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Abstract
Summary  Osteogenesis imperfecta (OI) is a genetic disease with an estimated prevalence of 1 in 13,500 and 1 in 9700. The 
classification into subtypes of OI is important for prognosis and management. In this study, we established a clinical severity 
prediction model depending on multiple features of variants in COL1A1/2 genes.
Introduction  Ninety percent of OI cases are caused by pathogenic variants in the COL1A1/COL1A2 gene. The Sillence 
classification describes four OI types with variable clinical features ranging from mild symptoms to lethal and progressively 
deforming symptoms.
Methods  We established a prediction model of the clinical severity of OI based on the random forest model with a training 
set obtained from the Human Gene Mutation Database, including 790 records of the COL1A1/COL1A2 genes. The features 
used in the prediction model were respectively based on variant-type features only, and the optimized features.
Results  With the training set, the prediction results showed that the area under the receiver operating characteristic curve 
(AUC) for predicting lethal to severe OI or mild/moderate OI was 0.767 and 0.902, respectively, when using variant-type 
features only and optimized features for COL1A1 defects, 0.545 and 0.731, respectively, for COL1A2 defects. For the 17 
patients from our hospital, prediction accuracy for the patient with the COL1A1 and COL1A2 defects was 76.5% (95% CI: 
50.1–93.2%) and 88.2% (95% CI: 63.6–98.5%), respectively.
Conclusion  We established an OI severity prediction model depending on multiple features of the specific variants in 
COL1A1/2 genes, with a prediction accuracy of 76–88%. This prediction algorithm is a promising alternative that could 
prove to be valuable in clinical practice.

Keywords  Clinical severity · COL1A1 gene · COL1A2 gene · Osteogenesis imperfecta · Prediction model

Introduction

Osteogenesis imperfecta (OI) is a genetic disease of the con-
nective tissue, and its cardinal feature is bone fragility. Most 
cases of OI are caused by pathogenic variants in one of the 
two genes coding for collagen type I alpha chains, either the 
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COL1A1 or the COL1A2 gene [1]. In addition to collagen 
type I, pathogenic variants in at least 16 other genes have 
been found to result in OI [2]. The genetic classification 
has already increased to 20 types of OI (OI types I to XX) 
(https://​omim.​org). The prevalence of OI has been estimated 
at 1 in 13,500 and 1 in 9700 in two recent population-based 
studies from Scandinavia [3, 4]. Considering all types, OI 
has a prevalence of approximately 6–7:100,000. COL1A1/2-
OI comprises the largest proportion of OI, representing 
approximately 90% of all cases of OI (www.​ncbi.​nlm.​nih.​
gov/​books/​NBK12​95) [5].

In clinical practice, the classification into types of OI is 
important for providing information about prognosis and 
management, while the primary classification is still based 
on the clinical manifestations. The Sillence classification 
describes four OI types (OI type I to IV) [6]; however, the 
phenotype of OI varies widely between the different types, 
ranging from mild symptoms with a normal life expectancy 
to perinatally lethal and progressively deforming symptoms. 
Nevertheless, the clinical features of different types of OI 
overlap and subclassification is not an easy task, especially 
for children in the early stages of the disease without typical 
clinical symptoms.

Although more than 1000 pathogenic variants have been 
identified in the COL1A1 and COL1A2 genes, a clear geno-
type–phenotype correlation has been elusive. Initially, phe-
notypes resulting from mutations in COL1A1 were thought 
to be more severe [7]. However, later studies revealed that 
clinical variations in severity were associated with the 
affected collagen helical location and types of amino acid 
substitution [8, 9]. The study of the clinical, molecular, and 
biochemical consequences of these variants provides unique 
opportunities to gain insight into the pathophysiological 
mechanisms underlying OI. We summarized the clinical 
features of OI patients with different variants in COL1A1  
and COL1A2 genes from the Human Gene Mutation Data-
base (HGMD, http://​www.​hgmd.​cf.​ac.​uk) and established a 
prediction model of the clinical severity of OI based on the 
random forest model. Furthermore, to validate the model, 
we compared the clinical classification and the results of 
the prediction model using 17 OI patients from our hospital.

Methods

Data extraction and classification from HGMD 
as the training set

The HGMD was searched for patients linked to pathogenic/
likely pathogenic mutations in the COL1A1 and COL1A2 
genes, and the clinical diagnosis with subtype classifica-
tion and genetic abnormality were collected for each patient. 
According to the subgroups of genetic abnormalities, these 

patients were divided into 13 subgroups, including missense 
variants in glycine (GLY) residue (GLY-ALA, GLY-ARG, 
GLY-ASP, GLY-CYC, GLY-GLU, GLY-SER, GLY-VAL), 
missense variants in non-GLY residue (non-GLY), nonsense 
variants, del < 10 bp, del > 10 bp, ins < 10 bp, and ins > 10 bp 
subgroups for the subsequent genotype–phenotype correla-
tion analysis. Regarding the severity, we classified OI types 
II, III, and II/III as the lethal/severe group and OI types I, IV, 
I/IV, and III/IV as the mild/moderate group.

Prediction features

Initial feature extraction focus on variant type only

According to previous studies, the clinical variations in 
severity were associated with the types of the variants in 
COL1A1/COL1A2. Initially, we extracted features according 
to the type of variants to construct the prediction models, 
including chromosome position, located codon, amino acid 
change, and amino acid substitution.

Complement of other features

Apart from the previously reported features that focused on the 
types of variants, we further included other features to comple-
ment the description of the variants and trained the prediction 
models together with initial extracted features. Specifically, the 
selected features included the conservation information of con-
strained coding regions (CCRs) [10] and phastCons conserved 
elements [11], secondary structure, domain information, motif 
information, variant type, and gene structure. Details of the 
complemented features used for the clinical subtype prediction 
of patients with COL1A1 and COL1A2 pathogenic variants are 
provided in Supplementary Table 1.

Random forest model for clinical severity prediction

To predict the clinical severity of patients with 
COL1A1/COL1A2 pathogenic variants, we respectively estab-
lished prediction models using the selected training set data 
based on the random forest model, a commonly used machine 
learning algorithm that combines the output of multiple deci-
sion trees to reach a single result and is capable of handling 
classification [12]. The training set was obtained from the 
HGMD, and the classification labels, which included lethal/
severe OI and mild/moderate OI, were respectively referred 
to as “1” and “0” in the prediction model. The training of 
the prediction model was performed with default parameters, 
using 90% as the training set and the remaining 10% of the 
data to perform validation in the COL1A1 prediction model, 
and 80% for training and the remaining 20% for validation in 
the COL1A2 prediction model.
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Evaluation scenarios

Feature importance evaluation

For using variant-type features only and complement other 
feature prediction models, we both calculated the Gini 
importance, the total reduction of the criterion brought by 
the feature, to sort the features in descending order of impor-
tance. Specifically, the Gini importance for each predictive 
feature (f) was measured by the total decrease in the Gini 
index (improvement in node purity) for all splits on that 
feature, averaged over all trees in the forest. The measure-
ment was the underlying implementation for the default “fea-
ture_importances” method available in the Python scikit-
learn library. We used the calculated Gini importance and 
obtained the optimal subset of features.

with the Gini index (GI) for a specific node (n) as 
the sum of the variance in proportion for all classes: 
∑

k≠k∗ PnkPnk∗ =
∑k

k=1
Pnk(1 − Pnk),

where Pnk was the proportion of the class k observations 
in node n.

Prediction performance evaluation

To assess the binary classification performance of our pre-
diction model, the threshold for binary classes, true positive 
(TP), false negative (FN), true negative (TN), and false posi-
tive (FP), was calculated. And the metrics of binary assess-
ment: accuracy (ACC) was computed as ACC = (TP + TN)/

Giniimportance ∶
∑

n∈nodesf

GIn,

(TP + TN + FP + TN). Additionally, the two broadly 
employed measurements to estimate the prediction perfor-
mance including the receiver operator characteristics curve 
(ROC) and the area under the ROC curve (AUC) were also 
derived from the prediction model. The ROC curve is plot-
ted with the false-positive rate against the true-positive rate. 
The more the AUC is closer to the maximum value of 1, the 
better the predictor is, and the value of the AUC of random 
guessing is usually close to 0.5.

OI patients from our hospital as the test set

In this study, patients who carried pathogenic or likely patho-
genic variants in the COL1A1 or COL1A2 gene between Janu-
ary 1, 2017, and December 31, 2019, and met at least 1 of the 
following five clinical criteria were included: (1) fracture; (2) 
skeletal deformity or osteoporosis; (3) family history of OI; 
(4) short stature, (defined as W and L more than 2 SDS below 
the normal mean for age and sex [13]); and (5) blue sclerae. 
The Sillence principle was used for the clinical classification 
of OI types (OI type I to IV) (6). Patients were excluded if 
they had pathogenic variants in other genes or pathogenic copy 
number variants.

Genomic DNA fragments of patients were enriched for 
exome sequences using the Agilent (Santa Clara, CA, USA) 
SureSelectXT Human All Exon 50 Mb kit. The DNA librar-
ies were sequenced on a HiSeq2500 sequencer (Illumina, San 
Diego, CA) according to the manufacturer’s instructions. Vari-
ants were annotated by ANNOVAR and VEP software. All 
variants were classified based on the ACMG guideline [14]. 
The detected variants were confirmed using PCR, and PCR-
amplified DNA products were subjected to direct automated 

Fig. 1   Flow chart of records in the HGMD screening and selection process and variant types in different clinical subgroups

1375Osteoporosis International (2022) 33:1373–1384



1 3

1376 Osteoporosis International (2022) 33:1373–1384



1 3

sequencing (3500XL Genetic Analyzer, Applied Biosystems) 
according to the manufacturer’s specifications.

The samples used in this study were collected with appro-
priate informed consent and approval of the ethics commit-
tee of Children’s Hospital, Fudan University. The methods 
used in this study were carried out in accordance with the 
approved guidelines.

Statistical tests

The clinical features of our cases carrying COL1A1/2 vari-
ants and the patients with COL1A1/2 pathogenic variations 
reported in the HGMD were compared. Differences in the 
clinical features among different mutation type groups were 
analyzed using Fisher’s exact test. A two-sided P value was 
used to test for statistical significance (P < 0.05).

Results

Filtering and selection of records in the HGMD

A total of 1338 records were identified from the HGMD, 
and 252 records without a clinical subtype classification, 60 
CNVs involving the non-coding region or multiple exons, 
and 236 variants in the splice site or non-coding region were 
removed. Finally, a total of 790 records were selected for 
further analysis, including 472 records of the COL1A1 gene 
and 318 records of the COL1A2 gene. The flow chart of 
records in the HGMD screening and selection process is 
shown in Fig. 1.

Variant types in different clinical subgroups 
in the HGMD

COL1A1

According to the clinical subgroup classification, among 
the 472 patients with a COL1A1 gene defect, 176 (37.3%) 
patients were classic non-deforming OI with blue sclerae 
(previously OI type I), 137 (29.0%) patients were perinatally 

lethal OI (previously OI type II), 64 (13.6%) patients were 
progressively deforming OI (previously OI type III), 63 
(13.3%) patients were common variable OI with normal 
sclerae (previously OI type IV), 7 (1.5%) patients were I/IV, 
5 (1%) patients were II/III, and 20 (4.2%) patients were III/
IV (Supplementary Table 2). OI type I was the most com-
mon clinical subgroup.

According to the subtypes of genetic abnormalities, 
among the 472 patients with a COL1A1 abnormality, 270 
(57.2%) were the GLY subtype, 41 (8.7%) non-GLY sub-
type, 26 (5.5%) NS subtype, 127 (26.9%) del/ins < 10 bp 
subtype, and 8 (1.7%) del/ins > 10 bp subtype (Supplemen-
tary Table 2). The missense variants in GLY residue were 
the most common variant subtype.

According to severity, we classified OI type II, III, and 
II/III as the lethal/severe group and I, IV, I/IV, and III/IV as 
the mild/moderate group. The lethal/severe OI group (II, III, 
and II/III) accounted for 43.6% of all patients with COL1A1 
gene pathogenic variants in the HGMD (Fig. 1). The pro-
portion of missense variants in the GLY residue was 80.1% 
in the lethal/severe OI group and 39.5% in the mild/moder-
ate OI group, and the difference was statistically significant 
(p < 0.0001). The proportion of nonsense variants was 0.5% 
in the lethal/severe OI group and 9.4% in the mild/moderate 
OI group, the proportion of del/ins variants was 8.7% in the 
lethal/severe OI group and 44.0% in the mild/moderate OI 
group, and the difference in both was statistically significant 
(p < 0.0001). For patients with COL1A1 gene defects, mis-
sense variants in GLY residue were more likely to cause 
severe OI, while nonsense and frameshift variants were more 
likely to cause mild/moderate OI.

COL1A2

Among the 318 patients with a COL1A2 gene defect, 
55 (17.3%) patients were OI type I ,  61 (19.2%) 
patients were OI type II, 81 (25.5%) patients were 
OI type III, 89 (28.0%) patients were OI type IV, 
6 (1.9%) patients were I/IV, 9 (2.8%) patients were 
II/III, and 17 (5.3%) patients were III/IV (Supple-
mentary Table 3). OI type IV was the most common 
clinical subgroup.

Among the 318 patients with a COL1A2 abnormality, 
275 (86.5%) were the GLY subtype, 18 (5.7%) non-GLY 
subtype, 2 (0.6%) NS subtype, 15 (4.7%) del/ins < 10 bp 
subtype, and 8 (2.5%) del/ins > 10 bp subtype (Supplemen-
tary Table 3). The missense variants in GLY residue were 
the most common.

The lethal/severe OI group (II,  III,  and II/III) 
accounted for 47.5% of all patients with COL1A2 gene 
pathogenic variants in the HGMD (Fig. 1). The pro-
portion of missense variants in the GLY residue was 
88.1% in the lethal/severe OI group and 85.0% in the 

Fig. 2   Distribution of HGMD samples with COL1A1 pathogenic var-
iants, relative importance of individual features, and the ROC of the 
COL1A1 prediction model in the training set. A The located codon 
and the variation type are plotted according to the HGMD records 
with COL1A1 pathogenic variants. Each square represents a single 
patient, with colors reflecting the patients’ clinical types. B Relative 
importance of individual features in the prediction model with vari-
ant-type features only and optimized features. Gini importance esti-
mates were normalized to sum to one, and the importance of an indi-
vidual feature reflects its intrinsic predictive ability. C The AUC of 
predicting a patient with a pathogenic COL1A1 variant to be lethal to 
severe OI or mild to moderate OI in the HGMD training set; the AUC 
of the prediction is 0.767 and 0.902% with variant-type features only 
and optimized features, respectively

◂
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mild/moderate OI group, the proportion of nonsense 
variants was 0 in the lethal/severe OI group and 1.2% 
in the mild/moderate OI group, and the proportion 
of del/ins variants was 8.6% in the lethal/severe OI 
group and 6.0% in the mild/moderate OI group. There 
were no statistical differences in the proportion of 
any types of variation between lethal/severe OI and 
mild/moderate OI. For patients with COL1A2 gene 
defects, missense variants in GLY residue accounted 
for the largest proportion (86.5%). However, there was 
no statistical difference between the type of variant 
and the disease severity.

Prediction results based on the types of variants 
only

The features of COL1A1 and COL1A2 initial prediction 
models were extracted according to the subgroups of genetic 
abnormalities as described in the “Methods” section. Spe-
cifically, the initial prediction for COL1A1 and COL1A2 
included 13 and 14 features, respectively.

We used the training set data of the COL1A1 and COL1A2 
pathogenic variants obtained from the HGMD (19 and 6 
pathogenic variants respectively in COL1A1 and  COL1A2 
that lack conservation information were not included in the 
prediction) (Supplementary Table 2 and Supplementary 
Table 3), and the default parameters were used to train and 
build the prediction model with the supplemented features of 
the COL1A1 and COL1A2 variants described in the “Meth-
ods” section (Figs. 2B and 3B).

For the clinical severity prediction of patients with a 
COL1A1 pathogenic variant, the training set data included 
453 samples, with 201 and 252 samples respectively labeled 
as lethal/severe OI and mild/moderate OI. The prediction 
results showed that the area under the receiver operating 
characteristic curve (AUC) for predicting lethal/severe OI 
or mild/moderate OI was 0.767 (Fig. 2C).

As for the prediction of patients with a COL1A2 patho-
genic variant, the training set data altogether included 312 
samples, with 165 and 147 samples respectively labeled 

as lethal/severe OI and mild/moderate OI. The prediction 
results showed that the AUC for predicting lethal/severe OI 
or mild/moderate OI was 0.545 (Fig. 3C).

Features optimization

We observed that some variant-describing features showed 
different distributions between the lethal/severe OI group 
and the mild/moderate OI group. Therefore, we further 
added these features for COL1A1 and COL1A2 prediction 
(Supplementary Table 1). The COL1A1 prediction further 
combined other 17 individual scores (features), includ-
ing three conservation scores, eight secondary structure/
domain/modification/motif scores, and six mutation type 
scores. Similarly, COL1A2 prediction involved other 13 
individual scores, including two conservation scores, six 
functional scores corresponding to COL1A1, and additional 
five mutation type scores (Supplementary Table 2 and Sup-
plementary Table 3). Besides, since several mutations in the 
obtained HGMD training set lacked the selected conserva-
tion features, 19 and 6 patients together with their variants 
in COL1A1and COL1A2 were respectively excluded in the 
prediction performances.

We calculated the Gini importance of each feature in the 
initial and feature add prediction models of both COL1A1 
and COL1A2. As shown in Figs. 2B and 3B, the conser-
vation features were the most important features in both 
COL1A1 and COL1A2 models, demonstrating that the 
added features contributed a lot to the OI clinical severity 
prediction compared with traditional consideration of vari-
ant type alone. Besides, there were two features respectively 
in COL1A1  and COL1A2 that showed zero importance, 
which was because only few data in the obtained HGMD 
training set had these features (N-terminal region n = 1 and 
ins > 10 bp n = 1 in the COL1A1 training set; stopgain n = 2 
and ins > 10 bp n = 1 in the COL1A2 training set).

Prediction results with feature optimization

The prediction results showed that the AUC for predicting 
lethal/severe OI or mild/moderate OI with COL1A1 patho-
genic variant was 0.902 using optimized features (Fig. 2C), 
which was better than the 0.767 using variant-type features 
only.

As for the prediction of patients with a COL1A2 
pathogenic variant, the prediction results showed that, 
with feature optimization, the AUC for predicting 
lethal/severe OI or mild/moderate OI was 0.731, which 
was better than 0.545 using variant-type features too 
(Fig. 3C). Detailed information of the training set fea-
tures used for the prediction of COL1A1 and COL1A2 
pathogenic variants is provided in Supplementary 
Table 2 and Supplementary Table 3.

Fig. 3   Distribution of HGMD samples with COL1A2 pathogenic var-
iants, relative importance of individual features, and the ROC of the 
COL1A2 prediction model in the training set. A The located codon 
and the variation type are plotted according to the HGMD records 
with COL1A2 pathogenic variants. Each square represents a single 
patient, with colors reflecting the patients’ clinical types. B Relative 
importance of individual features in the prediction model with vari-
ant-type features only and optimized features. Gini importance esti-
mates were normalized to sum to one, and the importance of an indi-
vidual feature reflects its intrinsic predictive ability. C The AUC of 
predicting a patient with a pathogenic COL1A2 variant to be lethal to 
severe OI or mild to moderate OI in the HGMD training set; the AUC 
of the prediction is 0.545 and 0.731% with variant-type features only 
and optimized features, respectively

◂
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The 22 patients from our hospital as the test set

A total of 22 unrelated patients (male: 17, female: 5) 
met the inclusion criteria and were enrolled; 14 of these 
patients were identified with pathogenic/likely patho-
genic variants in the COL1A1 gene and 8 with variants 
in the COL1A2 gene. According to the clinical severity-
classification criteria, ten patients [1, 3, 8, 11, 15, 17–20, 
and 22] were classified as lethal/severe, and the other 
twelve patients were classified as the mild/moderate 
group (Table 1).

Among the twenty-one pathogenic/likely pathogenic 
variants, we detected 14 reported pathogenic variants 
and 7 novel variants. The 21 variants included 10 mis-
sense variants (7 GLY residues, 3 non-GLY residues), 5 
frameshifts, 2 nonsense variants, and 4 splice acceptor 
variants (Table 2). Missense variants accounted for 47.6% 
of the variants in this study. Among all 7 novel variants, 
4 of them were frameshift, 1 splice acceptor variant, and 
2 missense variants.

Prediction results of 17 patients from our hospital

Based on the prediction model established in the train-
ing set, we also predicted the clinical subgroup of the 17 
patients from our hospital, except 4 patients with splicing 
site variant and 1 patient without complementary conser-
vation features. The prediction result of using variant-
type features and complemented features were 13 and 15 
patients, respectively, consistent with the clinical mani-
festation. The prediction results showed an overall accu-
racy of 76.5% (95% CI: 50.1–93.2%) and 88.2% (95% CI: 
63.6–98.5%), respectively.

Of the 10 patients with a COL1A1 mutation, 3 were 
classified as lethal/severe OI and 7 were classified as 
mild/moderate OI. The prediction result of using var-
iant-type features and complemented features were 8 
and 9 patients, respectively, consistent with the clini-
cal manifestation, with respective prediction accuracy 
of 80.0% (8/10) and 90% (9/10). One patient [3] with 
severe phenotypes was predicted to be mild/moderate. 
Detailed information of the 10 patients is provided in 
Supplementary Table 4.

Of the 7 patients with a COL1A2 mutation, 5 were 
classified as lethal/severe OI and 2 were classified as 
mild/moderate OI. The prediction result of using var-
iant-type features and complemented features were 5 
and 6 patients, respectively, consistent with the clinical 
manifestation, with respective prediction accuracy of 
71.4% (5/7) and 85.7% (6/7). One patient [21] with mild 
phenotypes was predicted to be lethal/severe. Detailed 
information of the 7 patients is provided in Supplemen-
tary Table 5.

Discussion

General rules for genotype–phenotype correlations in 
COL1A1/2-OI have been published [5]. Mutations in 
COL1A1 and COL1A2  can result in the haploinsufficiency 
of type I collagen (quantitative defect) or structural defect 
(qualitative defect) [5, 8, 15]. Classic non-deforming OI 
almost results from a pathogenic variant in one COL1A1 and 
COL1A2 allele that introduces a quantitative defect of the 
collagen type I alpha 1 chain. Quantitative defects can result 
from nonsense variants, frameshift mutations, the splice site, 
and deletions of the entire COL1A1/2 gene [16–18]. Struc-
tural collagen defects (qualitative defect), often caused by 
glycine substituting, can cause lethal type II, type III, and 
type IV OI [8].

In this study, we summarized the variant types in different 
clinical subgroups in the HGMD, finding that the propor-
tion of missense variants in GLY residue in the COL1A1 
gene was higher in the lethal/severe OI group than in the 
mild/moderate OI group. Glycine is the least bulky amino 
acid, and other substituting amino acids do not fit well into 
the collagen triple helix [19]. This is in keeping with the 
predicted theory that the greater the disruption of the tri-
ple helix assembly, the more severe the phenotype presents 
[20, 21]. Structural studies analyzing the effects of glycine 
substitutions with bulkier, more hydrophilic amino acid side 
chains on collagen triple helix assembly have shown pro-
gressive disruption of the triple helix and molecular assem-
bly [22, 23]. In this study, however, we found no statistical 
differences in the proportion of any variation type in the 
COL1A2 gene between lethal/severe and mild/moderate OI. 
This prompted us to try to develop a prediction model of 
clinical severity.

Previous extensive studies provided abundant informa-
tion for us to build a prediction model of disease severity. 
Schleit et al. reported a study focusing on the relationships 
between splicing variants in the COL1A1 gene and patients’ 
phenotype, finding that the prediction results were only cor-
rect in 42–74% of instances by established prediction tools 
[16]. General predictors like SIFT, Polyphen2, and Muta-
tionTaster have made great progress in predicting variant 
pathogenicities. The strength of these predictors is that they 
were trained on large datasets, along with powerful learn-
ing techniques capturing general mutational pathogenicity 
information. Although adding gene-specific biological con-
text can improve the prediction effect for the gene-specific 
prediction model, due to the limited data, there are cur-
rently few tools available for specific gene pathogenic-
ity predictions. In this study, we established a predictive 
method for OI severity caused by pathogenic variants in 
the COL1A1/2 genes. To the best of our knowledge, this is 
the first study aimed to establish a prediction model based 
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on the genotype–phenotype correlation from a large public 
database to predict the severity of this disorder.

We initially established a random forest prediction 
model depending on features related to the variant’s type 
only. For the training set, the prediction results showed 
that the AUC was 0.767 and 0.545 for COL1A1 and 
COL1A2 defects, respectively (Figs. 2C and 3C). Next, 
we observed that some variant-describing features showed 
different distributions between the lethal/severe and the 
mild/moderate OI groups (Supplementary Table 1). There-
fore, we built the prediction model with optimized fea-
tures. After optimization, the prediction results showed 
a respective AUC of 0.902 and 0.731 for COL1A1 and 
COL1A2 defects in the training set, and a respective AUC 
of 0.90 and 0.857 for COL1A1 and COL1A2 mutations 
in the test set. This model predicted the clinical severity 
examined with a high degree of accuracy. At present, the 
treatment of OI is largely dependent on the clinical sever-
ity. For children with lethal/severe OI, their parents and 
other caregivers should be instructed with more details 
in safe handling techniques. For children themselves, not 
only contact sports should be avoided, but physical activ-
ity should be strictly limited. In addition, the use of brac-
ing to try to stabilize progressively deforming limbs also 
depends on the subtype of OI. Accurate prediction of clini-
cal severity is beneficial to precision medicine.

In the clinical application of the prediction model, it 
should be noted that the accuracy may vary with differ-
ent types of variants. The clinical severity prediction was 
accurate for all missense variants in the GLY residue in the 
COL1A1 gene. One patient [3] with severe phenotype car-
rying a novel COL1A1 frameshift variant (c.3291_3294dup) 
was predicted to be in the mild/moderate group. One patient 
[21] with mild phenotype carrying a COL1A2 novel mis-
sense variant (c.2108G > T(p.G703V)) was predicted to 
be in the lethal/severe group. In the presented prediction 
model, the location and mutation type are two essential 
features. The accuracy of the prediction of missense vari-
ation is relatively high. For the available training set data, 
only limited data were frameshift variants (the same as case 
3), which might explain the inaccurate prediction of the 
frameshift variant in this study. Although the overall accu-
racy is relatively high, it is still challenging for prenatal 
diagnosis.

A disparity in the predictive accuracy between COL1A1 
and COL1A2 variants was observed. Generally, the predic-
tion performance is related to the training set data, selected 
features, and prediction models. Since both COL1A1 and 
COL1A2 variants used the random forest model in this 
study, the performance difference shall be caused by the 
training set data and the used features. Specifically, for 
the training set data, the differences are reflected in (1) 

Table 2   Pathogenic/likely pathogenic variants were identified in 22 patients with OI

Case number Gene Inheritance Chrome location Zygosite Variant Type PMID

1 COL1A1 AD chr17:48,263,790 Het NM_000088:exon49:c.3893C > A(p.T1298N) Non-GLY 24,147,872
2 COL1A1 AD chr17:48,265,257 Het NM_000088:exon45:c.3349C > T(p.Q1117X) Nonsense 21,667,357
3 COL1A1 AD chr17:48,265,311 Het NM_000088:exon45:c.3291_3294dup del < 10 bp
4 COL1A1 AD chr17:48,266,147 Het NM_000088:exon42:c.3054delT del < 10 bp
5 COL1A1 AD chr17:48,266,305 Het NM_000088:exon41:c.3004C > T(p.P1002S) Non-GLY
6 COL1A1 AD chr17:48,267,039 Het NM_000088:exon38:c.2667 + 1G > A Splicing 16,879,195
7 COL1A1 AD chr17:48,270,212 Het NM_000088:exon27:c.1822-1G > T Splicing
8 COL1A1 AD chr17:48,272,592 Het NM_000088:exon19:c.1299 + 1G > A Splicing 12,590,186
9 COL1A1 AD chr17:48,272,138 Het NM_000088:exon21:c.1405C > T(p.R469X) Nonsense 19,358,256
10 COL1A1 AD chr17:48,272,434 Het NM_000088:exon20:c.1326del del < 10 bp
11 COL1A1 AD chr17:48,273,541 Het NM_000088:exon15:c.977G > A(p.G326D) GLY-Asp 17,078,022
12 COL1A1 AD chr17:48,276,625 Het NM_000088:exon5: c.432dupC del < 10 bp 22,753,364
13 COL1A1 AD chr17:48,276,686 Het NM_000088:exon5:c.371del del < 10 bp
14 COL1A1 AD chr17:48,274,426 Het NM_000088:exon11:c.751-2A > G Splicing 25,963,598
15 COL1A2 AD chr7:94,028,374 Het NM_000089:exon4:c.110A > G(p.D37G) Non-GLY 27,748,872
16 COL1A2 AD chr7:94,037,169 Het NM_000089:exon13:c.605G > A(p.G202D) GLY-Asp 17,078,022
17 COL1A2 AD chr7:94,040,368 Het NM_000089:exon23:c.1252G > A(p.G418S) GLY-Ser 17,078,022
18 COL1A2 AD chr7:94,039,080 Het NM_000089:exon19:c.982G > A(p.G328S) GLY-Ser 7,860,070
19 COL1A2 AD chr7:94,039,080 Het NM_000089:exon19:c.982G > A(p.G328S) GLY-Ser 7,860,070
20 COL1A2 AD chr7:94,040,368 Het NM_000089:exon23:c.1252G > A(p.G418S) GLY-Ser 17,078,022
21 COL1A2 AD chr7:94,049,573 Het NM_000089:exon35:c.2108G > T(p.G703V) GLY-Val
22 COL1A2 AD chr7:94,051,230 Het NM_000089:exon39:c.2369G > C(p.G790A) GLY-Ala 28,378,289
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different enrolled numbers of COL1A1 and COL1A2 vari-
ants and (2) different distribution patterns of two genes’ 
variants (Figs. 2A and 3A) and unbalanced outcome data 
provided by HGMD (more lethal/severe data). As for the 
features, although the feature categories of COL1A1 and 
COL1A2 were generally consistent, detailed used features 
were slightly different according to the gene/variant char-
acters and available information. The number of detailed 
used features of COL1A1 and COL1A2 were 17 and 15, 
respectively, with an intersection of 11 consistent features 
(Supplementary Table S1). These differences are likely 
to result in the disparity in prediction accuracy between 
COL1A1 and COL1A2 variants.

In clinical practice, for diseases with a clinical pheno-
type spectrum like OI, it is important to predict a continu-
ous range of severity. However, the clinical phenotypes 
of OI are rather complex and the performance of machine 
learning is highly dependent on the available data. It is 
important to note that the criteria of OI clinical severity 
used in the training set are the Sillence categories. First, 
there may be phenotypic overlap in the specific categories, 
and second, OI-IV is a common variable OI subtype. In 
this study, we chose to binarize the OI outcomes consid-
ering the limited training data. As shown in Supplemen-
tary Table 1, the available training set was inadequate and 
unbalanced in number for robust prediction model con-
structions of all OI subtypes. Considering that the mild/
moderate and lethal/ severe classifications were practical 
for both clinicians and patients, we binarized the outcomes 
and used the ROC for prediction performance evaluation. 
It is reasonable to believe that the accumulated qualified 
training data, optimized features, and robust prediction 
models could help achieve spectrum outcome predictions. 
And the confusion matrix could be a good alternative 
metric. Genotype–phenotype relationships and molecular 
mechanisms for type I collagen-related inherited diseases 
will be further enriched and revealed as the number of rare 
disease cases increases.

For patients with COL1A1 gene defects, missense vari-
ants in GLY residue were more likely to cause severe OI. 
However, there was no statistical difference between the 
type of variant and the disease severity in patients with 
a COL1A2 gene defect. Therefore, we built a prediction 
model with more optimized features, rather than just 
depending on the type of variants. This prediction algo-
rithm is a promising alternative that could prove to be 
valuable in clinical practice.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00198-​021-​06263-0.
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