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predictive models. The resulting modelsfor predicting 
IBD–osteoporosis, UC–osteoporosis, CD–osteoporosis, 
and undetermined colitis–osteoporosis achieved area 
under the curve (AUC) values greater than 0.70, indicating 
good predictive performance (Figure 3). SHAP (SHapley 
Additive exPlanations) analysis further illustrated the 
contributions of the top 10 proteins to each of the 4 

models. A subset of proteins, including C-type lectin 
domain containing 5A (CLEC5A), IL-15, and IGFBP2, con-
sistently demonstrated high predictive importance across 
multiple models.

 The ability of these 104 proteins to predict osteoporosis 
risk specifically among patients with IBD was assessed. 

Figure  2.  Functional characterization of comorbidity-associated proteins. The enrichment of overlapped proteins for IBD–osteoporosis 
comorbidity across KEGG biological processes. The enriched items for BP, CC, and MF, respectively, in the GO analysis. Results of the 
transcription factors enrichment analysis. The top 5 transcription factors that were significantly enriched are shown. Each enriched 
transcription factor target is connected to its corresponding target genes. A protein–protein interaction network revealed interactions 
between the identified proteins. BP, biological process; CC, cellular component; GO, gene ontology; IBD, inflammatory bowel disease; 
KEGG, Kyoto Encyclopedia of Genes and Genomes; MF, molecular function; PPI, protein–protein interaction.

1047

Turk J Gastroenterol 2026; 37(10): 1042-1053



Yue et al. Plasma Proteomics of Osteoporosis Risk in IBD

Models developed to predict osteoporosis in IBD, UC, CD, 
and undetermined colitis cohorts all demonstrated good 
predictive performance, as reflected by their AUC values. 
SHAP analysis again highlighted the strong predictive 
importance of the top 10 proteins within each patient 
subgroup (Figure 4). Furthermore, an overlapping set of 
high-performing proteins was identified across several 
models, underscoring their potential broader relevance to 
osteoporosis pathogenesis among patients with IBD.

Multistate Modeling Indicates the Association Between 
Candidate Predictive Proteins and Inflammatory Bowel 
Disease–Osteoporosis Multimorbidity
To elucidate the stepwise involvement of highly predic-
tive proteins in the transition from health to IBD and 
subsequently to IBD–osteoporosis multimorbidity, a 
multistate model analysis was performed. All top predic-
tive proteins identified in the previous models were sig-
nificantly associated with the development of IBD among 

Figure  3.  Identification of plasma proteomic features for IBD–osteoporosis multimorbidity. The significance of overlapped proteins in 
developing both IBD and osteoporosis among healthy and IBD patients was analyzed. Evaluation of 4 prediction models predicting IBD–
osteoporosis, UC–osteoporosis, CD–osteoporosis, and undetermined colitis–osteoporosis comorbidity. Ranking of the importance of 
plasma protein features and SHAP visualization plot of selected proteins. CD, Crohn’s disease; IBD, inflammatory bowel disease; SHAP, 
SHapley Additive exPlanations; UC, ulcerative colitis.
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initially healthy participants. However, only 8 proteins—
plasminogen activator, urokinase receptor (PLAUR), TNF 
superfamily member 10a (TNFSF10A), serine peptidase 
inhibitor Kazal type 1 (SPINK1), major histocompatibil-
ity complex, class I, E (HLA_E), chromogranin A (CHGA), 
secreted phosphoprotein 1 (SPP1), TNF superfamily 
member 10b (TNFSF10B), and IGFBP2—were significantly 
associated with the progression from the transition from 
IBD to IBD–osteoporosis multimorbidity (Figure 4). These 
findings suggest that these 8 proteins may play key roles 
in the development of IBD-related osteoporosis.

Single-Cell–Type Expression Analysis of Candidate 
Protein-Coding Genes
To explore the intestinal cellular expression profiles of 
these candidate protein-coding genes, single-cell–type 
expression analysis was performed to assess their cell 
type–specific enrichment of candidate protein-coding 
genes in intestinal tissue and their differential expression 
between inflamed and uninflamed regions. Twelve main 
cell types were identified through unsupervised cluster-
ing and annotation using classical marker gene, including 
enterocytes, epithelial cells, endothelial cells, fibroblasts, 
basal cells, goblet cells, glial cells, T cells, innate lymphoid 

cells, natural killer cells (NK cells), B cells, plasma cells, 
myeloid cells, and mast cells (Figure 5). Among the can-
didate genes, intestinal expression data were available 
for 5 genes: TNFSF10A, SPINK1, CHGA, TNFSF10B, and 
IGFBP2. Except for CHGA and TNFSF10A, the remaining 
genes showed significant cell type–specific enrichment in 
enterocytes (SPINK1), epithelial cells (SPINK1, TNFSF10B, 
and IGFBP2), endothelial cells (IGFBP2), and goblet cells 
(SPINK1 and IGFBP2). Furthermore, most of these genes 
were significantly upregulated in their corresponding 
enriched cell types within inflamed tissues, consistent 
with the previous analytical findings (Supplementary 
Figure 3).

DISCUSSION
In this study, IBD–osteoporosis multimorbidity was inves-
tigated using plasma proteomic profiling to identify 
potential disease markers and elucidate the underlying 
mechanisms. Baseline comparisons showed that individ-
uals with IBD had statistically lower calcaneal BMD and T 
scores than healthy controls, although the absolute dif-
ferences were small. Using plasma proteomic data, pro-
teins associated with IBD or osteoporosis were identified 
by Cox regression analysis and 104 overlapping proteins 

Figure 4.  Multistate modeling indicates the association between high predictive power proteins and IBD–osteoporosis multimorbidity. The 
right panel represents the progression from the baseline “healthy” state to IBD, whereas the left panel show the transition from IBD to 
IBD–osteoporosis multimorbidity. *P < .05, **P < .01, and ***P < .001. IBD, inflammatory bowel disease.
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associated with both conditions were further detected. 
Pathway enrichment and PPI analyses were performed 
to characterize the main function of the overlapping pro-
teins. Through machine learning and multistate modeling, 
8 proteins with high predictive value for IBD–osteoporosis 
multimorbidity were identified and their intestinal cellu-
lar expression patterns were further characterized using 
single-cell expression analysis.

This targeted proteomic study, leveraging compre-
hensive plasma proteomic profiling in a large cohort, 
identified multiple proteins associated with IBD and 
osteoporosis. Cox regression analysis identified several 

proteins associated with the development of IBD, such as 
PTGDS, HGF, REG3A, MMP12, and TNFRSF1A. MMP12 has 
been reported to mediate basement membrane laminin 
degradation, macrophage transmigration, and disruption 
of intestinal tight-junction integrity—all of which are key 
processes in intestinal inflammation. These effects were 
attenuated in Mmp12-KO mice, which exhibited reduced 
macrophage infiltration, transmigration, and laminin deg-
radation.24 Meanwhile, single-nucleotide polymorphisms 
in TNFRSF1A have been associated with CD, with the 
rs767455 GG genotype occurring more frequently among 
patients with CD.25 In another study, HGF was identified 
as a potential diagnostic biomarker for UC, with findings 

Figure 5.  Single-cell–type expression in inflamed and uninflamed ileum. A total of 12 cell types were identified using graph-based clustering 
by the t-distributed stochastic neighbor embedding. Dot plots show the expression of representative marker genes in the indicated cell 
types. Dot color and size represent the average gene expression level and the percentage of expressing cells, respectively. Expression 
levels of high-performing protein-coding genes were compared between inflamed and uninflamed ileal tissues within the enriched cell 
types. The t-SNE plot shows the expression of high-performing protein-coding genes across different cell types in inflamed and 
uninflamed parts. The Wilcoxon rank-sum test was used for analysis. All tests were 2-sided and adjusted for multiple comparisons. Genes 
with an average log2 fold change > 0.25 and an FDR < 0.05 were considered significantly differentially expressed. FDR, false discovery 
rate; Log2FC, log2 fold change; t-SNE, t-distributed stochastic neighbor embedding.
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validated by ROC analysis, differential expression analysis, 
and a mouse model.26 Consistent with the present find-
ings, previous bioinformatic and machine learning studies 
have also identified REG3A and PTGDS as candidate risk 
factors for UC progression.27,28 SOST, an inhibitor of the 
canonical Wnt-signaling pathway, is a well-established 
regulator of bone homeostasis29 and has been impli-
cated in various skeletal disorders.30-32 Several preclinical 
and clinical studies have evaluated anti-SOST antibod-
ies for the treatment of skeletal diseases and cancer.33 
Additionally, IGFBP2 and ADIPOQ have been reported 
to influence osteogenic differentiation in bone marrow 
mesenchymal stem cells.34,35

Based on the proteins associated with IBD or osteopo-
rosis, 104 overlapping proteins associated with both 
conditions were identified, and functional enrichment 
analysis of these overlapping proteins was subsequently 
performed. KEGG analysis revealed significant enrich-
ment of cytokine–cytokine receptor interaction path-
ways, whereas GO analysis highlighted BPs related to 
leukocyte activation and proliferation. Consistent with 
the present findings, chronic inflammation—character-
ized by elevated levels of cytokines such as IL-1, IL-6, and 
TNF—can upregulate RANKL (ligand of receptor activator 
of the nuclear factor κB) and impair calcium and vitamin D 
absorption, thereby contributing to bone loss.36 However, 
true single-cell types involved in IBD–osteoporosis multi-
morbidity have not been well characterized. GO analysis 
suggested a potential role for leukocytes in this process. 
In a mouse model of hyperparathyroidism, intestinal TNF-
positive T cells and Th17 cells were shown to egress via 
S1P-receptor-1 and migrate to the bone marrow, leading 
to bone loss. Similarly, in experimental colitis, leukocytes 
may migrate from the intestine to other organs, thereby 
contributing to extraintestinal manifestations.37 Notably, 
these overlapping proteins and classical pathways are 
closely associated with the pathogenesis of both condi-
tions, providing a biological basis for understanding how 
chronic mucosal inflammation may contribute to sys-
temic skeletal complications.

Machine learning was initially used to identify 8 proteins 
with high predictive value of IBD–osteoporosis multimor-
bidity. Importantly, subsequent incorporation of these 
prioritized markers into a multistate framework enabled 
characterization of the sequential trajectory of disease 
progression. Notably, IGFBP2 emerged as the strongest 
predictor. Serum IGFBP2 levels have been reported to be 
elevated in patients with IBD and to correlate positively 
with erythrocyte sedimentation rate and IL-1β.38 Similarly, 

serum IGFBP2 levels have been reported to be 1.8-fold 
higher in patients with osteoporosis than in matched con-
trols, particularly among those with fractures.39 Another 
study linked IGFBP2 to LXR/RXR activation and acute-
phase response signaling, pathways associated with an 
increased risk of fracture.40 These findings are consistent 
with the present findings, supporting a potential role for 
IGFBP2 in IBD–osteoporosis comorbidity and its value 
as a predictive biomarker. Single-cell expression analy-
sis further showed that IGFBP2 was enriched in colonic 
epithelial and goblet cells and was expressed at higher 
levels in inflamed than in noninflamed tissues, suggesting 
that these cell types may contribute to the development 
of osteoporosis in patients with IBD. Upon further clini-
cal validation, this proteomic score may enable early risk 
stratification at the time of IBD diagnosis. This model may 
help identify patients at high risk of osteoporosis, thereby 
facilitating timely interventions to delay or prevent dis-
ease development.

This study identified candidate predictive proteins 
involved in the pathogenesis of IBD–osteoporosis mul-
timorbidity through machine learning and multistate 
modeling. A key strength of the present study is the inte-
gration of high-throughput proteomic data with mul-
timorbidity assessments in a large, community-based 
cohort with long-term follow-up. However, several limi-
tations should be acknowledged. First, the use of broad 
ICD-10 diagnostic codes may have introduced misclas-
sification of IBD and osteoporosis outcomes. Second, 
owing to data limitations, detailed clinical variables such 
as cumulative glucocorticoid exposure and localized dis-
ease activity were unavailable, leaving the possibility of 
residual confounding. Third, the generalizability of the 
findings to other populations may be limited because the 
cohort was derived from the UK Biobank and consisted 
predominantly of middle-aged and older individuals of 
European ancestry. Fourth, although the Olink platform 
provides broad proteomic coverage, it does not measure 
all circulating proteins, and protein expression in other rel-
evant tissues could not be assessed. Finally, the candidate 
proteins and predictive models require further validation 
in external populations and experimental animal models.

CONCLUSION
Using data from a population-based cohort, the pro-
teomic landscape of IBD–osteoporosis multimorbidity 
was characterized, prospective associations of implicated 
proteins were identified, key proteins and biological 
pathways linking the 2 conditions were identified, and 
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candidate biomarkers and hypothesis-generating mech-
anistic signals were highlighted.
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Supplementary Table 1.  ICD-10 Codes for IBD and osteoporosis 
diagnosis.

Category Disease Name ICD-10 Code(s)

IBD Crohn’s diseases K50

​ Ulcerative colitis K51

​ Undetermined K52

Osteoporosis Osteoporosis M80, M81
IBD, Inflammatory Bowel Disease; ICD-10, International Classification of 
Diseases-10.

Supplementary Figure  1.  Bone mineral density evaluation among IBD patients and controls. The left panels and right panels show the 
evaluation of bone mineral density and T-scores, respectively, among controls and patients with UC, CD, undetermined colitis, and overall IBD. 
Analyses were performed across different sex subgroups as well as among all participants combined. ***P < 0.001. IBD, inflammatory bowel 
disease; UC, ulcerative colitis; CD, crohn’s disease.



Supplementary Table 2.  Characteristics of the baseline analysis.

​
CD

(N=1,503)
UC

(N=2,968)
Undetermined

(N=11,537)
NC

(N=429,056)
Overall

(N=445,064)

Sex ​ ​ ​ ​ ​

  Female 840 (55.9%) 1,524 (51.3%) 7,077 (61.3%) 232,902 (54.3%) 242,343 (54.5%)

  Male 663 (44.1%) 1,444 (48.7%) 4,460 (38.7%) 196,154 (45.7%) 202,721 (45.5%)

Age ​ ​ ​ ​ ​

  Mean (SD), years 56.5 (8.06) 57.7 (7.75) 57.6 (7.95) 56.5 (8.08) 56.6 (8.08)

Ethnic ​ ​ ​ ​ ​

  Other 47 (3.1%) 135 (4.5%) 615 (5.3%) 25,422 (5.9%) 26,219 (5.9%)

  White 1,456 (96.9%) 2,833 (95.5%) 10,922 (94.7%) 403,634 (94.1%) 418,845 (94.1%)

TDI ​ ​ ​ ​ ​

  Mean (SD) -1.22 (3.08) -1.43 (2.95) -0.873 (3.24) -1.37 (3.05) -1.36 (3.05)

Education level ​ ​ ​ ​ ​

  College and above 397 (26.4%) 839 (28.3%) 3,063 (26.5%) 138,846 (32.4%) 143,145 (32.2%)

  High school and 
below

1,106 (73.6%) 2,129 (71.7%) 8,474 (73.5%) 290,210 (67.6%) 301,919 (67.8%)

Smoking ​ ​ ​ ​ ​

  Current 225 (15.0%) 207 (7.0%) 1,438 (12.5%) 44,073 (10.3%) 45,943 (10.3%)

  Never 678 (45.1%) 1,445 (48.7%) 5,894 (51.1%) 237,249 (55.3%) 245,266 (55.1%)

  Previous 600 (39.9%) 1,316 (44.3%) 4,205 (36.4%) 147,734 (34.4%) 153,855 (34.6%)

Alcohol drinking ​ ​ ​ ​ ​

  Current 1,343 (89.4%) 2,686 (90.5%) 10,078 (87.4%) 395,359 (92.1%) 409,466 (92.0%)

  Never 76 (5.1%) 147 (5.0%) 733 (6.4%) 18,777 (4.4%) 19,733 (4.4%)

  Previous 84 (5.6%) 135 (4.5%) 726 (6.3%) 14,920 (3.5%) 15,865 (3.6%)

BMI ​ ​ ​ ​ ​

  Mean (SD) 26.8 (4.61) 27.3 (4.58) 28.0 (5.25) 27.4 (4.72) 27.4 (4.74)

Physical activity ​ ​ ​ ​ ​

  High 795 (52.9%) 1,598 (53.8%) 6,273 (54.4%) 232,950 (54.3%) 241,616 (54.3%)

  Moderate 441 (29.3%) 883 (29.8%) 3,407 (29.5%) 135,337 (31.5%) 140,068 (31.5%)

  Low 267 (17.8%) 487 (16.4%) 1,857 (16.1%) 60,769 (14.2%) 63,380 (14.2%)

Hypertension, n (%) 420 (27.9%) 861 (29.0%) 3,938 (34.1%) 113,689 (26.5%) 118,908 (26.7%)

Lipidaemias, n (%) 314 (20.9%) 801 (27.0%) 3,838 (33.3%) 109,018 (25.4%) 113,971 (25.6%)

Diabetes, n (%) 95 (6.3%) 218 (7.3%) 1,040 (9.0%) 21,690 (5.1%) 23,043 (5.2%)

BMD T-score ​ ​ ​ ​ ​

  Mean (SD) -0.632 (1.16) -0.505 (1.17) -0.530 (1.22) -0.391 (1.22) -0.396 (1.22)

BMD ​ ​ ​ ​ ​

  Mean (SD) 0.510 (0.129) 0.524 (0.131) 0.521 (0.136) 0.537 (0.136) 0.537 (0.136)
CD, Crohn’s disease; UC, ulcerative colitis; NC, normal control; TDI, townsend deprivation index; BMI, body mass index; BMD bone mineral density; SD, standard 
deviation.



Supplementary Figure 2.  Flow chart of the cohort study.

Supplementary Table 3.  Baseline characteristics of the cohort study.

​
Female

(N=28,546)
Male

(N=24,407)
Overall

(N=52,953)

Age ​ ​ ​
  Mean (SD), years 56.6 (8.10) 57.0 (8.33) 56.8 (8.21)
Ethnic ​ ​ ​
  Other 1891 (6.6%) 1694 (6.9%) 3585 (6.8%)
  White 26655 (93.4%) 22713 (93.1%) 49368 (93.2%)
TDI ​ ​ ​
  Mean (SD) -1.23 (3.12) -1.13 (3.25) -1.18 (3.18)
Alcohol drinking ​ ​ ​
  Current 25682 (89.9%) 22704 (93.1%) 48386 (91.4%)
  Never 1751 (6.1%) 755 (3.1%) 2506 (4.7%)
  Previous 1113 (3.9%) 948 (3.9%) 2061 (3.9%)
Smoking ​ ​ ​
  Current 2544 (8.9%) 3056 (12.5%) 5600 (10.6%)
  Never 17018 (59.6%) 11846 (48.5%) 28864 (54.5%)
  Previous 8984 (31.5%) 9505 (38.9%) 18489 (34.9%)
Education level ​ ​ ​
  College and above 8750 (30.7%) 8173 (33.5%) 16923 (32.0%)
  High school and below 19796 (69.3%) 16234 (66.5%) 36030 (68.0%)
Physical activity ​ ​ ​
  High 15800 (55.3%) 13028 (53.4%) 28828 (54.4%)
  Moderate 8827 (30.9%) 7516 (30.8%) 16343 (30.9%)
  Low 3919 (13.7%) 3863 (15.8%) 7782 (14.7%)
BMI ​ ​ ​
  Mean (SD) 27.1 (5.15) 27.8 (4.17) 27.4 (4.74)
  Hypertension, n (%) 6,876 (24.1%) 8,048 (33.0%) 14,924 (28.2%)
  Hyperlipidemia, n (%) 6,197 (21.7%) 7,986 (32.7%) 14,183 (28.2%)
  Diabetes, n (%) 1,124 (3.9%) 1,893 (7.8%) 3,017 (5.7%)
TDI, townsend deprivation index; BMI, body mass index; SD, standard deviation.



Supplementary Figure 3.  Single-cell type expression in inflamed and uninflamed ileum. The average gene expression and percentage of cells 
expressed are shown by dot color and size, respectively. Comparison of high predictive power protein-coding gene expression levels between 
inflamed and uninflamed parts in enriched cell types. The t-SNE plot shows the expression of high predictive power protein-coding genes 
across different cell types in inflamed and uninflamed parts. The Wilcoxon rank-sum test was used for analysis. All tests were two sided and 
adjusted for multiple comparisons. Log2FC > 0.25 and an FDR < 0.05 was considered as significant. t-SNE, t-distributed stochastic neighbor 
embedding; Log2FC, log2 fold change; FDR, false discovery rate.


