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Fabry disease is the most frequently occurring form of lysosomal disease in Japan, and is characterized by a wide
variety of conditions. Primarily, the three major types of concerns associated with Fabry disease observed during
adulthood that must be prevented are central nervous system, renal, and cardiac complications. Cardiac com-
Cardiac complication plicati?ns, such ?s carAdiomy(‘)pathy, car.diac muscle ﬁ.brosis, flnd sever.e a.rrhythmia, are. the most common
Magnetic resonance imaging mortality causes in patients with Fabry disease. To predict cardiac complications of Fabry disease, we extracted
CHN1 RNA from the venous blood of patients for cap analysis of gene expression (CAGE), performed likelihood ratio
tests for each RNA expression dataset obtained from individuals with and without cardiac complications, and
analyzed the correlation between cardiac functional factors observed using magnetic resonance imaging data
extracted using artificial intelligence algorithms and RNA expression. Our findings showed that CHN1 expression
was significantly higher in male Fabry disease patients with cardiac complications and that it could be associated
with many cardiac functional factors. CHN1 encodes a GTPase-activating protein, chimerin 1, which is specific to
the GTP-binding protein Rac (involved in oxidative stress generation and the promotion of myocardial fibrosis).
Thus, CHN1 is a potential predictive biomarker of cardiac complications in Fabry disease; however, further
studies are required to confirm this observation.

an X-linked recessive trait, with male patients generally exhibiting se-
vere symptoms; however, female patients are also frequently affected

1. Introduction

Fabry disease (OMIM #301500) is classified as a lysosomal storage
disease derived from the dysfunction of the enzyme alpha-galactosidase
(GLA) localized in lysosomes, and is one of the most frequently occur-
ring lysosomal diseases. Globotriaosylceramide, a substrate of glyco-
sphingolipids, accumulates in the lysosomes of endothelial and smooth
muscle cells, renal and cardiac cells, autonomic ganglia, sweat glands,
cornea, and the central nervous system due to GLA dysfunction,
resulting in various symptoms such as cerebral infarction, arrhythmia,
cardiac hypertrophy, renal failure, hypohidrosis, angiokeratoma,
corneal crowding, cataracts, and limb pain. This disease is inherited as

with symptoms as severe as male patients, although symptom onset may
be delayed [1].

Cardiovascular complications, such as arrhythmia and heart failure,
are the leading causes of death of Fabry disease. Cardiac magnetic
resonance imaging (MRI) is an important diagnostic toolfor the evalu-
ation of cardiac conditions. Characteristic findings include fibrosis of the
left ventricular myocardium, as determined by late-gadolinium
enhancement. The cardiac complications of Fabry disease are difficult to
detect which delays treatment. Therefore, an improved method to di-
agnose Fabry disease is required.
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Table 1
Profiles of study participants.

Fabry disease Healthy

control (C)

Cardiac complication

Positive Negative
(A) (B)
Number 15 8 5
Mean age 425y 24y (9-36 35y (22-55
(9-56 y) y) y)
Mean onset age 16.6 y 9.8y (5-16 -
(3-43y) y)
Age at start of ERT 326y 165y -
(9-47y) (8-22y)
LVH 12 (80 %) - -
LAD 6 (40 %) - -
Type of f:aréiac V.alvular 5 (33 %) B _
complication disease
LGE 3 (20 %) - -
Arrhythmia 11 (73 %) - -
CNS complication 5 (33 %) 1(12.5%) -
Renal complication 3 (20 %) 1(12.5 %) -
Mean DS3 score 10.5 points 6.0 points NA

y; years-old

LVH; left ventricular hypertrophy

LAD; left atrial dilation

LGE; Late Gadolinium Enhancement

Gadolinium delay: delayed excretion after gadolinium contrast on MRI with
implications for myocardial fibrosis.

CNS complications, such as complications of the central nervous system, refer to
distinct complications or imaging changes, such as microcerebral hemorrhage or
cerebral infarction, excluding parenchymal brain signal changes.

Renal complications were defined as overt proteinuria and decreased renal
function.

DS3; Fabry Disease Severity Scoring System: CNS; central nervous system.

Cardiac MRI is the gold standard for evaluating myocardial function,
volume, and scarring. Additionally, cardiac MRI is the optimal tech-
nique for comprehensive tissue characterization, including the assess-
ment of myocardial edema, myocardial siderosis, myocardial perfusion,
and diffuse myocardial fibrosis. Cardiac MRI is therefore an
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indispensable tool for evaluating congenital heart diseases and heart
failure [2].

Herein, MRI was used for analysis for the following reasons: MRI
does not require radiation exposure, children over a certain age can be
subjected to testing, and it is more objective than ultrasound examina-
tion for evaluation of cardiac function.

Radiomic studies using MRI and gene expression profiling include
studies on brain tumors [3,4] and breast cancer [5]. In addition, no
radiomic studies on MRI and gene expression profiling for genetic dis-
order exist, except for studies on brain MRIs in patients with juvenile-
onset cognitive impairment, white matter dystrophy [6], and single-
gene disorders strongly associated with autistic spectrum disorders [7].

In this study, we used artificial intelligence (AI) and next-generation
sequencing to investigate the prognostic factors of cardiac complications
in Fabry disease. Al is an excellent tool for image recognition, and
“segmentation” technology was used to analyze images of cardiac
complications observed in Fabry disease, and evaluate its results with
those of genetic analysis to detect prognostic factors for cardiac
complications.

2. Materials and methods
2.1. Profiles of patients and individuals from the control group

The study population included 23 male patients with Fabry disease
who visited the Jikei University Hospital between 2015 and 2021. Fabry
disease was diagnosed using enzyme assays or genetic analysis. The
patients were classified into: group A: Fabry disease with cardiac com-
plications (n = 15); group B: patients without cardiac complications (n
= 8); and group C: healthy patients (n = 5). Groups A and B included a
certain number of patients with central nervous system and renal com-
plications. Since these complications increase in frequency with age and
are considered independent of cardiac complications, patients with
these complications were also included in groups A and B. Cardiac
complications were defined as left ventricular hypertrophy determined
using echocardiography, late gadolinium enhancement observed using
cardiac MR], and a history of distinct arrhythmias (e.g., atrial fibrillation

CAGE using RNA extracted from patients of
»  Fabry disease with cardiac complication : group A
»  Fabry disease without cardiac complication : group B
* healthy control : group C

v

Extract of 11 genes with significant differences
in RNA expression among 3 (ABC) groups

using Al algorithm

Select of 8 parameters from MRI image calculated

Extract of 3 genes with significant

Association and its strength of each gene's expression and all
cardiac MRI measurements over groups A and B were

evaluated.

Extract 3 genes based on the strength of association

differences in RNA expression levels
both among group ABC and AB

| same 3 genes detected by both methods |

V4

| sensitivity and specificity ranking by AUC |

Fig. 1. Flow chart of this study.

likelihood ratio test
Il the exact Wilcoxon test

The same three genes were detected as candidates for prognostic predictors of cardiac complications in patients with Fabry disease.
CAGE; Cap analysis of gene expression, Al; artificial intelligence, AUC; area under the receiver operating characteristic curve.
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ventricle

Fig. 2. Al algorithm to select and calculate MRI parameters.

From a series of
cardiac cine MRI
short-axis images

Automatic contouringand
segmentation of the left

using GridNet and PostVAE

Molecular Genetics and Metabolism Reports 41 (2024) 101152
Contouring of the left
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Systolic Volume (SV)
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Myocardial Mass
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Thickening of LV wall
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The neural network mechanism using GridNet and Post-VAE predicts short-axis cine-MRI image data (classification). Then, it identifies the position of the heart
(localization) and pixel in the heart (contouring and segmentation). Consequently, calculating the eight MRI parameters.

Post-VAE: post variational autoencoder.

and ventricular tachycardia). Classification of cardiac complications
revealed a higher rate of left ventricular hypertrophy and arrhythmia
(Table 1). The Fabry disease clinical severity score, DS3 shown at the
bottomof the Tablel, is characterized by its ease of scoring compared to
that of the scoring system used by the multiple sclerosis society of India.
The DS3 scoring system comprises five domains and 12 items based on
four clinical assessment domains (peripheral nerves, kidneys, heart, and
central nervous system) and one interview domain for the patient. The
evaluation of DS3 requires estimated glomerular filtration rate, pro-
teinuria, echocardiogram findings, electrocardiogram, and head imag-
ing test results. Based on correlation with the Clinical Global Impression
of Severity (CGI), a score of <8 is considered mild, <12 is moderate, and
> 12 is severe.

2.2. Summary of the study depicted using a flow chart

We extracted RNA from the sera of 28 subjects using the PAX gene
blood RNA system (PreAnalytiX™ from Quigen and BD) and stored it at
—80 °C, and transported samples to DNAFORM (Yokohama, Kanagawa,
Japan) for CAGE analysis based on the following criteria: using likeli-
hood ratio tests we listed the highly expressed genes, and identified
genes that showed significant differences in expression among the ABC
and AB groups. (Fig. 1).

2.3. CAGE library preparation and sequencing

CAGE library preparation, sequencing, mapping, and gene expres-
sion analyses were performed using the DNAFORM software. The
quality of the total RNA extracted from the blood was assessed using the
Bioanalyzer system (Agilent) to ensure that the RNA integrity number
was over 7.0. After the depletion of globin mRNA using the Globin-Zero
Gold kit (Illumina), cDNA was synthesized from total RNA using random
primers. The ribose diols in the 5’ cap structures of RNAs were oxidized,
and then biotinylated. Biotinylated RNA/cDNA was selected using
streptavidin beads (cap-trapping). After RNA digestion using RNase
ONE/H and adaptor ligation to both ends of the cDNA, double-stranded

cDNA libraries (CAGE libraries) were constructed. The CAGE libraries
were sequenced using single-end reads of 75 nt using the NextSeq 500
system (Illumina). Reads obtained (CAGE tags) were mapped to the
human hg38 genome using BWA [8] (version 0.7.17), and unmapped
reads were mapped using the HISAT2 [9] (version 2.0.5).

CAGE tag clustering was performed using the RECLU pipeline [10].
Tag count data were clustered using a modified Paraclu program.
Clusters with count per million (CPM) <0.1 were disregarded. Regions
with 90 % overlap between replicates were extracted using BEDTools
[11] (version 2.12.0). The clusters with irreproducible discovery rate
was >0.1, those longer than 200 bp were disregarded.

Differentially expressed genes among the three groups were detected
using the DESeq2 package [12] (version 1.20.0) from size factor-
normalized count data using the likelihood ratio test function. In-
dividuals from each group were treated as replicates. Genes with Ben-
jamini-Hochberg adjusted p-values (padj) <0.05 were treated as
differentially expressed (i.e., candidate genes). For each differentially
expressed gene, a pairwise comparison of expression levels between
groups was also conducted. Genes with non-adjusted p < 0.05 were
treated as differentially expressed in the pairwise comparison.

2.4. MRI parameters using Al (Fig. 2)

Of the enrolled patients, 16 underwent cardiac MRI, including 11 in
group A and five in group B. The cardiac MRI data of patients with Fabry
disease (AB group) were analyzed using an Al algorithm (deep learning)
with the QIR software.

Cine-MRI images in short- and long-axis views are available for each
case. Images were acquired using the Steady-state Free Precession
(SSFP) MR imaging protocol with the following settings: typical thick-
ness 7-8 mm, gap <2 mm, TR 40-161 ms, TE 1.36-1.48 ms, flip angle
50-80°, FOV 400 or 416 x 512 mm image matrix using the 3.0-T Skyra
system (Siemens Healthcare) and 1.5-T Avanto system (Siemens
Healthcare).

In this study, cine-MRI DICOM images were used for the segmenta-
tion and calculation of various quantified parameters using the CASIS
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Fig. 3. Distribution of the levels of gene expression and MRI parameters.

a. Typical scatter plots with a gene expression to be detected on the x-axis and MRI parameters on the y-axis to distinguish between the A and B groups.

(1) In the group with cardiac complications (group A, black), X was greater and Y was lower than those in the group without cardiac complications (Group B, white).
(2) In the group with cardiac complications (group A, black), X was larger and Y was larger than those in the group without cardiac complications (Group B, white).
(3) In the group with cardiac complications (group A, black), X was smaller and Y was larger than those in the group without cardiac complications (Group B, white).
(4) In the group with cardiac complications (group A, black), X was smaller and Y was smaller than those in the group without cardiac complications (Group B,

white).

b. Scatter plots with gene expression on the x-axis and MRI parameters on the y-axis.
In CHN, the MRI parameters StV and EF indicated by * have similar distributional patterns to a. (2), and the sum of the respective standardized values (X + Y) shows

significant differences between groups A and B.
However, in COX6CP1, no distinction between groups A and B was possible.

QIR version 4 (Dijon, France) software for cardiac MRI studies.

We used cine-MRI are GridNet [13] and post-variational autoencoder
(Post-VAE) [14] for the segmentation of the left ventricle (LV) in this
study. GridNet is a novel deep convolutional neural network-based
novel), fully automatic MRI cardiac segmentation method, and Post-
VAE is a post-processing technique that automatically transforms the
erroneous segmentation map into a valid one after segmentation.

LV cine MRI images were acquired over the cardiac cycle, which
alternates between the relaxing phase (diastole) and contracting phase
(systole). Segmentation of the LV and myocardium using cine MRI fa-
cilitates the quantification of the ventricular volume, mass, and ejection
fraction (EF) [15]. In this study, stroke volume (StV), EF, diastolic vol-
ume (DV), systolic volume (SV), end-systolic myocardial mass (SMM),
and end-diastolic myocardial mass (DMM) were calculated for all car-
diac cine MRI examinations. Additionally, the mean absolute and
percent thickening of the LV wall (MAT and MPT, respectively) were
automatically calculated from the average value of LV thickness ob-
tained using 16-segment polar mapping [16-18].

2.5. Statistics

The SAS 9.4 (SAS Institute Inc., Cary, NC, USA) and R software were
used for statistical analyses.

To summarize the patients characteristics, we used mean values with
standard deviations or medians with interquartile ranges for continuous
variables and percentages for categorical variables. The association
between a given candidate gene and all cardiac parameters on MRI (StV,
EF, DV, SV, MMS, MMD, MAT, and MPT) over groups A and B was

examined. MRI measurements were considered a surrogate of Fabry
disease with/without cardiac complication.

If a candidate gene could be used as a prognostic predictive marker of
cardiac complication in Fabry disease, then a correlation between some
parameters of the MRI images and candidate gene should exist, and their
scatter plot should show a similar trend to that of the four patterns
displayed in Fig. 3 a (1)-(4).

To compensate for the lack of power due to the small sample size, we
made use of information on a possibly predictive gene and an MRI
parameter similar to that used by Yoshida et al. in their study [19].

The strength of the association between a given candidate gene and
Fabry disease with/without cardiac complication, i.e., the ability of a
gene as a predictive marker, is evaluated using the number of MRI pa-
rameters that are significantly different between groups A and B. This
strength was measured as follows:

1) For each pair of a candidate gene and cardiac parameter from MRI
images, calculate their rank correlation coefficient (RCCF) and re-
cord its sign [positive (+) or negative (—)].

2) Standardize each value of the candidate gene and of the cardiac
parameter using respective means and standard deviations through
groups, and denote their standardized value X and Y, respectively.

3) Select either X + Y or X — Y according to the sign of RCCF (+ or —),
and compare the selected variable between groups A and B using the
exact Wilcoxon test.

4) A two-sided p-value <0.05 was used as a reference criterion. As
Fabry disease is rare and the sample size was small, the multiplicity
of tests was not adjusted.
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Table 2
Likelihood ratio test results for gene groups detected using CAGE.
Gene symbol AvsB CvsA CvsB Stat p-value  padj
Base Log2 fold p-value Base Log2 fold p-value  Base Log2 fold p-value
mean change mean change mean change
REX02 545.841 —0.091 0.325 600.986 —0.421 <0.001 586.981 —0.547 <0.001 24.041 <0.001 0.026"
ACVR1 293.388 —0.236 0.001" 322.312 —0.249 0.005 302.446 —0.438 <0.001 27.352 <0.001 0.007"
CHN1 5.843 —1.926 <0.001 " 6.626 1.381 0.003 2.856 -0.112 0.878 23.528 <0.001 0.027"
SLC22A23 103.200 —0.318 0.231 143.946 -1.157 <0.001 139.742 —1.500 <0.001 22.004 <0.001 0.029"
FUNDC2 264.764 0.129 0.594 370.366 —1.494 <0.001 411.093 —1.481 <0.001 22.618 <0.001 0.029"
MT1F 247.871 0.575 <0.001 " 208.702 0.048 0.715 260.463 0.502 0.035 20.845 <0.001 0.046"
HMBS 306.051 0.018 0.925 410.716 -1.278 <0.001 441.341 —1.322 <0.001 22.400 <0.001 0.029"
COX6CP1 56.134 0.754 0.090 90.876 —2.348 <0.001 119.720 —1.825 0.001 22.227 <0.001 0.029"
AC073476.4 492.763 0.129 0.157 435.822  0.565 <0.001 450.766  0.682 <0.001 28.894 <0.001 0.005
MIR3662 1.249 1.342 0.085 2.938 —3.563 <0.001 4.285 —2.454 0.005 21.967 <0.001 0.029"
MIR1244-1 122.957 0.072 0.432 108.833  0.680 <0.001 111.461 0.785 <0.001 36.960 <0.001 0.000"

Eleven genes with significant differences among the A, B, and C groups were extracted from over 3000 genes. * p < 0.05.

Group A vs Group B

N}

Log FC

N}

CHNI1

® P=0.05

P>0.05

5 10

o

Log base mean

Fig. 4. MA-plot showing gene expression between groups A and B.

The x-axis represents the average gene expression (log CPM) and y-axis represents the ratio of variation in expression between groups (log FC), and each gene is

plotted as a single point.

Gray dots: Non-differentially expressed genes; Black dots: Differentially expressed genes; Outlined squares: Three selected candidate biomarkers.

The area under the receiver operating characteristic (ROC) curve
(AUC) was used as a performance evaluation index. The 95 % confidence
interval (CI) of the ROC AUC was estimated using the method described
in [20]. We expected the sensitivity and specificity to be >0.8 and >
0.75, respectively, to determine the cut-off value of a gene expression
level. If the expected values were not obtained, ordinary criteria
neglecting the misclassification cost or prevalence (e.g., Youden index,
distance to [0,1], sensitivity, and specificity equality) were considered.

3. Results

3.1. Genes with significant differences in RNA expression levels between
the AB and ABC groups

We tested the likelihood ratios between the A, B, and C groups and
identified the top 11 genes that differed significantly. Subsequently, out
of these 11 genes, we identified three, ACVR1, CHN1, and MTIF, that

significantly differed between the A and B groups (Table 2), and visu-
alized them using the MA-plot for gene expression between groups A and
B (Fig. 4).

3.2. Genes associated with MRI parameters of cardiac complication in
Fabry disease

Several typical scatter plots are shown in Fig. 3. In Fig. 3a (2), the
candidate gene CHN (x-axis) and MRI parameters StV and EF (y-axis)
have similar distributional patterns to Fig. 3a (2). As described in Sec-
tion 2.5, comparing X + Y using the exact Wilcoxon test distinguished
group A from B. However, the candidate gene COX6CP1did not show
any similar distributional pattern to that in Fig. 3a (1)-(4).

After comparing either X + Y or X - Y using the exact Wilcoxon test, p-
values indicating significant differences between the AB groups for each
MRI parameter are shown in bold in Table 3. Of the eight MRI param-
eters identified, the top three genes that exhibited significant differences
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Fig. 6. Correlation between CHN1 expression (CPM) and age.
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Correlation coefficient

° Group A 0.310 (n=15)
Group B 0.06873 (n=38)
e Group C 0.017493 (n=35)

Group ABC 0.512175 (n =28)
° @ GroupA

[ Group B
° O Group C

5 s Age(y)

We plotted CHN1 RNA expression (CPM) on the y-axis and patient age (years) on the x-axis, and discovered a weak correlation between CHN1 RNA expression level

and age.

by Fabry disease in Japan and globally. Cardiac complications are
difficult to predict, and once they become apparent are often irrevers-
ible, even with treatments such as enzyme replacement therapy.
Therefore, determining the prognosis of cardiac complications is crucial.

Of 11 genes with significant differences in expression levels among
the three groups, three genes that significantly differed between the
groups with and without concomitant cardiac complications in Fabry
disease were identified. The MRI images of 12 patients in the Fabry
disease group were re-analyzed with the Quantified Imaging Resources
software using Al and RCCF between eight parameters.

The expression levels of each gene were determined, and significant
differences were found in many items between the A and B groups.
Ranking of genes revealed that the top three genes were identical. When
the sensitivity and specificity of these three genes were tested, CHN1
was at the top of the list. In addition, AI technology has made remark-
able progress, especially in the field of diagnostic imaging. The Al seg-
mentation used in this study was extremely useful in the digitization of
myocardium movement in the MRI and calculation of the eight pa-
rameters required for this study.

The CHN1 gene is well-established as the primary cause of Duane’s
retraction syndrome [21,22], and encodes a GTPase-activating protein
chimerin 1 specific for the GTP-binding protein Rac, which participates
in oxidative stress generation and promotion of myocardial fibrosis, and
for a signaling pathway that has an instrumental role in the early
development of the central nervous system. Sustained activation of
signaling pathways involving GTP-binding proteins may lead to cardiac
hypertrophy and fibrosis [23,24].

Our findings suggest that CHN1 is involved in the development of the
cardiac complications of Fabry disease which are characterized by
fibrosis and arrhythmias in the left ventricular myocardial base. The
cutoff point for identifying gene clusters was 0.28 CPM, a sensitivity of
0.86, and specificity of 0.875. This point was not higher than that in
healthy subjects, which appeared to be appropriate because any further
increase in sensitivity would result in the detection of healthy subjects. If
the expression of the CHN1 gene would have been higher in older age
groups, the increase in expression could be attributed to age-related
changes. However, the distribution of the CHN1 gene in all 28 sub-
jects surveyed and in group A showed no correlation between age and
expression levels. Thus, the occurrence of cardiac complications in pa-
tients with Fabry disease can be predicted by examining CHNI
expression.

Gene rankings based on significant differences among the A, B, and C
three groups and gene rankings based on the strength of the association

in many items in the MRI parameters were identical for the top three
genes. The gene expression of ACVRI (2nd place) and MTIF (3rd place)
may be related; however, the sensitivity for CHN1 alone was greater and
more specific than that for the statistical results for the three genes
combined. Thus, If the prognosis of future cardiac complications, espe-
cially arrhythmia and myocardial fibrosis, can be predicted by exam-
ining the RNA expression of CHN1 alone, it will be possible to predict the
optimal timing for the initiation of cardiovascular medical intervention
and enzyme replacement therapy. It is also considered to be a factor that
has a large influence.

In Fabry disease, in particular, there are many cases of sudden death
due to fatal arrhythmia, and based on these predictions, appropriate
interventions, such as prescribing antiarrhythmic drugs and implanting
cardioverter defibrillator devices, can be timed better, thus improving
patient prognosis and functionality. It is also likely to have a direct
impact on the quality of life.

However, future studies with an larger cohort size of between 100
and 1000 participants are required to determine whether this prognostic
predictor can be used in clinical settings. To date, many studies have
already been published on the automatic segmentation of atria and
ventricles from cardiac MRI data using Al [25-30] and quantitative
analysis of cardiac function using this method [31,32]; it is anticipated
that more detailed studies will be conducted in this field in the future.

To the best of our knowledge, this is the first study to successfully
demonstrate quantitative analysis of cardiac function by automatic
segmentation using Al and the radiomics of gene expression profiles of
genetic disorders using cardiac MRI.

5. Conclusion

The CHN1 gene encoding chimerin 1, which is involved in myocar-
dial fibrosis, was identified as a possible predictor of cardiac compli-
cations in Fabry disease based on Al-based MRI and correlation analyses
of the transcriptome of RNA extracted from the peripheral blood of
patients with Fabry disease and healthy individuals.
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