cases were excluded from further au-
tomated analyses. Reasons for exclusion include:
segmentations over incorrect structures, incomplete seg-
mentations, misalignments due to subject motion, and
artefacts or lesions present within the segmentation.
Automated QC: an automated QC module is applied to
further flag cases, eg, those that may pass the manual
QC in the previous step but may still lead to disagree-
ment between the semi-automated method and man-
ual processing.

Reporting of srT1 within the refined segmentation. This
srT1 is designed to match the result of manual ROI place-
ment: the 32nd percentile of the srT1 values within the
mask is reported (rather than the median value). This
percentile was determined on the training set prior to
building the automated QC model as the value that led to
a non-significant systematic difference between manual
and automated measurements. This systematic difference
was attributable to ROI sampling effects upon further ex-
ploration (see Figure 3, and Supplementary Material for
a comparison between manual ROIs, manual delinea-
tions and automated segmentations).

Development of automated quality control
The automated QC module was developed by training a lin-
ear regression model to predict the amount of discrepancy be-
tween srT1 quantification from the manual method and that
from the semi-automated method (in ms), where the semi-
automatic results were generated without the automated QC
step. Supplementary Material describes the features and
details of building the linear regression model.

Once the QC model was built, a QC model prediction
threshold was tuned on the training set with the aim of

flagging problematic cases during deployment on both vali-
dation sets. This threshold was chosen as the value that led to
a manual versus auto difference within +40 ms, ie, within
inter-operator agreement; this value was 20 ms.

The semi-automated srT1 values were compared to those
from the manual method. To assess the utility of the auto-
mated QC module, we also applied the pipeline to the valida-
tion sets without automated QC.

Statistical testing

A Wilcoxon signed-rank test was used to assess significance
of bias in the Bland-Altman plots. A two-sample F-test for
equal variances was used to compare the relative change in
agreement when using the automated QC module and when
not using the automated QC module. The significance level
was set to .05.

Results

For the scan-rescan cohort (7 scans = 92), the pancreatic srT1
mean =SD was 719.7 + 56.6 ms, as quantified by the manual
method on the first scan. For the COVERSCAN cohort (n
scans =6735), srT1 was 726.8 +65.7 ms, as quantified by the
manual method.

Technical performance of manual method

Intra-operator, inter-operator, and scan-rescan agreement of
the manual method are shown in Table 1. Excellent intra-
operator agreement (combined field strengths: bias=—-1.7 ms
(0.2%), LoA=[-24.6, 21.2]ms, ICC=0.982), as well as
inter-operator  agreement (combined field strengths:
bias = 3.8 ms (0.5%), LoA =[-36.6, 44.1] ms, ICC=0.923)
were observed. Good repeatability (combined field strengths:
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Figure 2. lllustration of the alignment and refinement steps in the semi-automated processing pipeline. The 3D segmentation from the 3D volume (A:
axial view, B: coronal view, segmentation as transparent red overlay) is aligned with the 2D srT1 map (C: srT1 map with pancreas mask after alignment,
black contour) and then refined (D: srT1 map with pancreas mask after refinement, colour overlay).

bias=8.2ms (1.1%), LoA=[-49.7, 66]ms, ICC=0.846)
was observed.

The mean inter-operator agreement (combined field
strengths) was used as the target performance bound for the
evaluation of the semi-automated method, ie, +40 ms.

Validation of semi-automated method

Table 1 shows the scan-rescan agreement of the proposed
method in the case that neither manual QC nor automated
QC were not run, so that the method was fully automated.
The results of the automated method (combined field
strengths: bias=6.7ms (0.9%), LoA=[-46.7, 60.1]ms,
ICC=0.870) were comparable to the manual results.

Figure 4 shows the Bland-Altman agreement between the
manual approach and the semi-automated method on the in-
ternal validation set and on the external validation set of the
COVERSCAN cohort. With no automated QC, the LoA for
the internal validation set were [-47.1, 53.5] ms, which is not
within the inter-operator agreement LoAs. However, when
the QC model was run, the LoA was [-33.4, 33.3] ms with a

non-statistically significant bias of —0.04 ms (P =.7793). The
reduction in LoAs when adding the QC model was statisti-
cally significant (P <.05). For the external validation set,
with no automated QC applied, the LoA was [-35.2, 34.2]
ms, which was already within inter-operator LoAs. The
agreement when adding automated QC did not improve:
with QC, the LoA was [-37.6, 33.7]ms, and the bias of
—1.9ms or 0.2% was not significant (P =.4494).

Figure 5 shows srT1 maps from 2 example COVERSCAN
scans analysed using the manual method and the proposed
semi-automated method, one showing good srT1 agreement
(Ims difference), one showing poor srT1 agreement
(55 ms difference).

Discussion

MRI is an important tool in the management of several con-
ditions that affect the pancreas, such as pancreatitis,”> pan-
creatic cysts,>> and pancreatic cancer.>* Detailed and precise
imaging of the pancreas are key to making early and accurate
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srT1: Manual ROIs vs Manual delineation
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Figure 3. Comparison of srT1 from manual ROIs versus manual delineations (left), and comparison of srT1 from manual delineations versus automated
segmentations (right). The srT1 bias between manual ROls and manual delineations was —42.6 ms in the Bland-Altman analysis and statistically
significant (P<.001, Wilcoxon signed-rank test), while the srT1 bias between manual delineations and automated delineations was —1.2 ms and not
statistically significant (P=.8364) (see Supplementary Materials for more details).

Table 1. Results on the same-session scan-rescan cohort.?

1.5T (20 pairs)

3T (26 pairs)

Combined (46 pairs)

Manual
Intra-operator agreement

Inter—operator agreement

Same-session scan-rescan agreement

Automated

Same-session scan-rescan agreement

-1.7[-22, 18.6] ms
ICC=0.985, RC=20.0
~3.2[-38.8, 32.4] ms
ICC=0.856, RC=35.2
10.0 [-34.0, 54.0] ms
ICC=0.704, RC=47.1

9.1[-35.2, 53.4] ms
ICC=0.789, RC=46.8

-1.7[-26.7,23.4] ms
ICC=0.979, RC=24.8
8.8 [=32.6, 50.3] ms
ICC=0.915, RC=44.2
6.8 [-60.6, 74.1] ms
ICC=0.841, RC=67.4

4.9[-55.2, 65.0] ms
ICC=0.873, RC=59.7

~1.7[=24.6,21.2] ms
ICC=0.982, RC=22.9
3.8[-36.6, 44.1] ms
ICC=0.923, RC=40.6
8.2 [-49.7, 66] ms
ICC=0.846, RC=59.4

6.7 [-46.7, 60.1] ms
ICC=0.870, RC = 54.4

*Manual method was also evaluated for intra-operator and inter-operator agreement. Results are shown as bias [lower and upper LoA] of srT1 in ms. LoA:
limits of agreement, ICC: intraclass correlation coefficient, RC: repeatability coefficient.

diagnoses. To facilitate these clinical applications, we have
introduced a semi-automated method for pancreas MRI
quantification with QC.

The method showed excellent agreement with manual
ROI-based processing (measured using LoA), with the intro-
duction of the QC module significantly improving agreement
between methods. Furthermore, the systematic difference be-
tween an ROI-based method and a segmentation-based
method was addressed by reporting a percentile of the distri-
bution of voxels within the pancreas segmentation (instead of
the median value). We hypothesize that this arises because
trained users are instructed to place ROIs in regions that are
well within the pancreas parenchyma, and to avoid the pan-
creatic duct. This leads to ROIs being preferentially placed in
homogeneous regions that tend to have lower T1. The
reported srT1 scan-rescan repeatability for both methods
(within =40 ms) does not reach clinical significance, as cases
with even mild chronic pancreatitis are shown to differ by
more than 200 ms (at 3T).'%'"%

The method was applied to quantitative maps of srT1 from
the Long COVID study and compared to manual inter-
operator performance. Long COVID, an ongoing health

concern, can manifest with varied complications, including
gastrointestinal issues that necessitate accurate pancreatic
evaluation. For example, the COVERSCAN trial found 20%
of subjects with pancreatic impairment.'”*® The validation
of the method presented here using data from such a complex
and important clinical use case underscores its relevance, ro-
bustness, and reliability. The semi-automated pipeline can be
seamlessly integrated into the image analysis workflow as de-
cision support and represents a scalable solution for increased
robustness and efficiency. Although our method has been ap-
plied to srT1, it may apply to analysis of other quantitative
maps, provided that metrics are standardized across MRI
vendors and field strengths, and the QC module is retrained
appropriately.

The semi-automated pipeline offers the potential for more
advanced pancreatic measurements, eg, assessment of the
head, body, and tail, enabling more precise characterization of
disease spread and intensity.>® For example, in pancreatic can-
cer, understanding of tumour location and extent could influ-
ence surgical planning and prognosis. Similarly, pancreatitis
may affect the pancreas segments differently. Beyond the ana-
tomical delineation and traditional whole-organ volume
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Internal validation set, with QC (n=147)
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Figure 4. Results on the COVERSCAN validation sets. Bland-Altman agreement of semi-automated method and manual method was evaluated on the
internal validation set and on the external validation set, with and without QC. Results are shown as bias [lower and upper LoA] of srT1 in ms. LoA: limits

of agreement.

measurements,” " the pipeline holds promise for developing

novel biomarkers, such as the volumes of individual pancreatic
segments. While the link between these potential new bio-
markers and actual disease states and outcomes needs further
investigation, the automated pipeline may facilitate such inves-
tigations, especially in very large datasets where manual meas-
urements—or manual QC—is infeasible. Furthermore, while
the initial application has been in the context of Long COVID,
the implications in other clinical scenarios, such as diabetes, or
pancreatic disease, warrant dedicated research.

Our results showed that 76% (79% of those 95.3% that
passed manual QC) of datasets did not require end-to-end
manual analysis, enabling scalable pancreas image analysis.
However, the actual increase in efficiency requires a further

prospective study. It is crucial that any such system flags cases
that need expert manual review, for instance those affected by
artefacts or intricate pathology. This increases efficiency, be-
cause only prefiltered, more challenging datasets need to be
analysed in detail. Based on their experience, knowledge, and
training, a manual reader can often deal with images that are
challenging for semi-automated processing.

In clinical practice, cases that fail manual QC, especially
those with poor segmentation, may be sent back for retrain-
ing of the segmentation algorithm, in an active learning
framework. Nevertheless, only 33 of 708 (4.7%) datasets
were flagged by manual QC in this work. A further advan-
tage of the manual QC is that it enables pre-filtering of the
data that may be subsequently used to train and test any
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Figure 5. srT1 maps for 2 example scans from the internal validation set after QC was applied. Both good (top) and poor (bottom) agreement between
the manual method (circular ROls) and the semi-automated method (segmentation-based) are represented. ROI: region-of-interest.

regression or machine learning algorithm. This enables more
efficient training with a smaller sample size. Conversely, in-
cluding such images in the training for a pancreas image
analysis system would either complicate learning, require a
larger dataset, or lower the quality of the prediction model.

In clinical settings, additional automated metrics could fur-
ther refine the semi-automated method. For example, assess-
ment of the pancreas morphology could provide surrogate
information on alterations associated with certain patholo-
gies. Textural features could bring insights into tissue charac-
teristics that are indicative of disease states. Representation
learning outputs could help detect anomalous cases, poten-
tially indicating rare or complex conditions that may require
additional investigation. This would ensure that the method
adapts to the broad spectrum of clinical scenarios encoun-
tered in pancreatic MRI.

Limitations

This work had several limitations. First, the MRI datasets in
this work were all acquired on Siemens scanners. In future,
data from multiple manufacturers will be added to inform
the cross-vendor reproducibility of srT1 and of our method.
Nevertheless, both clinical field strengths and 3 different
scanner models were represented. Additionally, for method
development, the scan at baseline and 6-month follow-up
were assumed to be independent, given that the changes in
sr'T1 observed over 6 months were (a) greater than the repeat-
ability coefficient and (b) comparable to srT1 differences be-
tween matched participants. Future work will test the

method on external validation cohorts from independent sub-
jects with different pancreatic diseases.

Second, the automated QC only improved agreement on
the internal validation dataset. As the external validation set
contained fewer scans outside the limits of agreement, further
work on a larger range of scanners and datasets from differ-
ent sources will determine whether the automated QC ap-
proach can be generalized.

Third, the manual method used as reference may not ap-
propriately represent “ground truth”. For instance, an ROI
may not adequately characterize the pancreas, particularly in
cases of parenchymal heterogeneity.

Finally, the semi-automated method depends on alignment
between the quantitative map and the volumetric scan from
which the segmentation is derived. While manual QC was in-
troduced to pre-filter datasets with bad alignment, some mis-
alignment may remain, eg, due to subject motion. Future
work may consider an additional registration module.**>*°

Conclusion

Our semi-automated segmentation-based pipeline aligns well
with traditional manual ROI-based reporting for pancreas
MRI quantification, aided by a novel automated QC module.
This tool has the potential to enhance workflow efficiency
and opens up potential for a broader characterization of pan-
creatic diseases, paving the way for more effective patient
management. Future enhancements should focus on expand-
ing the QC module and integrating active learning for han-
dling complex cases.
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