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Abstract 67 

Background and Aims 68 

The progressive nature of Crohn's disease is highly variable and hard to predict. In addition, 69 

symptoms correlate poorly with mucosal inflammation. There is therefore an urgent need to 70 

better characterize the heterogeneity of disease trajectories in Crohn’s disease by utilizing 71 

objective markers of inflammation. We aimed to better understand this heterogeneity by 72 

clustering Crohn’s disease patients with similar longitudinal fecal calprotectin profiles. 73 

Methods 74 

We performed a retrospective cohort study at the Edinburgh IBD Unit, a tertiary referral center, 75 

and used latent class mixed models to cluster Crohn’s disease subjects using fecal calprotectin 76 

observed within five years of diagnosis. Information criteria, alluvial plots, and cluster 77 

trajectories were used to decide the optimal number of clusters. Chi-squared, Fisher’s exact test, 78 

and ANOVA were used to test for associations with variables commonly assessed at diagnosis.  79 

Results 80 

Our study cohort comprised of 365 patients with newly diagnosed Crohn’s disease and 2856 fecal 81 

calprotectin measurements taken within five years of diagnosis (median 7 per subject). Four 82 

distinct clusters were identified by characteristic calprotectin profiles: a cluster with consistently 83 

high fecal calprotectin and three clusters characterized by different downward longitudinal 84 

trends. Cluster membership was significantly associated with smoking (p = 0.015), upper 85 

gastrointestinal involvement (p < 0.001), and early biologic therapy (p < 0.001). 86 

Conclusions 87 
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Our analysis demonstrates a novel approach to characterizing the heterogeneity of Crohn’s 88 

disease by using fecal calprotectin. The group profiles do not simply reflect different treatment 89 

regimens and do not mirror classical disease progression endpoints. 90 

Keywords 91 

Biomarker; Epidemiology; Monitoring.  92 
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1 Introduction 93 

Crohn’s disease (CD) affects around 1 in 350 people in the UK1,2 with substantial variation in 94 

phenotypes and disease outcomes. Historically, 30% follow a quiescent disease course3, whilst 95 

many will require surgery due to strictures, fistulas, or lack of response to medical therapy. 96 

Despite this heterogeneity, our ability to characterize disease variability remains poor and, in the 97 

case of Montreal location and behavior, involves invasive examinations which limits the 98 

suitability of frequent longitudinal measurements. 99 

Endoscopy remains the gold standard for monitoring IBD, however it is costly, invasive and not 100 

without risk. As such, non-invasive stool markers like fecal calprotectin (FCAL) are increasingly 101 

used to objectively monitor inflammation in IBD4,5. FCAL is one of the most well characterized 102 

non-invasive biomarkers in IBD6. Multiple studies have shown that it accurately correlates with 103 

mucosal inflammation, in both UC and CD. Furthermore, the CALM study7 demonstrated that a 104 

treat to target approach based on FCAL results in superior outcomes when compared to a 105 

treatment strategy based on symptoms alone. It is therefore sensible to consider using FCAL to 106 

characterize heterogeneity found in intestinal inflammation. By incorporating all FCAL data, 107 

instead of only FCAL measurements which can be dichotomized into specific time points, FCAL 108 

can be modelled as a continuous longitudinal process. Whilst FCAL has previously been 109 

modelled in this way, no published research has attempted to cluster CD patients by longitudinal 110 

FCAL profiles: instead capturing heterogeneity across patients through a priori selected 111 

covariates (such subjects in endoscopic or clinical remission and those who have relapsed)8,9. 112 

Disease heterogeneity in CD has previously been described longitudinally by the IBSEN study3. 113 

In the IBSEN study, subjects with CD chose which profile they believed best described their 114 
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disease activity out of four profiles specified a priori. We aimed to perform a modernized 115 

iteration of this work by instead using FCAL profiles to characterize patient heterogeneity. We 116 

hypothesize that an unsupervised analysis to uncover latent patient subgroups with distinct 117 

longitudinal FCAL patterns can lead to better disease characterization. 118 

2 Materials and Methods 119 

2.1 Study Design 120 

We performed a retrospective cohort study at the Edinburgh IBD Unit to determine if there were 121 

subgroups within the CD patient population identifiable from FCAL measurements which had 122 

been collected within five years of diagnosis. We modelled longitudinal FCAL profiles using 123 

latent class mixed models (LCMMs)10, an extension of linear mixed effects models, which 124 

enables the identification of distinct subgroups with shared longitudinal patterns. LCMMs have 125 

been used to model biomarker trajectories in many contexts 11, 12). 126 

The data were obtained from a cohort study by Plevris et al. which identified all incident CD 127 

cases between 2005 and 2017 at The Edinburgh IBD unit which fulfilled set inclusion criteria13. 128 

For all patients, electronic health records (TrakCare; InterSystems, Cambridge, MA) were used to 129 

extract demographic as well as outcomes and FCAL values (both up to June 2019). Data for drug 130 

treatments and disease location were also extracted. 131 
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2.2 Criteria & Definitions 132 

First, the inclusion criteria from Plevris et al. were applied: (1) CD diagnosis between 2005 and 133 

2017; (2) an initial FCAL measurement at diagnosis (or within 2 months) and prior to treatment; 134 

(3) initial diagnostic FCAL result ≥ 250µg/g; (4) an accurate date of diagnosis; (5) at least one 135 

additional FCAL measurement within 12 months of diagnosis; (6) at least 12 months of 136 

followup; (7) neither having surgery nor a Montreal disease progression/new perianal disease 137 

within 12 months of diagnosis. Second, the following additional criterion was applied in this 138 

study: (8) at least 3 FCAL measurements within 5 years of diagnosis. 139 

The following information was available at diagnosis: sex, age, smoking status, FCAL, and 140 

Montreal location and behavior. Treatments prescribed within one year of diagnosis were also 141 

recorded: 5-ASAs (aminosalicylates), corticosteroids, thiopurines, methotrexate, exclusive 142 

enteral nutrition, and biologic therapies. 143 

2.3 FCAL Assay 144 

The Edinburgh IBD Unit has been using FCAL for diagnostic and monitoring purposes since 145 

2005. Stool samples have been routinely collected at all healthcare interactions13. Samples are 146 

stored at -20ºC and FCAL is measured using a standard enzyme linked immunosorbent assay 147 

technique (Calpro AS, Lysaker, Norway). All FCAL measurements in this study were performed 148 

using the same protocol and assay. 149 

2.4 Statistical Analysis 150 

Descriptive statistics are presented as median and interquartile range (IQR) for continuous 151 

variables. Frequencies with percentages are provided for categorical variables. 152 
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FCAL measurements greater than 2500µg/g were set to 2500µg/g, the upper range for the assay. 153 

Likewise, measurements reported as less than the lower range for the assay, 20µg/g, were set to 154 

20µg/g. FCAL values were log-transformed before the models were fitted. To model the FCAL 155 

trajectories and find clusters, we used LCMMs with longitudinal patterns captured using natural 156 

cubic splines10. Natural cubic splines provide a flexible framework to model FCAL trajectories 157 

whilst remaining stable at either end of the study followup period14. Using natural cubic splines 158 

results in fewer parameters needing to be estimated compared to polynomial regression which 159 

requires a high-degree polynomial to achieve the same level of flexibility15. Between two and 160 

five knots were considered for the splines and their performance was compared using Akaike 161 

information criterion (AIC). Three knots were found to produce the optimal AIC within this 162 

range which were placed at the quartiles of the FCAL measurement times. A full model 163 

description is provided as an Appendix. 164 

LCMMs assuming two to six clusters were fitted. For each number of clusters, the optimal model 165 

was found via a grid search approach (50 runs with 10 maximum iterations) following the 166 

vignette provided as part of the lcmm R package. Models converged based on parameter and 167 

likelihood stability, and on the negativity of the second derivatives. After each optimal model 168 

was found, the log-likelihood, AIC, and Bayesian information criterion (BIC) were calculated. 169 

An alluvial plot was produced to provide intuition of how additional clusters are formed as the 170 

number of assumed clusters increases. These findings were used to decide on the appropriate 171 

number of clusters in our study population. As suggested in the lcmm package vignette, 172 

goodness-of-fit for the selected model was assessed by exploring whether model residuals were 173 

normally distributed. Uncertainty in cluster assignments was quantified using posterior 174 

classification probabilities. To visualize overall trajectories within 175 
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 each cluster, point estimates for each of the model parameters were used, and statistical 176 

uncertainty was visualized using 95% confidence intervals. 177 

Marginal associations between cluster membership and information available at the time of 178 

diagnosis were explored. Chi-square tests and Fisher’s exact tests, dependent on suitability, were 179 

used for categorical variables. ANOVA was used for continuous variables. Upper gastrointestinal 180 

inflammation (L4) and perianal disease (P) were tested separately to Montreal location (L1-L3) 181 

and Montreal behavior (B1-B3) respectively. 182 

Potential evidence of treatment effects was garnered by testing for associations between cluster 183 

membership and whether each treatment was prescribed within one year of diagnosis using 184 

Fisher’s exact test. Biologic prescriptions within three months of diagnosis were also considered 185 

to study potential earlier treatment effects. 186 

A 5% significance level was used for all statistical tests. Bonferroni adjustments have also been 187 

used to provide adjusted p-values (padj). 188 

As an exploratory analysis, a multinomial logistic regression model18 and a random forest 189 

classifier19 were used to predict cluster allocations using information available at the time of 190 

diagnosis and biologic prescriptions. For this purpose, a 75:25 train:test split with 4-fold cross 191 

validation was used20. Classification performance was assessed via area under the curve (AUC) 192 

extended to multiple classes21. 193 

R22 (v.4.2.1) was used for all statistical analyses using the lcmm23 (v.1.9.5), nnet24 (v.7.3-17), 194 

ranger25 (v.0.13.1), datefixR26 (v.0.1.4), tidyverse27 (v.1.3.1), tidymodels28 (v.0.2.0), vip29 (v0.3.2) 195 
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and ggalluvial30 (v.0.12.3) R libraries. The analytical reports generated for this study and 196 

corresponding source code are hosted online*. 197 

2.5 Ethics 198 

 As this study was considered a retrospective audit due to all data having been collected as part of 199 

routine clinical care, no ethical approval or consent was required as per UK Health Research 200 

Authority guidance. Caldicott guardian approval (NHS Lothian) was granted (Project ID: 18002). 201 

3 Results 202 

3.1 FCAL Measurements 203 

The study by Plevris et al.13 found 1390 incident CD cases. After removing individuals without 204 

an accurate diagnostic date or diagnostic FCAL (+/- 60 days of diagnosis), 50 patients had 205 

diagnostic FCAL < 250μg/g.  Once the additional inclusion criterion of at least three FCAL 206 

measurements was also applied, 356 subjects met the inclusion criteria for this study (Figure 1, 207 

Table 1). Across these patients, 2856 FCAL measurements were recorded within five years of 208 

diagnosis. The median frequency of FCAL measurements for a subject within this period was 7 209 

(IQR 5-10). The distributions of all FCAL measurements and the number of measurements per 210 

subject are presented as supplemental material (Figure S1, Figure S2). 211 

3.2 Modelling FCAL Trajectories 212 

LCMMs fitted with two to six assumed clusters all converged as per default convergence criteria. 213 

As seen in Figure 2, cluster assignments were largely stable across differing assumed clusters, 214 

 
* https://vallejosgroup.github.io/lcmm-site/ 

https://vallejosgroup.github.io/lcmm-site/
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particularly when comparing the 3-cluster, 4-cluster, and 5-cluster models. Performance metrics 215 

for each model considered are provided in Table S1. BIC suggested the 2-cluster model was most 216 

appropriate, but this model was discarded as visual inspection of the inferred trajectories 217 

suggested a larger number of distinct clusters (Figure S3-S4). AIC favored the 5-cluster model. 218 

However, this model was found to overfit the data as some of the inferred trajectories were 219 

similar (Figure S5). As a parsimonious choice, we selected the 4-cluster model. 220 

The distribution of the model residuals for the 4-cluster model is bell-shaped, but the quantile-221 

quantile plot suggests some deviations from normality in the tails of the distribution within and 222 

across clusters (Figure S6-S7). Figure 3 presents the log mean profiles for the 4-cluster model 223 

alongside subject-specific observed FCAL trajectories. The model identified three main groups 224 

of patients: clusters 1, 2 and 3 (92, 191, and 58 subjects, respectively) and a small cluster 4 with 225 

15 subjects. Clusters 1 and 3 display similar profiles — both showing a sharp decrease in FCAL 226 

which then remains low. However, cluster 1 is differentiated by the decrease occurring 227 

immediately after diagnosis, whilst this decrease does not occur until around a year after 228 

diagnosis for cluster 3. In contrast, cluster 2 is characterized by a mean profile which remains 229 

consistently high: never dropping below the 250µg/g clinical threshold for disease activity. 230 

Finally, the mean profile for cluster 4 exhibits an initial decrease, but this is not sustained during 231 

the first 3 years. 232 

3.3 Association with Variables Available at Diagnosis 233 

Out of the eight variables typically available at diagnosis we tested for association with class 234 

membership, two variables were found to be significant at the 5% significance level before 235 

applying a Bonferroni adjustment: smoking status (p = 0.01; padj = 0.08) and the presence of 236 
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upper gastrointestinal inflammation (p < 0.001; padj = 0.002). 24% and 23% of cluster 1 and 237 

cluster 2 respectively were smokers when they were diagnosed, whereas only 7% of cluster 3 and 238 

cluster 4 smoked during this period. Only 9% of cluster 1 had upper gastrointestinal involvement 239 

at diagnosis in comparison to the 27%, 34%, and 33% in cluster 2, cluster 3, and cluster 4 240 

respectively. 241 

3.4 Association with Treatments 242 

A difference in the percentage of subjects prescribed a biologic therapy within one year of 243 

diagnosis was observed across classes (Table 1): 46% of class 1 were prescribed one of these 244 

treatments, compared to 18% and 21% for class 2 and class 3 respectively. 245 

Out of the prescriptions considered, being prescribed a thiopurine within one year of diagnosis (p 246 

= 0.023; padj = 0.16) and being prescribed a biologic either within three months (p < 0.001; padj = 247 

0.004) or one year of diagnosis (p < 0.001; padj < 0.001) were found to be significant before 248 

Bonferroni adjustment. However, class membership could not be predicted from demographic 249 

data and biologic prescriptions (AUC of 0.68 for the multinomial logistic regression model and 250 

0.66 for the random forest classifier). 251 

4 Discussion 252 

In this study, four patient clusters in the CD population with distinct FCAL trajectories have been 253 

identified and described (Figure 3). To the best of our knowledge, we are the first to apply 254 

LCMMs to characterize latent patient heterogeneity using FCAL data, although others have 255 

applied linear mixed models to FCAL data8,9 or have applied LCMMs in other disease 256 

contexts31,32. 257 



 

 

15 

15 

We have demonstrated cluster membership is associated with smoking and upper gastrointestinal 258 

inflammation. A comparatively high number of subjects who smoked at diagnosis were found in 259 

both cluster 1 and cluster 2 despite cluster 1 being characterized by an overall decrease in FCAL 260 

and cluster 2 being characterized by a consistently high profile. The interpretation of this finding 261 

is not clear from our data. Previous research has found smoking to be associated with low drug 262 

concentrations for infliximab and adalimumab, mediating low remission rates in CD patients33 in 263 

addition to being associated with undergoing surgery and disease progression34. Upper 264 

gastrointestinal involvement is likely a proxy for a more severe CD sub-phenotype. We also 265 

observed cluster membership to be associated with early biologic treatment. This is reasonable 266 

given the often-reported association between FCAL and endoscopic activity and an association 267 

between biologic treatments and endoscopic healing for CD patients35, 36. 268 

Whilst examining the residuals for the 4-cluster model, we found evidence against normality in 269 

the tails of the distribution, where some outliers can be observed. In most cases, this is driven by 270 

FCAL observations being truncated to be within the limits of detection of the assay (20 μg/g to 271 

2500 μg/g). As subjects were required to have a FCAL above 250 μg/g at diagnosis to be 272 

included in the study, only the upper truncation applies for diagnostic FCAL. We believe the 273 

impact of any violation of the assumption of normally distributed residuals on our findings is 274 

minimal. If this assumption is violated, then an inappropriate number of classes can be found 275 

when solely relying on model selection metrics such as AIC and BIC16. Instead, we also 276 

considered visual inspection (alluvial plots, mean cluster profiles versus subject-specific 277 

trajectories) in addition to AIC and BIC as a more rigorous approach to determining the number 278 

of latent classes, avoiding the identification of spurious clusters.  279 
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The approach demonstrated here has notable advantages over the methodology used by the 280 

IBSEN study which required participants to choose which diagram they believed best described 281 

their disease activity out of four possible options3. Using FCAL profiles allows the quantification 282 

of inflammation in an objective manner rather than using patient reported symptom activity 283 

which may be influenced by recency bias and the tendency for patient-reported data to exhibit 284 

extreme responses37. Furthermore, using FCAL allows longitudinal profiles to be generated in a 285 

data-driven manner. Instead of profiles needing to be generated based on prior beliefs and 286 

opinion, we can allow these profiles to be formed naturally. Finally, FCAL profiles can be 287 

readily generated for many CD patients from electronic healthcare records without requiring 288 

active involvement from patients. 289 

Some similarities can be observed between the clinically derived profiles in the IBSEN cohort 290 

patterns and the cluster-specific mean profiles uncovered in this study. Both studies identified a 291 

large group of patients that exhibit a decline in severity of symptoms (cluster 1 and cluster 3 in 292 

our study) and a group with chronic continuous symptoms (cluster 2 in our study). However, the 293 

IBSEN study identified a group with increasing intensity of symptoms which was not found by 294 

our analysis. Such differences may be due to the disconnect between symptoms and 295 

inflammation which is commonly seen when using endoscopic activity scores38. Moreover, the 296 

IBSEN study findings were gathered before the widespread emergence of biologic therapies for 297 

CD and may not represent more modern trends which may not be well known a priori: 298 

demonstrating the advantage of being able to infer subgroup profiles in a data-driven manner. 299 

In this study, eight potential associations with variables typically available at diagnosis, and 300 

seven potential associations with treatments have been explored. As such, we potentially invite 301 

criticism due to multiple testing. Indeed, some associations reported here (e.g., between cluster 302 



 

 

17 

17 

membership and smoking) fail to be significant after applying Bonferroni corrections. However, 303 

we believe our findings here are biologically plausible and in line with other published literature. 304 

The retrospective design of this study remains a limitation, and the results reported may be due to 305 

observational biases and should not be assigned a causal interpretation. Quantifying causal 306 

treatment effects from such observational data is an active area of research and beyond the scope 307 

of this study39,40. The data gathering process is observational and whilst FCAL is collected 308 

routinely at all clinical interactions, subjects with more complicated disease are likely to have 309 

more measurements available. The retrospective study design also means all subjects did not 310 

have the same treatment options at the same stage in their disease trajectories, as subjects may 311 

have been diagnosed at any time between 2005 and 2017. However, the date of diagnosis, 312 

converted to the number of days the subject was diagnosed after 01/01/2001, was considered for 313 

potential association with cluster membership, and no significant association was found (p = 314 

0.12). We also acknowledge the potential for inclusion bias in this study. The study by Plevris et 315 

al. required subjects to have an FCAL of at least 250µg/g at diagnosis and excluded subjects 316 

which met one of the endpoints within a year of diagnosis. The former potentially excludes 317 

subjects with milder disease, whilst the latter potentially excludes subjects with more aggressive 318 

disease. Extreme trajectories may therefore have been underrepresented in our analysis. Whilst 319 

we are confident in the classes described here, additional classes may be found if the inclusion 320 

criteria were relaxed.  321 

The clusters reported here are intended purely for exploring heterogeneity in CD and are not 322 

intended for use as predictors in a risk score. Indeed, some FCAL measurements were taken after 323 

typical outcomes of interest (e.g., surgery), hence cluster membership information is not a 324 

suitable risk factor. However, our approach provides an objective way to characterize disease 325 
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trajectory heterogeneity using a routinely collected inflammation marker, providing a proof of 326 

concept for novel longitudinal patient stratification in the context CD. It should also be noted that 327 

only a single cohort was examined in this study and generalizing these results to other 328 

populations requires caution. 329 

 330 

5 Conclusion 331 

We have demonstrated the suitability and utility of latent class mixed modelling for identifying 332 

clusters within the CD population based on FCAL profiles. After we found and described four 333 

clusters, we reported cluster membership to be significantly associated with smoking and upper 334 

gastrointestinal involvement. We believe our findings are an important first step towards 335 

embracing longitudinal FCAL measurements to explain disease heterogeneity in CD.  336 
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6 Figure Legends 337 

Figure 1: Flowchart demonstrating data processing steps. FCAL: fecal calprotectin. 338 

Figure 2: Alluvial plot demonstrating how cluster membership obtained from the fecal 339 

calprotectin profiles of Crohn’s disease patients changes as the assumed number of clusters 340 

increases. The height of each band indicates the size of each cluster. 341 

Figure 3: Log-transformed subject-specific five-year fecal calprotectin profiles for the study 342 

cohort for A, cluster 1; B, cluster 2; C, cluster 3; D, cluster 4. The red solid line represents the 343 

predicted mean trajectory for each cluster, whilst the red dotted lines represent 95% confidence 344 

intervals. The grey lines indicate the trajectory of each subject. The blue dotted line indicates an 345 

FCAL of log (250 µg/g): the common threshold for biochemical remission in Crohn’s disease. 346 

See Figure S8 for the fits in the original measurement scale.  347 
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8 Tables 456 

 457 

 458 
Clusters 459 

 460 
 Population Cluster 1 Cluster 2 Cluster 3 Cluster 4 p padj 

Sex      0.157 1 

Male 183 (51%) 43 (47%) 107 (56%) 24 (41%) 9 (60%)   

Female 173 (49%) 49 (53%) 84 (44%) 34 (59%) 6 (40%)   

Age at 

diagnosis 
     0.851 1 

First quartile 
(q1) 

16.0 20.4 15.3 15.1 14.5   

Median (q2) 27.3 29.6 26.4 26.8 21.7   

Third quartile 
(q3) 

48.7 45.3 49.9 50.9 51.2   

Smoking 

status 
     0.015* 0.116 

Smoker 70 (20%) 22 (24%) 43 (23%) 4 (7%) 1 (7%)   

Non-smoker 286 (80%) 70 (76%) 148 (77%) 54 (93%) 14 (93%)   

Diagnostic 

FCAL (µg/g) 
     0.131 1 

First quartile 

(q1) 

590 500 610 630 592   

Median (q2) 820 725 900 825 660   

Third quartile 

(q3) 

1140 986 1270 1180 1160   

Montreal 

behavior 
     0.494 1 

Inflammatory 
(B1) 

323 (91%) 80 (87%) 175 (92%) 55 (95%) 13 (87%)   

Stricturing 

(B2) 

30 (8%) 10 (11%) 15 (8%) 3 (5%) 2 (13%)   

Penetrating 
(B3) 

3 (1%) 2 (2%) 1 (1%) 0 (0%) 0 (0%)   

Perianal 

disease (P)† 
     0.776 1 

Present 57 (16%) 17 (18%) 28 (15%) 9 (16%) 3 (20%)   

Not present 299 (84%) 75 (82%) 163 (85%) 49 (84%) 12 (80%)   

Montreal 

location 
     0.125 1 

Ileal (L1) 95 (27%) 22 (24%) 58 (30%) 9 (16%) 6 (40%)   

Colonic (L2) 140 (39%) 39 (42%) 68 (36%) 30 (52%) 3 (20%)   

Ileocolonic 
(L3) 

121 (34%) 31 (34%) 65 (34%) 19 (33%) 6 (40%)   

Upper 

gastrointestin

al (L4)‡ 

     < 0.001 
*** 

0.002 
** 

Present 84 (24%) 8 (9%) 51 (27%) 20 (34%) 5 (33%)   

Not present 272 (76%) 84 (91%) 140 (73%) 38 (66%) 10 (67%)   

5-ASAs 

(aminosalicyl

ates) 

     0.326 1 

Yes 76 (21%) 15 (16%) 48 (25%) 11 (19%) 2 (13%)   

No 280 (79%) 77 (84%) 143 (75%) 47 (81%) 13 (87%)   

Thiopurine      0.023* 0.161 
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Yes 250 (70%) 62 (67%) 127 (66%) 50 (86%) 11 (73%)   

No 106 (30%) 30 (33%) 64 (34%) 8 (14%) 4 (27%)   

Corticosteroi

ds 

     0.983 1 

Yes 298 (84%) 78 (85%) 159 (83%) 48 (83%) 13 (87%)   

No 58 (16%) 14 (15%) 32 (17%) 10 (17%) 2 (13%)   

Methotrexate      0.139 0.975 

Yes 15 (4%) 8 (9%) 6 (3%) 1 (2%) 0 (0%)   

No 341 (96%) 84 (91%) 185 (97%) 57 (98%) 15 (100%)   

Exclusive 

enteral 

nutrition 

     0.779 1 

Yes 80 (22%) 22 (24%) 39 (20%) 14 (24%) 5 (33%)   

No 213 (60%) 54 (59%) 115 (60%) 35 (60%) 9 (60%)   

Not known 63 (18%) 16 (17%) 37 (19%) 9 (16%) 1 (7%)   

Biologic 

within 3 

months 

     < 0.001 
*** 

0.004 
** 

Yes 44 (12%) 23 (25%) 14 (7%) 5 (9%) 2 (13%)   

No 312 (88%) 69 (75%) 177 (93%) 53 (91%) 13 (87%)   

Biologic      < 0.001 
*** 

<0.001 
*** 

Yes 94 (26%) 42 (46%) 35 (18%) 12 (21%) 5 (33%)   

No 262 (74%) 50 (54%) 156 (82%) 46 (79%) 10 (67%)   

Table 1: Cohort characteristics and treatments prescribed to the cohort. All prescriptions were 461 

prescribed within one year of diagnosis unless otherwise stated. Percentages when stratified 462 

across clusters are out of the total number of subjects in the cluster. Biologic is defined as either 463 

infliximab, adalimumab, ustekinumab or vedolizumab prescription. † Perianal disease may be 464 

present concomitantly to B1, B2 or B3 disease behavior or separately. ‡ Upper gastrointestinal 465 

inflammation may be present in addition to ileal, colonic, or ileocolonic inflammation. p 466 

unadjusted p-value. padj p-value after Bonferroni correction. * Significant at a 5% significance 467 

level. ** Significant at a 1% significance level. *** Significant at a 0.1% significance level. 468 
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