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Gaucher disease (GD) is a genetic lysosomal disorder characterized by high bone marrow (BM) involvement and skeletal complications. The pathophysiology of these complications is not fully elucidated. Magnetic resonance imaging (MRI) is the gold standard to evaluate BM. This study aimed to apply machine-learning techniques in a cohort of Spanish GD patients by a structured bone marrow MRI reporting model at diagnosis and follow-up to predict the evolution of the bone disease. In total, 441 digitalized MRI studies from 131 patients (M: 69, F:62) were reevaluated by a blinded expert radiologist who applied a structured report template. The studies were classified into categories carried out at different stages as follows: A: baseline; B: between 1 and 4 y of follow-up; C: between 5 and 9 y; and D: after 10 years of follow-up. Demographics, genetics, biomarkers, clinical data, and cumulative years of therapy were included in the model. At the baseline study, the mean age was 37.3 years (1–80), and the median Spanish MRI score (S-MRI) was 8.40 (male patients: 9.10 vs. female patients: 7.71) (p < 0.001). BM clearance was faster and deeper in women during follow-up. Genotypes that do not include the c.1226A>G variant have a higher degree of infiltration and complications (p = 0.017). A random forest machine-learning model identified that BM infiltration degree, age at the start of therapy, and femur infiltration were the most important factors to predict the risk and severity of the bone disease. In conclusion, a structured bone marrow MRI reporting in GD is useful to standardize the collected data and facilitate clinical management and academic collaboration. Artificial intelligence methods applied to these studies can help to predict bone disease complications.
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Introduction

Type 1 Gaucher disease (GD1) (OMIM#230800) is an autosomal recessive lysosomal storage disorder due to deficient activity of acid beta-glucocerebrosidase (GBA), which results in intracellular accumulation of glucosylceramide (GluCer) primarily within cells of the mononuclear phagocyte system. GD is caused by variants in the GBA1 gene. GluCer accumulation is multisystemic mainly in the liver and spleen, with musculoskeletal involvement being common and leading to complications that compromise normal physical activity (1).

Glycosylsphingolipid accumulation in bone marrow compromises normal hematopoietic function, mainly for the platelet series, and cytokine release, and the underlying inflammatory component cause intraosseous ischemic events (1–3). The bone marrow effect in Gaucher disease has been described as infiltration by Gaucher cells in bone marrow (bone marrow burden) and other manifestations, such as the ischemic vascular events and their sequelae, namely bone infarcts (diaphysis), osteonecrosis (joint surface), osteolysis, osteosclerosis, and joint damage (3). In pediatric age groups, growth retardation and altered bone remodeling lead to decreased bone mineral density. Bone manifestations are one of the most serious complications of GD with a prevalence of ~80% (3, 4), and they are associated with physical disability and reduced quality of life (5). The pathophysiology of vascular obstruction is not fully elucidated; recently, immune phenomena and angiogenesis imbalance have been described (6, 7).

The bone marrow is an extensive organ that is difficult to be evaluated by conventional imaging methods; however, magnetic resonance imaging (MRI) has proved to be a useful tool for obtaining a global map of the contents of the medullary cavity. MRI can distinguish differences and abnormalities by visualizing the balance between the fat and the medullary hematopoietic cellular component, providing an image of the variations that occur between these components within the bone cavity (8). The assessment of bone marrow involvement is often complex due to the presence of multiple patterns and the evolutionary change of these over the course of life stages, gender, and disease progression. In addition, the bone marrow is an organ that can be affected by different diseases, such as hematological neoplasms, metastases, or genetic entities, such as lysosomal disorders (9).

In GD, an MRI helps in the assessment of BM infiltration patterns and the detection of complications, such as bone crises, infarcts, necrosis, and fractures. It must be considered that infiltration in GD occurs centrifugally, starting from the spine and spreading to the limbs, while the process of BM infiltration clearance during therapy occurs in the opposite direction, although complications, such as infarcts, avascular necrosis, and vertebral fractures, are irreversible lesions (10).

Some semi-quantitative scales have been described based on the analysis of BM infiltration signal alterations detected as MRI patterns at different locations. Both the bone marrow burden (BMB) (11) and the Spanish MRI (S-MRI) scores are used for initial and therapy response assessment (12, 13). S-MRI is more extensive and includes analysis of bone marrow infiltration in vertebral bodies, pelvis, and femur; also, it quantifies the presence of complications, such as necrosis, infarcts, bone crises, and vertebral fractures (10, 12).

Nowadays, structured report forms have gained importance among radiologists to standardized reports according to organ and/or diseases (14, 15). MRI is the gold standard for bone marrow assessment; however, interpretation and reporting vary among centers and difficult collaborations. Our group has recently published a structured report based on eight items (demographic data, diagnostic suspicion, technical data, type of exam, initial or control, patterns and involvement distribution, complications and their location, and summarized comments). It has been designed to provide guidance for radiologists when reporting S-MRI protocol assessments to unified criteria, allow comparisons, and decrease interobservers' variability (16).

Machine learning is revolutionizing the way data are analyzed in clinics and is helping to develop digital tools for diagnosis, disease progression prediction, and treatment responses. In the case of rare diseases, where clinicians often have limited clinical experience, these tools can be especially useful to speed the diagnosis and obtain better prognosis assessments and personalized care.

This study aimed to apply a structured bone marrow MRI reporting model in a cohort of Spanish GD patients at diagnosis and follow-up and to use machine-learning techniques to predict the evolution of the bone disease.



Patients and methods


Study design

A retrospective study of MRI scans performed at diagnosis and follow-up in the Unit of Lysosomal Disorders and evaluated by the Spanish Group of GD from April 1995 to May 2022 was conducted. A total of 441 bone marrow MRI examinations (S-MRI protocol) were included from 131 patients diagnosed with GD. Infiltration in the lumbar spine, pelvis, and femora was evaluated, according to the signal intensity on T1 and T2 WI. Progressive values for each MRI pattern were assigned following S-MRI description: homogeneous (H, 4 points), non-homogeneous diffuse (NHD, 3 points), non-homogeneous mottled (NHM, 2 points), or non-homogeneous reticular (NHR,1 point), and normal or no infiltration (N,0) (12). The existence of complications (infarcts, necrosis, fractures, arthropathy, or bone crisis) was also taken into account (4 points). We applied the structured bone marrow MRI report in each imaging study (16). The report model and S-MRI description are included in Supplementary Figure 1.

All studies were reevaluated by the same expert radiologist in a blinded fashion to ensure that the structured report model and analysis were conducted as objectively as possible.

We also analyzed the information reported in each patient's clinical record, collecting demographic, genetic, clinical, and analytical data; the type of treatment; and the accumulated years of treatment exposure. The variables analyzed are listed in Supplementary Table 1.

To assess the evolution of bone involvement over time, the studies were divided into four groups. The first group (group A) included studies performed at diagnosis or before starting therapy (baseline). The second group included studies performed between the 1st and 4th year of follow-up (group B). The third group included studies performed between the 5th and 9th year of follow-up (group C), and the fourth group included studies performed after 10 years or more of follow-up (group D).

As part of the evaluation of bone involvement, bone mineral density was also estimated considering the criteria recommended by the WHO for the diagnosis of osteopenia and osteoporosis. The T-score or Z-score was used accordingly (17). Gender, genotype, spleen status, type of therapy, age at the start of treatment, and accumulated years of treatment in different subgroups were also considered.



Statistical analysis

A descriptive study was carried out, presenting qualitative variables as percentages. Mean and standard deviation were presented for those quantitative variables that followed a normal distribution, and median, interquartile range, or range between maximums and minimums were presented for those that did not follow a normal distribution. In addition, a correlation analysis was undertaken between numerical variables using Pearson's linear correlation index, and for categorical variables, the X2 test was performed.

The data were analyzed using the IBM SPSS statistics 27.0 statistical program.

For the comparative analysis of the results, the Student's t-test for the comparison of independent samples was used for quantitative variables. To determine the suitability of this test, an analysis of the normality of the distributions was first performed.



Machine learning

From multiple random forest test models, three were selected and trained to identify features that can predict the risk of bone complications. Bone complications were defined by the presence of intraosseous ischemic events (bone crisis, infarcts, avascular necrosis, and fractures) during the follow-up. Model A included all variables that were described as significant in a previously published study from our group using the same population (18), model B considered whether a treatment was applied or not, and model C ignored the S-MRI punctuation score.

The model parameters were optimized using a grid search. As random forest modeling uses bootstrapping, no cross-validation was used to reduce the training time. Model performance on the validation dataset was evaluated using the ROC curve, AUC, accuracy, and f1-score. The model was created using the scikit-learn package for Python 3.10.4 (19).




Results


General characteristics

The cohort included 131 GD patients (62 female patients and 69 male patients) and 310 follow-up bone marrow MRI studies. The general characteristics of the patients are detailed in Table 1.


TABLE 1 General characteristics at baseline.
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Bone disease by MRI

At the time of the first MRI, the median S-MRI was 8.4 (95% CI 0–25) (Figure 1C). The median S-MRI at baseline according to age groups was years: 0–20: 8.78; 21–40: 7.78; 41–60: 7.68; >61: 11.0; S-MRI according to gender distribution and age group is shown in Figure 1A.


[image: Figure 1]
FIGURE 1
 (A) S-MRI distribution according to age group and gender. (B) S-MRI distribution in relation to sex. (B) At baseline, S-MRI in male patients is 9.1 vs. S-MRI in female patients is 7.7 (p < 0.001). After 10 years of follow-up, the mean S-MRI in male patients is 7.0 and mean S-MRI in female patients is 4.7 after 5–9 years of follow-up. (C) Globally, the S-MRI is 8.4, and the maximum reduction is observed after 5–9 years on therapy.


Regarding gender distribution, the median S-MRI at baseline was higher in male patients [9.10 (95% CI 0–25)] than in female patients [7.71 (95% CI 0–24)], and this difference was significant (p < 0.001). During the follow-up, the reduction in bone marrow infiltration was different between men and women. A 20.8 % decrease in S-MRI was observed in male patients after 10 years on therapy, while female patients achieved a 39.0% reduction in S-MRI earlier (5–9 years) (Figure 1B). No significant differences in genotype distribution, age, and spleen status were observed between genders (see Table 1). Globally, the maximum reduction was observed after 5–9 years on therapy, and it remained stable after 10 years of follow-up (Figure 1C).

Bone marrow infiltration in all locations was found in 80 (61.5%) patients: 38 (47.5%) were female patients, and 42 (52.5%) were male patients. The MRI pattern was homogeneous in the lumbar spine in 47 (36.1%) patients, in the pelvis in 14 (10.7%) patients, and in the femurs in 5 (3.8%) patients (Figure 2A). At baseline, 63 patients (48.4%) showed complications such as bone crisis, fractures, AVN, or infarcts.
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FIGURE 2
 (A) Distribution of infiltration patterns in bone marrow at baseline according to location and (B) percentage of changes in the infiltration pattern at follow-up.


According to genotypes, patients were classified into homozygous c.1226A>G (N370S/N370S), heterozygous c.1226A>G/c.1448T>C (N370S/L444P), heterozygous c.1226A>G/other variant, and other different variants (Table 1). The analysis at baseline of the degree of BM infiltration and bone complications according to genotype showed no significant differences between 13 homozygous c.1226A>G (N370S/N370S) and 44 heterozygous c.1226A>G/c.1448T>C (N370S/L444P), but a significant difference between the 57 heterozygous c.1226A>G/other and 17 other/other genotype patients with different variants (p = 0.017) was observed (see Supplementary Figure 2).



MRI changes during follow-up

There were 310 follow-up studies of these patients available for evaluation, which were analyzed according to the specified time groups. The patterns reported at baseline in the different locations (S: spine; P: pelvis; and F: femur) are represented with color code in Figure 2A. The changes (%) in the infiltration pattern during follow-up at each site using the same color code according to the groups were A (baseline), B (1–4 years follow-up), C (5–9 years follow-up), and D (10 or more years follow-up) (Figure 2B).

The analysis of changes in infiltration patterns related to the type of treatment was difficult due to the diversity of treatments used over time and the diversity of applied doses of enzyme replacement therapy. To obtain some useful information, we classified the patients generically in enzyme replacement therapy (ERT) distributed in their follow-up groups and we differentiated between patients treated with miglustat and those treated with eliglustat (Table 1).



Bone disease and spleen status

The median S-MRI in 31 patients with spleen removal at baseline was 13.16 (95% CI 0–25), which was significantly higher than that in non-splenectomized patients (6.96, 95% CI 0–24) (p < 0.001). At follow-up, the differences persisted with a median S-MRI in group D (10 or more years) in non-splenectomized patients of 5.42 (95% CI 3.8–6.3) vs. 9.02 (95% CI 4.5–12.7) in splenectomized patients (p < 0.001). Patients with spleen removal also had a significantly higher incidence of bone complications (40.8 vs. 16.0%; p 0.0001). No patients were splenectomized during follow-up.



Bone mineral density

Bone mineral density was evaluated in 119 (90.8%) patients following the WHO criteria using the Tor Z-score when applicable (15). In the first study, osteoporosis was defined in 28 (23.5%), osteopenia in 25 (21.0%), and was normal in the rest (66; 55.5%). A decrease in BMD was observed in 74.6% of splenectomized patients compared to 43.8% of non-splenectomized patients (p < 0.001).

Bone mineral density data were available from 256 follow-up studies, of which 170 corresponded to patients under 50 years of age and 86 to those over 51 years old. In terms of gender, 45.0% of male patients and 56.4% of female patients under 50 years presented a decrease in BMD, and this difference was not significant (p = 0.4). In the group over 51 years of age, there was a decrease in bone mineral density of 44.0% in male patients and 61.6% in female patients; this difference was significant (p = 0.04). Analysis of the follow-up of BMD in the different time periods showed no changes in the male patients, while in female patients there was a significant increase in the loss of BMD throughout the follow-up period in this study (p = 0.001).

There was no evidence of a relationship between decreased BMD and the presence of intraosseous vascular events during follow-up.

Analysis of the GBA1 genotype within the different subgroups showed that patients homozygous for c.1226A>G (N370S) had a significantly lower prevalence of lost BMD compared to the rest of the genetic subgroups (p = 0.003).



Machine learning

The random forest model A achieved an AUC of 75.82% with an accuracy of 78.10% and an f1-score of 75.18%. We obtained a true positive rate (TPR) of 69.70% and a false positive rate (FPR) of 18.06% with a decision boundary threshold of 0.5 (Figure 3A). Using the mean decrease in accuracy as the feature importance metric, the most important features for this model were the S-MRI, the age at first treatment, and the treatment used. The random forest model B, which considered whether a treatment was applied or not, achieved an AUC of 85.73% with an accuracy of 83.81% and an f1-score of 87.21%. We obtained a true positive rate (TPR) of 90.91% and a false positive rate (FPR) of 19.44% with a decision boundary threshold of 0.5 (Figure 3B). Using the mean decrease in accuracy as the feature importance metric, the most important features for this model were the S-MRI, the age at first treatment, and the extent of spine infiltration.
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FIGURE 3
 ROC models. The point marks the decision boundary threshold of 0.5. A model includes all variables described as significant in a previous study. ROC B model considers whether any treatment was applied or not and features the importance of model B using the mean decrease in accuracy. ROC C model does not contain the S-MRI score and had a substantial drop in accuracy of 74.29% and an f1-score of 69.92%.


In order to understand the importance of each variable in the developed model, new models were generated removing one single variable at a time. The variable with more relevance in the accuracy was the S-MRI. Model C did not contain the S-MRI score and had a substantial drop in accuracy; it achieved an AUC of 69.76% with an accuracy of 74.29% and an f1-score of 69.92%. We obtained a true positive rate (TPR) of 57.58% and a false positive rate (FPR) of 18.06% with a decision boundary threshold of 0.5 (Figure 3C). Using the mean decrease in accuracy as the feature importance metric, the most important features for this model were the femur infiltration, age at first treatment, and the diagnostic age.




Discussion


Bone disease

For almost 30 years, GD patients have been treated with ERT, which is effective in clearing substrate deposits, especially at the visceral level. However, bone involvement and its complications (bone infarcts, avascular necrosis, fractures, bone crisis, cortical thinning, osteopenia, and osteoporosis or lytic bone lesions) are problems that have not been completely solved with current treatments (2, 20, 21). The progressive storage of glucocerebroside in the bone marrow, cytokine imbalances, and vascular compromise are some of the proposed explanations for the development of bone complications, although there is no clear explanation about why it appears in some patients and does not in others with similar clinical and genetic characteristics (22). Bone complications are the major cause of morbidity and one of the most debilitating aspects of GD (1, 3, 21–23). Despite various efforts to study different biomarkers to predict the development and intensity of bone involvement and its complications, no specific markers have been identified (24–28).



MRI

At baseline, our results are in accordance with previous publications that show severe bone involvement in splenectomized patients (18, 29). In addition, these patients had a significant loss of BMD, which may increase the risk of fractures in this subgroup of patients although this estimate should be taken with caution as there may be a bias in the estimation of BMD due to the presence of infarcts, especially in the femoral neck (30). Interestingly, there was a significant difference in the S-MRI at baseline between male (9.10) and female patients (7.70) (p = 0.047), which was not previously reported. This could be justified in part by the differences in bone maturation according to sex (31), which have been reported in MRI imaging performed in healthy subjects, mainly in the lumbar spine. MRI imaging showed that male and female subjects convert hematopoietic marrow to fatty marrow in the lumbar vertebral bodies in significantly different ways (32). Nevertheless, other factors, such as hormonal or vascular changes, may be involved. In addition, clinical characteristics (spleen status, genotype, and age) may have some significance; however, in our analysis, non-significance was found. Other studies were carried out with different methodologies such as the Dixon quantitative chemical shift imaging (QCSI reported by M Maas et al. to assess bone marrow in the spine of healthy subjects) (33). This technique allows assessing the fat fraction of the bone marrow with greater accuracy applied to a normal population stratified by age/gender; the results are in agreement with those previously reported by Ishijima et al. (33). The fat fractions in female subjects slowly increases with age until 44 years and rapidly after 45 years. In males, there is a rapid increase in the fat fraction up to the age of 25 years and it stabilizes in the following decades up to the age of 60 years. More recently, another tool has been described to measure the fat fraction in the lumbar spine. Fat fraction quantification of the bone marrow in the lumbar spine using the LiverLab assessment tool with results superimposable to those obtained using QCSI (34).

Our follow-up data show that the maximum reduction in BM infiltration occurs between 5 and 9 years on therapy, subsequent studies showed stability, and this is in line with other groups' observations (35). As expected, low baseline infiltration in women was associated with faster clearance.

No significant differences were identified regarding the age at diagnosis, age at first therapy, and the number of complications between male and female patients. However, the differences according to gender persisted during follow-up, with a median S-MRI after 10 or more years of 7.29 in male patients vs. 6.60 in female patients (p < 0.001), this was independent of bone mineral density status (1, 10, 18).

There is enormous variability in bone marrow patterns between age groups; some conditions, such as post-bleeding anemia or therapies, may complicate bone marrow image interpretation (36–38). In any case, training is required and uniformity in the description of its assessment by the radiologist is desirable (12). The application of the structured report template in our cohort for BM MRI studies improved standardization and the quality of the radiology reports, allowing easy comparison and the incorporation of data into the machine-learning system.



Machine learning

In the area of rare diseases, the use of machine learning provides an opportunity to analyze agglomerated and heterogeneous data to create quality predictive models and identify risk features (39). This can be useful to improve the study of small cohorts of patients (40–42) and facilitate differential diagnosis; recently, its application in neuromuscular diseases was reported (43).

In line with our previous study (18), the best-generated model (model A) identified the S-MRI score and the age at first treatment as risk predictors for developing advanced bone disease. In this model, femur and pelvis infiltration at baseline and homogeneous pattern infiltration at any location also predicted a greater degree of bone involvement. It is logical that infiltration in locations, such as the pelvis and femur, is related to the extent of the disease. In addition, as expected, the intensity of the infiltration pattern (homogeneous > non-homogeneous) had an impact on the severity of bone involvement. These aspects are not considered independently at the initial calculation of the overall staging of the disease (5) but they are included in the S-MRI score (10, 12). However, they could be potential independent risk features for developing advanced bone disease and support the decision of early treatment (44). Further validation in another cohort is warranted.

We have observed that S-MRI is consistently the most important variable across all the models developed. Age and treatment contributed to the final accuracy indeed but to a lower extent, and their contribution is not consistent in all of the developed models. Model A was demonstrably the best of the three and includes information about all the different therapies. Model A could be therefore implemented into a webpage algorithm or a service for clinicians to feed it with the data and obtain a potential prediction of the prognosis of the patient.

In addition, this study supports the importance of early diagnosis to allow for tailored therapy. Delays in the diagnosis and therapy were related to bone complications in this cohort.




Conclusion

• Our series is characterized by the homogeneity of the MRI studies and patient follow-up time. The greater bone involvement observed in men and the faster clearance of deposits in the bone detected in women stand out, without a clear explanation.

• The application of machine-learning models identified that the extent of the infiltration in MRI studies and the infiltrative pattern were able to translate the severity of the bone disease.

• Femur infiltration and a homogeneous infiltration pattern are predictive of the severity of the bone disease and could be potential independent risk factors.

• The study and the predictive model need to be validated in other series of patients to corroborate and extend the findings.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving human participants were reviewed and approved by CEICA. Written informed consent to participate in this study was provided by the participants' legal guardian/next of kin.



Author contributions

PG, MA-C, and EV-T: conception and design. JV-D and JD-M: machine-learning study and interpretation. EV-T: administrative support. PG and MR-E: provision of study materials or patients. EV-T, PG, JV-D, and JD-M: collection and assembly of data. All authors: data analysis and interpretation, manuscript writing, and final approval of the manuscript.



Funding

This work has been supported by Fundación Española para Estudio y Terapéutica Enfermedad de Gaucher y otras Lisosomales (FEETEG).



Acknowledgments

We thank the Spanish Foundation (FEETEG), which supported the infrastructure to perform the review and the structured report model (No. 21/003). We also thank the AEEFEG patients' association for their involvement and collaboration in the study.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2023.1098472/full#supplementary-material



Abbreviations

GD, Gaucher disease; GD1, type 1 Gaucher disease; BM, bone marrow; BMD, bone marrow density; BMB, bone marrow burden; MRI, magnetic resonance imaging; GBA, beta-glucocerebrosidase gene; GluCer, glucosylceramide; S-MRI, Spanish MRI score; H, homogeneous; NHD, non-homogeneous diffuse; NHM, non-homogeneous mottled; NHR, non-homogeneous reticular.



References

 1. Hughes D, Mikosch P, Belmatoug N, Carubbi F, Cox T, Goker-Alpan O, et al. Gaucher Disease in Bone: From Pathophysiology to Practice. J Bone Miner Res. (2019) 34:996–1013. doi: 10.1002/jbmr.3734

 2. Grabowski GA, Antommaria AHM, Kolodny EH, Mistry PK. Gaucher disease: Basic and translational science needs for more complete therapy and management. Mol Genet Metab. (2021) 132:59–75. doi: 10.1016/j.ymgme.2020.12.291

 3. Mikosch P, Hughes D. An overview on bone manifestations in Gaucher disease. Wien Med Wochenschr. (2010) 160:609–24. doi: 10.1007/s10354-010-0841-y

 4. Charrow J, Andersson HC, Kaplan P, Kolodny EH, Mistry P, Pastores G, et al. The Gaucher registry: demographics and disease characteristics of 1698 patients with Gaucher disease. Arch Intern Med. (2000) 160:2835–43. doi: 10.1001/archinte.160.18.2835

 5. Marcucci G, Zimran A, Bembi B, Kanis J, Reginster JY, Rizzoli R, et al. Gaucher disease and bone manifestations. Calcif Tissue Int. (2014) 95:477–94. doi: 10.1007/s00223-014-9923-y

 6. Asghar A, Kumar A, Kant Narayan R, Naaz S. Is the cortical capillary renamed as the transcortical vessel in diaphyseal vascularity? Anat Rec (Hoboken). (2020) 303:2774–84. doi: 10.1002/ar.24461

 7. Klimkowska M, Machaczka M, Palmblad J. Aberrant bone marrow vascularization patterns in untreated patients with Gaucher disease type 1. Blood Cells Mol Dis. (2018) 68:54–9. doi: 10.1016/j.bcmd.2016.10.009

 8. Wang DT. Magnetic resonance imaging of bone marrow: a review. Part I J Am Osteopath Coll Radiol. (2012) 1:2–12. doi: 10.26044/ecr2019/C-2445 

 9. Chiarilli MG, Delli Pizzi A, Mastrodicasa D, Febo MP, Cardinali B, Consorte B, et al. Bone marrow magnetic resonance imaging: physiologic and pathologic findings that radiologist should know. Radiol Med. (2021) 126:264–76. doi: 10.1007/s11547-020-01239-2

 10. Mariani G, Perri M, Minichilli F, Ortori S, Linari S, Giona F, et al. Standardization of MRI and scintigraphic scores for assessing the severity of bone marrow involvement in adult patients with type 1 gaucher disease. AJR Am J Roentgenol. (2016) 206:1245–52. doi: 10.2214/AJR.15.15294

 11. Maas M, van Kuijk C, Stoker J, Hollak CE, Akkerman EM, Aerts JF, et al. Quantification of bone involvement in Gaucher disease: MR imaging bone marrow burden score as an alternative to Dixon quantitative chemical shift MR imaging—initial experience. Radiology. (2003) 229:554–61. doi: 10.1148/radiol.2292020296

 12. Roca M, Mota J, Alfonso P, Pocoví M, Giraldo P. S-MRI score: a simple method for assessing bone marrow involvement in Gaucher disease. Eur J Radiol. (2007) 62:132–7. doi: 10.1016/j.ejrad.2006.11.024

 13. Robertson PL, Maas M, Goldblatt J. Semiquantitative assessment of skeletal response to enzyme replacement therapy for Gaucher's disease using the bone marrow burden score. AJR Am J Roentgenol. (2007) 188:1521–8. doi: 10.2214/AJR.06.1410

 14. Segrelles JD, Medina R, Blanquer I, Martí-Bonmatí L. Increasing the efficiency on producing radiology reports for breast cancer diagnosis by means of structured reports. A comparative study methods. Inf Med. (2017) 56:248–60. doi: 10.3414/ME16-01-0091

 15. Rubin GD, Ryerson CJ, Haramati LB, Sverzellati N, Kanne JP, Raoof S, et al. The role of chest imaging in patient management during the COVID-19 pandemic: a multinational consensus statement from the fleischner society. Chest. (2020) 158:106–16. doi: 10.1148/radiol.2020201365

 16. Roca-Espiau M, Valero-Tena E, Ereño-Ealo MJ, Giraldo P. Structured bone marrow report as an assessment tool in patients with hematopoietic disorders. Quant Imaging Med Surg. (2022) 12:3717–24. doi: 10.21037/qims-21-1191

 17. Kanis JA, McCloskey EV, Johansson H, Oden A, Melton LJ. 3rd, Khaltaev N. A reference standard for the description of osteoporosis. Bone. (2008) 42:467–75. doi: 10.1016/j.bone.2007.11.001

 18. Andrade-Campos MM, de Frutos LL, Cebolla JJ, Serrano-Gonzalo I, Medrano-Engay B, Roca-Espiau M, et al. Identification of risk features for complication in Gaucher's disease patients: a machine learning analysis of the Spanish registry of Gaucher disease. Orphanet J Rare Dis. (2020) 15:256. doi: 10.1186/s13023-020-01520-7

 19. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O et al. Scikit-learn: machine learning in Python. J Mach Learn Res. (2011) 12:2825–30. 

 20. Weinreb NJ, Goker-Alpan O, Kishnani PS, Longo N, Burrow TA, Bernat JA, et al. The diagnosis and management of Gaucher disease in pediatric patients: where do we go from here? Mol Genet Metab. (2022) 136:4–21. doi: 10.1016/j.ymgme.2022.03.001

 21. Piran S, Amato D. Gaucher disease: a systematic review and meta-analysis of bone complications and their response to treatment. J Inherit Metab Dis. (2010) 33:271–9. doi: 10.1007/s10545-010-9071-0

 22. Baldini M, Casirati G, Ulivieri FM, Cassinerio E, Khouri Chalouhi K, Poggiali E, et al. Skeletal involvement in type 1 Gaucher disease: not just bone mineral density. Blood Cells Mol Dis. (2018) 68:148–52. doi: 10.1016/j.bcmd.2017.06.003

 23. Wenstrup RJ, Roca-Espiau M, Weinreb NJ, Bembi B. Skeletal aspects of Gaucher disease: a review. Br J Radiol. (2002) 75:A2–12. doi: 10.1259/bjr.75.suppl_1.750002

 24. Mucci JM, Rozenfeld P. Pathogenesis of bone alterations in gaucher disease: the role of immune system. J Immunol Res. (2015) 2015:192761. doi: 10.1155/2015/192761

 25. Gervas-Arruga J, Cebolla JJ, de Blas I, Roca M, Pocovi M, Giraldo P. The influence of genetic variability and proinflammatory status on the development of bone disease in patients with Gaucher disease. PLoS ONE. (2015) 10:e0126153. doi: 10.1371/journal.pone.0126153

 26. Afinogenova Y, Ruan J, Yang R, Kleytman N, Pastores G, Lischuk A, et al. Aberrant progranulin, YKL-40, cathepsin D and cathepsin S in Gaucher disease. Mol Genet Metab. (2019) 128:62–7. doi: 10.1016/j.ymgme.2019.07.014

 27. Pavlova EV, Deegan PB, Tindall J, McFarlane I, Mehta A, Hughes D, et al. Potential biomarkers of osteonecrosis in Gaucher disease. Blood Cells Mol Dis. (2011) 46:27–33. doi: 10.1016/j.bcmd.2010.10.010

 28. Raskovalova T, Deegan PB, Mistry PK, Pavlova E, Yang R, Zimran A, et al. Accuracy of chitotriosidase activity and CCL18 concentration in assessing type I Gaucher disease severity. A systematic review with meta-analysis of individual participant data. Haematologica. (2021) 106:437–45. doi: 10.3324/haematol.2019.236083

 29. Cox TM, Aerts JM, Belmatoug N, Cappellini MD. vom Dahl S, Goldblatt J, et al. Management of non-neuronopathic Gaucher disease with special reference to pregnancy, splenectomy, bisphosphonate therapy, use of biomarkers and bone disease monitoring. J Inherit Metab Dis. (2008) 31:319–36. doi: 10.1007/s10545-008-0779-z

 30. Deegan P, Khan A, Camelo JS Jr, Batista JL, Weinreb N. The International collaborative gaucher group GRAF (Gaucher Risk Assessment for Fracture) score: a composite risk score for assessing adult fracture risk in imiglucerase-treated Gaucher disease type 1 patients. Orphanet J Rare Dis. (2021) 16:92. doi: 10.1186/s13023-020-01656-6

 31. Londoño MA, Vallejo JM, Manzano AC. Normal development and maturation of bone marrow. Assessment by magnetic resonance imaging. Rev Colomb Radiol. (2015) 26:4206–12. Available online at: https://repository.javeriana.edu.co/handle/10554/51436 

 32. Ishijima H, Ishizaka H, Horikoshi H, Sakurai M. Water fraction of lumbar vertebral bone marrow estimated from chemical shift misregistration on MR imaging: normal variations with age and sex. AJR Am J Roentgenol. (1996) 167:355–8. doi: 10.2214/ajr.167.2.8686603

 33. Maas M, Akkerman EM, Venema HW, Stoker J, Den Heeten GJ. Dixon quantitative chemical shift MRI for bone marrow evaluation in the lumbar spine: a reproducibility study in healthy volunteers. J Comput Assist Tomogr. (2001) 25:691–7. doi: 10.1097/00004728-200109000-00005

 34. Gan C, Robertson PL, Lai JKC, Szer J. Fat fraction quantification of bone marrow in the lumbar spine using the LiverLab assessment tool in healthy adult volunteers and patients with Gaucher disease. Intern Med J. (2022). doi: 10.1111/imj.15858

 35. Paskulin LD, Starosta RT, Bertholdo D, Vairo FP, Vedolin L, Schwartz IVD. Bone marrow burden score is not useful as a follow-up parameter in stable patients with type 1 Gaucher disease after 5 years of treatment. Blood Cells Mol Dis. (2021) 90:102591. doi: 10.1016/j.bcmd.2021.102591

 36. Degnan AJ, Ho-Fung VM, Wang DJ, Ficicioglu C, Jaramillo D. Gaucher disease status and treatment assessment: pilot study using magnetic resonance spectroscopy bone marrow fat fractions in pediatric patients. Clin Imaging. (2020) 63:1–6. doi: 10.1016/j.clinimag.2020.02.009

 37. Lai JKC, Robertson PL, Goh C, Szer J. Intraobserver and interobserver variability of the bone marrow burden (BMB) score for the assessment of disease severity in Gaucher disease. Possible impact of reporting experience. Blood Cells Mol Dis. (2018) 68:121–5. doi: 10.1016/j.bcmd.2016.11.004

 38. Person A, Janitz E, Thapa M. Pediatric bone marrow: normal and abnormal MRI appearance. Semin Roentgenol. (2021) 56:325–37. doi: 10.1053/j.ro.2021.05.002

 39. Shouval R, Fein JA, Savani B, Mohty M, Nagler A. Machine learning and artificial intelligence in haematology. Br J Haematol. (2021) 192:239–50. doi: 10.1111/bjh.16915

 40. Radakovich N, Nagy M, Nazha A. Machine learning in haematological malignancies. Lancet Haematol. (2020) 7:e541–50. doi: 10.1016/S2352-3026(20)30121-6

 41. Decherchi S, Pedrini E, Mordenti M, Cavalli A, Sangiorgi L. Opportunities and challenges for machine learning in rare diseases. Front Med. (2021) 8:747612. doi: 10.3389/fmed.2021.747612

 42. Schaefer J, Lehne M, Schepers J, Prasser F, Thun S. The use of machine learning in rare diseases: a scoping review. Orphanet J Rare Dis. (2020) 15:145. doi: 10.1186/s13023-020-01424-6

 43. Verdú-Díaz J, Alonso-Pérez J, Nuñez-Peralta C, Tasca G, Vissing J, Straub V, et al. Accuracy of a machine learning muscle MRI-based tool for the diagnosis of muscular dystrophies. Neurology. (2020) 94:e1094–102. doi: 10.1212/WNL.0000000000009068

 44. Ganz ML, Stern S, Ward A, Nalysnyk L, Selzer M, Hamed A, et al. new framework for evaluating the health impacts of treatment for Gaucher disease type 1. Orphanet J Rare Dis. (2017) 12:38. doi: 10.1186/s13023-017-0592-6



OPS/images/fmed-10-1098472-g003.gif





OPS/images/fmed-10-1098472-t001.jpg
Females Total
(n=62) (n=131)
(range)
Age at baseline (years) 3749 % 44.15% 3731
1645 17.47 (12-53)
Mean age at diagnosis (years) 2178 % 2677+ 2463
15.54 17.19 (1-65)
Mean age at the start of 3071+ 3115+ 31.0 (1-47)
therapy (years) 17.17 18.43
Accumulated years on therapy | 691630 | 7.81£645 | 7.39(2-18)
Median S-MRI at baseline 9.10£636 | 7.71£4.65 8.4(0-20)
Spleen removal 1 (%) 20 (28.9) 11(17.4) 31(238)
GBAI(NM_000157.4) GD# n 131
(%)
[c.1226A>G]+[c.1226A>G) 4(58) 9(145) 13 (10.0)
[€.1226A>G]+[c.1448T>C] 22(31.9)° 22(35.5)° 44 (33.6)
[c.1226A>G]+[other] 31 (44.9)® 26 (41.9)® 57 (43.5)
[other]+[other] 12 (17.4) 5(8.0) 17 (12.9)
BMD at baseline, (%) 119
normal 30 (52.6) 36 (58.0) 66 (55.5)
osteopenia 15 (263) 10 (16.1) 25 (21.0)
osteoporosis 12 (21.0) 16 (25.8) 28 (23.5)
Patients without therapy, n 6(8.7) 11(17.7) 17 (13.0)
(%)
Patients under therapys 63 (91.3) 51(82.2) 114 (87.0)

#¢.1226A>G (N3708), .1448T>C (L444P).
Mean = SD; $-MRI, Spanish MRI score; BMD, bone mineral density.
*Number of patients exposed to any therapy at any time during follow-up (ERT: 210;

miglustat: 49; eliglustat: 23).






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Advantages of digital technology in the assessment of bone marrow involvement in Gaucher's disease



		Introduction



		Patients and methods



		Study design



		Statistical analysis



		Machine learning







		Results



		General characteristics



		Bone disease by MRI



		MRI changes during follow-up



		Bone disease and spleen status



		Bone mineral density



		Machine learning







		Discussion



		Bone disease



		MRI



		Machine learning







		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		Abbreviations



		References

















OPS/images/cover.jpg
@ frontiers | Frontiers in Medicine

Advantages of digital technology
in the assessment of bone marrow
involvement in Gaucher’s disease





OPS/images/fmed-10-1098472-g001.gif
: II II H
: I I I I : I 1 l e 1ay sy oy





OPS/images/fmed-10-1098472-g002.gif
0
w0
30
2
o g

soms 0

il

UL —

S a0

ice









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Medicine





