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Follow-up MRI in multiple sclerosis patients: automated
co-registration and lesion color-coding improves diagnostic accuracy
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Abstract

Objectives In multiple sclerosis (MS), the heterogeneous and numerous appearances of lesions may impair diagnostic accuracy.

This study investigates if a combined automated co-registration and lesion color-coding method (AC) improves assessment of

MS follow-up MRI compared with conventional reading (CR).

Methods We retrospectively assessed 70 follow-up MRI of 53 patients. Heterogeneous datasets of diverse scanners and institu-

tions were used. Two readers determined presence of (a) progression, (b) regression, (¢) mixed change, or (d) stable disease

between the two examinations using corresponding FLAIR sequences in CR and AC-assisted reading. Consensus reference

reading was provided by two blinded radiologists. Kappa statistics tested interrater agreement, McNemar’s test dichotomous

variables, and Wilcoxon’s test continuous variables (statistical significance p <0.05).

Results The cohort comprised 41 female and 12 male patients with a mean age of 40 (£ 14) years. Average rating time was

reduced from 78 (£ 36) to 44 (£22) s with the AC approach (p < 0.001). The time needed to start and match datasets with AC was

14 (£1) s. Compared with CR, AC improved interrater agreement, both between raters (0.52 vs. 0.67) and between raters and

consensus reference reading (0.47/0.5 vs. 0.83/0.78). Compared with CR, the diagnostic accuracy increased from 67 to 90%

(reader 1, p<0.01) and from 70 to 87% (reader 2, p <0.05) in the AC-assisted reading.

Conclusions Compared with CR, automated co-registration and lesion color-coding of MS-associated FLAIR-lesions in follow-

up MRI increased diagnostic accuracy and reduced the time required for follow-up evaluation significantly. The AC algorithm

therefore appears to be helpful to improve MS follow-up assessments in clinical routine.

Key Points

* Automated co-registration and lesion color-coding increases diagnostic accuracy in the assessment of MRI follow-up exam-
inations in patients with multiple sclerosis.

* Automated co-registration and lesion color-coding reduces reading time of MRI follow-up examinations in patients with
multiple sclerosis.

* Automated co-registration and lesion color-coding improved interrater agreement in the assessment of MRI follow-up exam-
inations in patients with multiple sclerosis.
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Abbreviations

AC Automated co-registration and lesion color-coding
image reading approach

CR Conventional reading

FLAIR Fluid-attenuated inversion recovery

MRI Magnetic resonance imaging
MS Multiple sclerosis

PACS  Picture archiving and communication system
RIS Radiological information system

SD Standard deviation.

Introduction

Multiple sclerosis (MS) is a chronic immune-mediated inflam-
matory disease of the central nervous system and character-
ized by demyelination as well as axonal damage [1]. Besides
trauma, MS leads to the highest number of permanent disabil-
ity in young adults [2]. Europe and the Northern United States
rank among the regions with the highest incidence and prev-
alence [3, 4]. Women are affected more frequently than men
and patients commonly present with relapsing-remitting dis-
ease [5]. Magnetic resonance imaging (MRI) is the method of
choice to substantiate the clinically suspected diagnosis of MS
[6, 7]. The McDonald diagnostic criteria, which are universal-
ly used in clinical routine, require a dissemination of lesions in
space or time on MRI examinations [7, 8]. MS lesions are
commonly found periventricular, in the corpus callosum and
the centrum semiovale, and present hyperintense in T2-
weighted and fluid inversion recovery (FLAIR) sequences
[5]. Due to the frequent relapsing character of MS, patients
receive repetitive MRI examinations on a regular basis to
monitor disease activity and treatment response which is
why these exams are common in daily radiological routine
[9]. Comparing two consecutive MRI follow-up examinations
is often burdensome and error prone, especially in patients
with a high number of findings [10-12]. Additionally, a com-
parison of MRI examinations is impeded by different acquisi-
tion protocols and scanners [13, 14].

There are different approaches and tools available to facilitate
detection of disease progression, such as subtraction or automat-
ed co-registration (AC) techniques [9, 11, 13, 15-17]. As differ-
ences in scan positions during the MRI examination seem to
hamper the detection of new lesions, a voxel-based registration
of pairs of images has been proven to be helpful to evade this
problem [18]. Among others, subtraction of previously co-
registered and intensity-normalized pairs of images is a well-
investigated method, which supports the delineation of new le-
sions [9, 15, 19]. With the recent advent of artificial intelligence,
several machine learning techniques have been proposed to im-
prove automated delineation of pathologies [5, 20-22].

However, many of these techniques may not be suitable in
clinical routine, as they either require special training or
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difficult implementation in the clinical workflow or are time
consuming [11, 23]. Hence, no standard tool has been
established in radiological routine [13]. Thus, investigations
of accessible automated tools that assist radiological decision
making are of high clinical interest [10, 24]. We hypothesized
that an AC reading approach with lesion color-coding would
improve the assessment of MRI examinations in patients with
MS but may be too time consuming to implement in clinical
praxis. Therefore, the purpose of this study was to compare an
AC reading approach with a conventional reading approach
(CR) in axial and sagittal FLAIR sequences in follow-up ex-
aminations of patients with MS, especially regarding diagnos-
tic accuracy and required rating time.

Methods and materials

This retrospective study was performed after institutional re-
view board approval with waved informed consent. It was
conducted in accordance with the ethical regulations of the
Declaration of Helsinki including its later amendments. All
cerebral MRI exams were performed for clinical indications;
no MRI was conducted solely for the purpose of this study.

Identification of potential study subjects was conducted
based on a combined exploration of the picture archiving
and communication system (PACS) and radiological informa-
tion system (RIS) employing the following criteria:

1. Diagnosed MS

2. Age >18 years

3. Atleast two cerebral MRI examinations with axial and/or
a FLAIR sequences between 1 January 2010 and 30
October 2017, either performed in our institution or pro-
vided from referring institutions.

Consecutively, 70 pairs of follow-up datasets from 53 pa-
tients were identified and included in the study. No patients
were excluded from this study.

MRI datasets

MRI datasets were provided by our institution (n=131) and
by referring institutions (n = 9) consisting of different vendors,
scanner generations, and field strengths (1.0 T/1.5 T/3 T).
Detailed scan parameters are given in Table 1. In total, 37 pairs
of axial and 33 pairs of sagittal FLAIR sequences were
available.

Conventional and automated co-registration
approach

Standard CR was carried out within the PACS software, which is
routinely used in clinical practice in our institution (Impax EE
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Table 1 Detailed MRI scan parameters
Parameter Philips Ingenia 3.0 T Philips Ingenia 1.5 T Philips Achieva 3.0 T
Axial FLAIR Sagittal FLAIR Axial FLAIR Sagittal FLAIR Axial FLAIR Sagittal FLAIR
Field of view (mm) 560 x 560 560 x 560 432 x 432 256 x 256 512x512 560 x 560
Matrix 280 %211 280 % 189 256 x 160 256 x 177 256 % 201 280 %209
Slice thickness (mm) 5.0 5.0 5.0 5.0 4.0 4.0
Repetition time (ms) 12,000 12,000 6000 6000 12,000 12,000
Echo time (ms) 140 140 140 120 140 140
Inversion time (ms) 2850 2850 2000 2000 2850 2850
Parameter Philips Achieva 1.5 T Philips Intera 1.5 T Philips Panorama 1.0 T
Axial FLAIR Sagittal FLAIR Axial FLAIR Sagittal FLAIR Axial FLAIR Sagittal FLAIR
Field of view (mm) 256 x 256 320 %320 240 x 240 320 %320 256 x 256 n/a
Matrix 256 x 172 300 x 150 232 %174 312x219 256 x 158 n/a
Slice thickness (mm) 6.0 6.0 4.0 4.0 6.0 n/a
Repetition time (ms) 6000 6000 6000 5906 6000 n/a
Echo time (ms) 120 120 100 100 120 n/a
Inversion time (ms) 2000 2000 2000 2000 2000 n/a

Parameter

Field of view (mm)
Matrix

Slice thickness (mm)
Repetition time (ms)
Echo time (ms)
Inversion time (ms)

Range of scanner parameters of referring institutions

(Siemens, Toshiba, Philips [1.5-3.0 T])

Sagittal FLAIR

256 x 256488 x 512
256 % 184-320 % 192

4.0-6.0
5307-9000
83-120
2000-2500

Axial FLAIR

256 x 256568 x 640
256 x 172-320 % 192

4.0-6.0
6000-12,000
100-140
2000-2850

FLAIR fluid-attenuated inversion recovery, n/a not available

R20, XVII SU1, Agfa Healthcare). The corresponding FLAIR
sequences were ordered side by side while adjustment of window
settings was allowed. A manual linking of the sequences was
possible, while scrolling through the images.

For the AC approach, a recently released CE-certified and
FDA-approved AC algorithm (LoBI, Philips Healthcare) was
applied. The AC approach is integrated into Intellispace Portal
(ISP v.10, Philips Healthcare). After selecting the sequences to be
compared, the AC application automatically co-registers and

Table 2 Contingence table for both readers. True positive (TP), false
positive (FP), true negative (TN), and false negative (FN) are reported for
conventional reading (CR) and for the automated co-registration with

merges both sequences. The AC application performs a normal-
ization on the intensity of the selected images. This normalization
is executed on brain level and not separately for gray and white
matter. The contrast ratio remains unchanged. Therefore, only
sequences with similar contrast are comparable. Apart from
FLAIR, the application is able to process other sequences, such
as T2w (see Fig. 1). After co-registration, both sequences are
linked and can be viewed on the same anatomic level. If needed,
the co-registration can be corrected manually. Additionally, an

color-coding approach (AC) as well as for axial and sagittal scan
orientation. Diagnostic accuracy is given in percent (%)

Reader MRI scan orientation CR: change vs. stable AC: change vs. stable
TP FP N FN Accuracy (%) TP FP TN FN Accuracy (%)

Reader 1 Axial 6 6 13 12 51 12 0 21 4 89

Sagittal 13 3 15 2 84 13 3 17 0 91

All 19 9 28 14 67 25 3 38 4 90
Reader 2 Axial 5 7 19 6 65 11 1 21 4 86

Sagittal 11 5 14 3 76 13 3 16 1 88

All 16 12 33 9 70 24 4 37 5 87
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overlay map is created, which color-codes progressive or new
lesions, respectively, as red, while regressive lesions are indicated
blue. The overlay map is shown as a third screen in addition to
both MRI sequences, whereby readers can check and confirm the
highlighted lesions on the original sequences (see Fig. 2). The
intensity of the color-coding can be adjusted using a seamless
slider. All three sequences are linked and can be viewed simul-
taneously (Fig. 1).

Subjective rating

Two blinded radiologists (KRL, SP) with 4 years and 7 years of
experience in neuroimaging independently rated pairs of MRI
datasets in two sessions: a CR session and an AC session.
Brain lesions were assessed for (a) progression (new lesions
and/or increasing lesion size), (b) regression (diminished lesions
and/or decreasing lesion size), (c) mixed changes (both
diminishing/decreasing lesions and increasing/new lesions), or
(d) stable disease of MS (no change in lesion amount or size).

An independent timekeeper recorded the time needed for
decision-making. Further, the time required for the AC appli-
cation to start, load, and match the patient data was recorded.
Readers were blinded to clinical patient data and the readings
were conducted at the same dedicated workstation in intervals
of 4 weeks to avoid a recall bias. Before each reading, the
patient order was randomized.

Consensus for ground truth was obtained by two radiolo-
gists, including a senior neuroradiologist (JB, DZ with
11 years and 4 years of experience), who did not participate

in the subjective rating. Definitive determination of progres-
sion, regression, mixed changes, or stable disease was con-
ducted by these two radiologists in consensus, taking all avail-
able imaging data from AC and CR as well as all radiological
reports, follow-up investigations, clinical data such as labora-
tory data, findings of neurological examinations, and detailed
medical history into account.

Statistical analysis

Statistical analyses were performed using JMP software (Version
13, SAS Institute). Continuous variables are written as mean +
standard deviation (SD). The interrater agreement was deter-
mined using kappa statistics, whereby kappa coefficient was
interpreted as suggested in previous publications: excellent
agreement (x> 0.8), good agreement (x > 0.6), moderate agree-
ment (k> 0.4), poor agreement (x < 0.4). The difference between
dichotomous variables was evaluated using McNemar’s test and
the difference between continuous variables using the Wilcoxon
test. Statistical significance was set to p <0.05.

Results
Study cohort
Ofthe 53 included patients, 41 were female and 12 were male.

Mean patient age was 40 years (SD 14 years, range 18—
71 years).

Fig. 1 Sagittal and axial T2w images of two patients. Baseline examinations (a and d, left) and corresponding follow-up exam (b and e, middle) and
overlay map with color-coded lesions (¢ and f, right). Progressive lesions are marked in red and diminishing lesions in blue
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Fig. 2 Sagittal and axial FLAIR of two patients. Baseline examinations (a and d, left) and corresponding follow-up exam (b and e, middle) and overlay
map with color-coded lesions (¢ and f, right). Progressive lesions are marked in red and diminishing lesions in blue

Rating time Interrater agreement

The AC application took an average of 7 (£ 0.05) stostartand  Interrater agreement between both readers increased from 0.52 in
7 (£0.07) s to load and co-register the MRI datasets. The  the CR approach to 0.67 in the AC approach. Between both
mean time required for both readers to assess a pair of MRI  raters and consensus, interrater agreement increased from 0.47
datasets in CR was 78 (+36) s and significantly decreased to (reader 1) and 0.50 (reader 2) in the CR approach to 0.83 (reader
44 (+22) s with AC (p <0.001; see Fig. 3). 1) and 0.78 (reader 2) in the AC approach (see Fig. 4).

Fig. 3 Reading time (in seconds)

is significantly reduced when p<0.05
using the automated co- 120
registration and lesion color-
coding image reading approach
(AC) in comparison with con-
ventional reading
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Fig. 4 Agreement between reader 1 (left) and consensus as well as agreement between reader 2 (right) and consensus was higher when using the
automated co-registration and lesion color-coding image reading approach (AC) in comparison with the conventional reading (CR)

The diagnostic accuracy increased from 67 to 90% (reader
1, p<0.001) and from 70 to 87% (reader 2, p<0.01) in the
AC approach in comparison with the CR approach (see Fig. 5
and Table 2).

Discussion

This study compared the assessment of MRI follow-up
examinations in multiple sclerosis patients augmented by
automated co-registration with color-coding (AC) with
that by the commonly used reading technique (CR). The
used AC algorithm automatically matches the correspond-
ing MRI sequences, which then can be viewed at the
exact same anatomical height and further color-codes re-
gressive and progressive respectively new lesions by cre-
ating an overlay map.

Interrater agreement between both readers as well as be-
tween readers and consensus was significantly improved in
the AC approach in comparison with the CR technique, from
a moderate to a good respectively excellent agreement. These

Fig. 5 Diagnostic accuracy of
both readers was increased in
comparison with the conventional
reading (CR) when the automated
co-registration and lesion color-
coding image reading approach
(AC) was employed

READER 1 /2
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results are in line with previously published studies, which
compared conventional reading performed by successively
scrolling through images with different assisting techniques,
such as subtraction procedures, automated segmentation, and
co-registration-fusion methods, and found an improved detec-
tion of new lesions [9, 11, 15-17, 19, 25]. As follow-up ex-
aminations in patients with MS are frequent in daily radiolog-
ical routine and an alteration of neurological treatment often
depends on radiological findings [26, 27], an increased diag-
nostic accuracy may have a decisive impact on patient care.
Especially general radiologists, who are not subspecialized in
neuroradiological imaging, could benefit from assisting tech-
niques, such as the evaluated AC application, as they often
have a lower diagnostic accuracy [27]. However, many previ-
ous investigated tools are not implemented in the PACS, are
time consuming to operate, or require specific training, which
hampers their usage in clinical routine [9, 11, 23]. In contrast,
the evaluated AC approach in this study is launched directly
within the PACS, does not require specific training, and may
therefore be more practical in a clinical environment. As it
only took a few seconds to start and calculate the co-

Diagnostic accuracy

AC approach
|p<0.05
Conventional
AC approach
\p<0.05
Conventional

02 03 04 05 06 07 08 09
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registered overlay maps, a delay in working routine seems
unlikely. Regarding reading time itself, the AC approach in
our study significantly reduced the required time to read and
compare two MRI datasets and may therefore alleviate the
radiological workload, which increases continually [28].
Further, other approaches used homogenous data from few
scanners [11], whereas we included a wide variety of acquisi-
tion protocols, scanner types, and field strengths.

There are limitations to this study that need to be consid-
ered: First, apart from the retrospective study design, both
readers could not be blinded to the reading method (CR vs.
AC) they were using, which could cause a study bias. Second,
we solely investigated FLAIR sequences, while T2w and
contrast-enhanced T1w sequences are further and important
means in the setting of MS [9, 17]. Third, although a latency
period of 4 weeks was set between the CR and AC reading, a
remaining influence by recall bias cannot be excluded entirely.
Likewise, the readers had different levels of experience, which
could cause a bias regarding both diagnostic accuracy and
required reading time.

Conclusion

The tested automated co-registration reading approach of
brain lesions in patients with multiple sclerosis significantly
reduced the required time to evaluate MRI follow-up exams
and increased diagnostic accuracy for lesion detection in com-
parison with the conventional reading. Hence, it could mark-
edly accelerate this type of assessment when being applied in
the clinical routine.
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