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Introduction Crohn’s disease (CD) is a chronic inflammatory disease of 
the gastrointestinal tract characterized by alternating peri-
ods of remission and relapse [1–3]. Patients with CD expe-
rience a variety of symptoms that may include localized 
abdominal pain, chronic diarrhea, weight loss, fatigue, 
anxiety, and depression [2–6]. Due to complications asso-
ciated with progressive bowel damage, individuals with 
CD can require abdominal resections associated with 
ileostomy or colostomy, and further surgery for perianal 
complications, including strictures, fistulas, and abscesses 
[3,7,8]. Thus, the burden for patients with CD is physical, 
emotional, and economic [8–12], posing a major challenge 
for healthcare systems worldwide [9,13].

The etiology of CD is only partially known and complex 
in nature. Existing evidence indicates that the pathological 
inflammation of the intestinal tissue in CD is mediated by 
an aberrant mucosal immune response to enteric bacterial 
flora [1–3,14]. This response is most likely caused by the 
interaction between genetic susceptibility and environ-
mental factors (e.g., smoking, drugs such as NSAIDs or 
antibiotics, and urban environment) [2,3,15,16].

Despite recent efforts toward a better understanding of 
the pathophysiology and diagnosis of CD, the therapeu-
tic options available for these patients are still far from 
optimal [17]. The traditional approach to treatment in 
CD was based on a ‘step-wise’ paradigm [1]; patients with 
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Background The impact of relapses on disease burden in Crohn’s disease (CD) warrants searching for predictive factors 
to anticipate relapses. This requires analysis of large datasets, including elusive free-text annotations from electronic health 
records. This study aims to describe clinical characteristics and treatment with biologics of CD patients and generate a data-
driven predictive model for relapse using natural language processing (NLP) and machine learning (ML).
Methods We performed a multicenter, retrospective study using a previously validated corpus of CD patient data from eight 
hospitals of the Spanish National Healthcare Network from 1 January 2014 to 31 December 2018 using NLP. Predictive 
models were created with ML algorithms, namely, logistic regression, decision trees, and random forests.
Results CD phenotype, analyzed in 5938 CD patients, was predominantly inflammatory, and tobacco smoking appeared 
as a risk factor, confirming previous clinical studies. We also documented treatments, treatment switches, and time 
to discontinuation in biologics-treated CD patients. We found correlations between CD and patient family history of 
gastrointestinal neoplasms. Our predictive model ranked 25 000 variables for their potential as risk factors for CD relapse. Of 
highest relative importance were past relapses and patients’ age, as well as leukocyte, hemoglobin, and fibrinogen levels.
Conclusion Through NLP, we identified variables such as smoking as a risk factor and described treatment patterns 
with biologics in CD patients. CD relapse prediction highlighted the importance of patients’ age and some biochemistry 
values, though it proved highly challenging and merits the assessment of risk factors for relapse in a clinical setting. Eur J 
Gastroenterol Hepatol 34: 389–397
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CD are often treated with pharmacological agents such as 
corticosteroids, immunomodulators, and biologics aimed 
at treating inflammation and related complications while 
achieving or maintaining remission [2]. In addition, a key 
aspect of patient management involves the early identi-
fication of upcoming relapses to avoid cumulative tissue 
damage. Because the clinical situation observed at a given 
timepoint does not anticipate future disease activity [18], 
predictive models for CD relapses and other complications 
must take into account large amounts of heterogeneous 
data, including but not limited to gut microbiota dynam-
ics [19], blood-based and molecular biomarkers [20,21], 
and standard laboratory results [22,23].

From a clinical standpoint, complex and relatively 
low-prevalence diseases, such as CD, are best understood 
using large, population-based registries with available fol-
low-up information [24,25]; a prominent data source with 
these characteristics is patients’ electronic health records 
(EHRs). EHRs are growingly available and contain het-
erogeneous information resulting from medical examina-
tions, diagnosis, prescriptions, and procedures, as well as 
laboratory testing [26]. Crucially, most of the information 
in EHRs is unstructured [27,28], including imaging results 
or the valuable free-text clinical notes written down by 
physicians and other health professionals in their routine 
practice. Recent advances in the realms of natural lan-
guage processing (NLP) and machine learning (ML) are 
now enabling access to the free-text, unstructured infor-
mation in EHRs and have yielded valuable contributions 
in specific clinical populations [29,30], epidemiology [31], 
and healthcare resource use [32]. However, the applica-
tion of these cutting-edge technologies is only beginning 
to be explored in CD [33–35]. Though several studies use 
ML models to identify risk factors related to CD or NLP 
to better define cases, our study is the first to combine 
NLP and ML for a predictive model of relapse, to the best 
of our knowledge.

In light of the above discussion, here, we used NLP and 
ML techniques to access and analyze the free-text clinical 
information contained in the EHRs of a large series of 
patients with CD in selected hospitals within the Spanish 
National Healthcare System. Our main objectives were to 
(1) describe clinical characteristics and current medical 
management with biologics of patients with CD and (2) 
generate a data-driven predictive model for the occurrence 
of relapses.

Methods

Data source

This study was conducted within the scope of the 
PREMONITION-CD project, sponsored by Takeda and 
was formally approved by the Madrid Institutional Review 
Board in May 2018. It was registered in ClinicalTrials.
gov with the identifier number NCT03668249. This was a 
multicenter, retrospective study using data from the EHRs 
of eight participating tertiary hospitals within the Spanish 
National Healthcare Network (Fig.  1). Data from the 
EHRs were collected using NLP for the period between 1 
January 2014 and 31 December 2018 (except for one par-
ticipating site with electronic data available from 2013 to 
2017) and were obtained from all available departments 

(including inpatient hospital, outpatient hospital, and 
emergency room) for virtually all types of services pro-
vided in each participating hospital. The study database 
was fully anonymized and contained no personal infor-
mation from patients.

Study design

As shown in Fig. 1, data are presented in relation to two 
main time frames, namely Index Date and Follow  Up. 
Index Date (also referred to as Baseline) was defined as 
the timepoint when diagnostic criteria for CD were first 
identified; this timepoint could occur before study onset. 
Analyses were performed for the time window comprising 
the 5-year post-baseline - this time window coincides with 
the longest follow-up period (Fig. 1). Additional informa-
tion about the patient’s medical history was also collected 
before baseline (i.e., pre-index date; Fig. 1).

Participants

The study sample included pediatric and adult patients in 
the source population with a documented diagnosis of CD. 
Patients were identified based on clinical diagnosis as included 
in the unstructured, free-text information in the EHRs.

EHRead

To extract and analyze the unstructured, free-text infor-
mation in patients’ EHRs, we used Savana’s EHRead 
technology [36–40]. Based on NLP, ML, and deep learn-
ing methodologies, this technology enables the extraction 
of information from all types of EHRs and the subsequent 
normalization of the extracted clinical entities to a unique 
terminology. Savana’s custom body of terminology was 
originally built from SNOMED CT and includes more 
than 400 000 medical concepts, acronyms, and laboratory 
parameters amassed over the course of 5 years of free-text 
mining. The terminology entities detected in the patients’ 
records are later classified based on sections contained 
in the EHRs (e.g., demographics, medical history, medi-
cations, diagnoses, etc.), hospital service where the data 
were originally captured, and other clinical specifications.

The extent to which EHRead correctly identified 
records that mention CD and predefined associated var-
iables (i.e., CD-related relapse and ‘vedolizumab’) was 
calculated according to previously published procedures 
[41,42]. Briefly, given the lack of clinically coded data in 
Spanish, our evaluation required the development of an 
annotated corpus, otherwise known as the ‘gold stand-
ard’. The gold standard consists of a series of documents 
marked up by expert physicians with any metadata tag 
related to CD and CD-related variables. This corpus is 
compared against EHRead’s output, and performance is 
calculated in terms of the standard metrics of accuracy (P), 
recall (R), and their harmonic mean F-score. For the evalu-
ated clinical terms, all F-scores were above 0.80, thus indi-
cating that CD and associated variables were accurately 
identified in patients’ EHRs.

Data analyses

All categorical variables (e.g., medication use, surgi-
cal procedures) are shown in frequency tables, whereas 
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continuous variables (e.g., age) are described using sum-
mary tables that include the mean, SD, median, mini-
mum, maximum, and quartiles for each variable. Given 
the descriptive nature of the present study, no tests were 
performed to assess possible statistically significant dif-
ferences in the distribution of categorical or numerical 
variables.

Predictive model

All patients included in the descriptive study were also 
included in the predictive one, with a random 70% 
assigned to training and 30% to validation. The results 
reported correspond to the performance of the fitted mod-
els on this validation set. The models aimed at identifying 
the clinical factors that prelude future relapses in patients 
with CD were built as follows.

Variables

In all cases, the dependent variables considered were the 
occurrence/absence of relapses (i.e., binary variable). 
Because relapses are not always registered as such in EHRs, 
we also inferred relapses from hospitalizations that coin-
cided with drug administration associated with CD relapse. 
Tens of thousands of independent variables were used to 
train the predictive model. These variables include all avail-
able information captured in EHRs (e.g., family records, 
medical history, surgeries, treatments, hospitalizations, 
etc.), with special focus on previously used variables in CD 
studies (e.g., substance use, phenotype, age at diagnosis, and 
additional information about CD-related complications).

Temporality

The models aimed at predicting the occurrence of relapses 
in the near future; we considered a 3-month time window 
for all models.

Machine learning

Predictive models were generated using three different 
algorithms, namely logistic regression, decision trees, and 
random forests.

(1) Logistic regression. In this model, the logarithm 
addressing the odds for the occurrence of a relapse/
complication is a linear combination of the independ-
ent variables. In this case, the weights of the regression 
reflect the relative importance of each independent 
variable in predicting the desired outcome. We applied 
this model to our data to assess the importance of the 
variables when considered independently.

(2) Decision trees. This algorithm was used to classify 
patients according to whether they will experience a 
relapse/complication or not, based on their individual 
characteristics and medical history. Classification trees 
can show interactions between variables and enable 
the identification of any important subgroups that 
could determine disease prognosis.

(3) Random forests. Unlike classification trees, which 
apply the learning algorithm to the full dataset, ran-
dom forests focus on a random sample of the data. 
Instead of attempting to fit the data into one single 
large ‘tree’, they fit a very large number of trees on 

Fig. 1 Study design and timeline. For each patient in the database, the Index Date (i.e., Baseline) was defined as the timepoint when diagnostic criteria for 
CD is first identified. All available EHRs before January 2014 were handled to extract information regarding the clinical history of patients (dotted line). The 
follow-up period ranged from the index date to the end of the study period or the last data point available. Data from patients’ EHRs were extracted and 
organized with the EHRead technology. See the Methods section for further details. CD, Crohn’s disease; EHR, electronic health record.
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random samples of the data (hence the name ran-
dom forest). Random forests efficiently deal with 
issues such as collinearity of variables, can uncover 
relationships or patterns buried in large datasets, and 
also provide intuitive measures regarding the rela-
tive importance of the variables in predicting disease 
outcomes.

Model performance

To evaluate the predictive power of the models, we pro-
vide standard measures of performance, including the 
following:

(1) The confusion matrix shows, for each row, the num-
ber of positives (i.e., presence of relapse) and nega-
tives (i.e., absence of relapse) in our database. In this 
matrix, columns represent the positives and negatives 
that were predicted by the model. The elements in the 
main diagonal show the elements that were correctly 
predicted, while the off-diagonal terms show the false 
negatives (element 2,1) and false positives (1,2).

(2) Precision: Proportion of true positives over positives 
obtained by the model, calculated as the fraction of 
patients that our model correctly identified to have an 
upcoming relapse over the total number of patients that 
the model predicted to have a relapse or complication.

(3) Recall: Fraction of patients that the model correctly 
identified to have a relapse over the total number of 
patients that actually experienced a relapse.

(4) Accuracy: Proportion of correct predictions calcu-
lated as the number of true positives and true nega-
tives divided by the total amount of predictions.

(5) F-score: Used to account for a possible imbalance 
between precision and recall; it is the harmonic mean 
of these two measures.

Ethical considerations

The present study was classified as a ‘post-authorization 
study’ (EPA-OD) by the Spanish Agency of Medicines and 
Health Products and was approved by the regional institu-
tional review board. This study was conducted in compli-
ance with legal and regulatory requirements and followed 
generally accepted research practices described in the ICH 
Guideline for Good Clinical Practice, the Helsinki decla-
ration in its latest edition, Good Pharmacoepidemiology 
Practices, and applicable local regulations. Because we 
collected data retrospectively and handled all clinical 
information in an aggregate, anonymized, and irreversi-
bly dissociated manner, regulations regarding informed 
patient consent do not apply to the present study.

Results

EHRs from 2 242 730 patients were processed from 
eight participating hospitals. We identified a total of 
5938 patients with CD; 43.4% (n  =  2575) of patients 
had already been diagnosed at the onset of the study 
(i.e., before the index date), whereas 56.6% of patients 
(n = 3363) were newly diagnosed within the study period. 
Patients’ demographics are shown in Table  1. Notably, 
nearly 40% (n  =  1364) of patients were smokers, and 
29% (n = 1010) were former smokers (Table 1). However, 
information about tobacco use was only collected in 58% 

of the analyzed EHRs at baseline, and only 15% of the 
documents contained information about alcohol use.

Using the Montreal Classification [43] as a reference, 
we analyzed the location and behavior of CD at baseline 
(Table  1). Among patients with available information 
(approximately 30% of total patients), the most com-
mon location was ileal (L1), in 54% (n/n  =  913/1692) 
of patients. Regarding disease behavior, nearly half of 
patients (48.8%; n/n  = 589/1207) suffered from inflam-
matory (nonstricturing, nonpenetrating) CD (B1).

Regarding family history, our analyses revealed that this 
variable was poorly registered in the EHRs, as it was only 
available for 34% of the patients (n = 2042). The most 
common conditions (up to 37.1%; n = 757) were related 
to neoplasms (including cysts and polyps), of which the 
most frequent were malignant tumor of the large intestine, 
neoplasm of the large intestine, carcinoma of the stom-
ach, and malignant tumor of the breast. Gastrointestinal 
and hepatobiliary disorders were also highly prevalent 
(27.3%; n  =  557), where inflammatory disorder of the 
digestive tract and disorder of the lower gastrointestinal 
tract were predominant (Table 2).

Management and treatment of Crohn’s disease

Table  3 summarizes the number of patients assigned to 
different procedures and surgical interventions aimed at 
treating CD during the follow-up period. Colonoscopy 

Table 1 Demographics, clinical characteristics, and medication use

 N = 5938

Demographics
Sex, n (%)  
 Female 3034 (51.1)
 Male 2904 (48.9)
Age (years)a  
 N 5934
 Mean (SD) 48.3 (18.3)
 Median 46.3
 (Q1-Q3) (35.0-61.0)
 Adults (≥18 years old), n (%) 5782 (97.37)
 Children (<18 years old), n (%) 152 (2.56)
 Missing 4
Substance useb  
Tobacco use, n (%) 3465
 Ex 1010 (29.15)
 No 1091 (31.5)
 Yes 1364 (39.36)
 Missing 2473
Alcohol use, n (%) 893
 Ex 81 (9.1)
 No 324 (36.3)
 Yes 492 (55.1)
 Missing 5045
Disease characteristicsb,c  
 Location, n (%)  
  L1 ileal 913 (54.0)
  L2 colonic 199 (11.8)
  L3 ileocolonic 507 (30.0)
  L4 isolated upper diseased 73 (4.3)
  Missing 4246
 Behavior, n (%)  
  B1 nonstricturing, nonpenetrating: inflammatory 589 (48.8)
  B2 stricturing 356 (29.5)
  B3 penetrating 262 (21.7)
  Missing 4731

aAge at registered Crohn’s disease diagnosis.
bSubjects with missing values are not included in percentage calculations.
cBased on the Montreal Classification.
dL4 is a modifier that can be added to L1–L3 when concomitant upper gastro-
intestinal disease is present.
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and esophagogastroduodenoscopy were the most fre-
quent types of endoscopy procedures in 28.7% (n = 1705) 
and 11.3% (n = 673) of patients, respectively. A total of 
43.1% of patients (n  =  2558) underwent imaging pro-
cedures, including diagnostic radiography of abdomen 
(31.7%; n  =  1883), computed tomography of abdomen 
(18.0%; n  =  1068), and ultrasonography of abdomen 

(16.4%; n = 975). Surgical interventions were documented 
in 38.1% of patients (n = 2260). The most common sur-
geries during follow up were intestinal structure excision, 
colectomy, and gastrointestinal and digestive anastomosis.

Regarding pharmacological management of CD, this 
study focused on the use of biologics. These analyses 
were performed on the subpopulation of biologics-treated 
patients in our database (n = 443). Specifically, we selected 
patients undergoing treatment with a biologic during the 
last year of the study period (i.e., 2018) and analyzed their 
therapeutical history with biologics since baseline. This 
methodology allowed us to obtain high-quality data in 
terms of quantity, homogeneity, and recency. In addition, we 
anticipated that the probability of receiving a prescription 
for any biologic would increase with time since diagnosis. 
Figure S2, Supplemental digital content 1, http://links.lww.
com/EJGH/A730 and Table 4 display the sequencing pat-
terns and flow of treatment with biologics across treatment 
lines. About half of the patients (46.7%; n/n = 207/443) in 
the first line (1L) were treated with adalimumab, followed 
by infliximab (43.3%; n/n = 192/443). Similarly, the per-
centage of patients treated with adalimumab in the second 
line (2L) was maintained (45.8%; n/n = 65/142), but the 
proportion of patients treated with infliximab decreased to 
23.2% (n/n = 33/142). Most of the patients who switched 
treatment from adalimumab in the 1L changed to inflixi-
mab, and vice versa. Finally, time to treatment discontinu-
ation was also evaluated in this subpopulation of patients 
treated with biologics (Figure S1, Supplemental digital 
content 1, http://links.lww.com/EJGH/A730).

Predicting relapses in Crohn’s disease

As described above, one of the objectives of the study was 
to forecast whether a patient would suffer a relapse in a 

Table 2 Family history

 N (%)a

Crohn’s disease 401 (6.8)
Other medical conditions and diseases  
 Blood and lymphatic system disorders 87 (1.5)
 Cardiovascular disorders 421 (7.1)
  Disorder of cardiovascular system 151 (2.5)
  Myocardial infarction 76 (1.3)
  Structural disorder of heart 67 (1.1)
  Cerebrovascular disease 45 (0.8)
  Others 189 (3.2)
 Congenital, familial, and genetic disorders 31 (0.5)
 Ear and labyrinth disorders 12 (0.2)
 Endocrine disorders 339 (5.7)
  Diabetes mellitus 148 (2.5)
  Disorder of endocrine system 108 (1.8)
  Disorder of thyroid gland 63 (1.1)
  Others 79 (1.3)
 Eye disorders 69 (1.2)
 Gastrointestinal and hepatobiliary disorders 557 (9.4)
  Inflammatory disorder of digestive tract 136 (2.3)
  Disorder of lower gastrointestinal tract 97 (1.6)
  Colitis 75 (1.3)
  Viral hepatitis 54 (0.9)
  Disorder of rectum 34 (0.6)
  Others 293 (4.9)
 General disorders 22 (0.4)
 Immune system disorders 88 (1.5)
 Infections and infestations 82 (1.4)
 Injury, poisoning, and procedural complications 13 (0.2)
 Metabolism and nutrition disorders 130 (2.2)
  Disorder of lipoprotein and/or lipid metabolism 35 (0.6)
  Others 103 (1.7)
 Musculoskeletal and connective tissue disorders 183 (3.1)
 Neoplasms, benign (incl. cysts and polyps) 109 (1.8)
 Neoplasms, malignant (incl. cysts and polyps) 457 (7.7)
  Malignant tumor of breast 190 (3.2)
  Malignant neoplasm of intraabdominal organ 47 (0.8)
  Primary malignant neoplasm of colon 33 (0.6)
  Neoplastic disease 32 (0.5)
  Others 250 (4.2)
 Neoplasms, unspecified (incl. cysts and polyps) 757 (12.7)
  Malignant tumor of large intestine 251 (4.2)
  Neoplasm of large intestine 137 (2.3)
  Carcinoma of stomach 107 (1.8)
  Neoplasm of lung 96 (1.6)
  Neoplasm of breast 68 (1.1)
  Neoplasm of prostate 42 (0.7)
  Neoplasm of ovary 36 (0.6)
  Others 286 (4.8)
 Nervous system disorders 196 (3.3)
  Cerebral degeneration presenting primarily with dementia 41 (0.7)
  Others 158 (2.7)
 Pregnancy, puerperium, and perinatal conditions 37 (0.6)
 Psychiatric disorders 72 (1.2)
 Renal and urinary disorders 56 (0.9)
 Reproductive system and breast disorders 50 (0.8)
 Respiratory, thoracic, and mediastinal disorders 171 (2.9)
  Bronchial hyperreactivity/hyperresponsiveness 33 (0.6)
  Others 146 (2.5)
 Skin and subcutaneous tissue disorders 162 (2.7)
  Acquired disorder of keratinization 52 (0.9)
  Others 116 (2)
 Social circumstances 5 (0.1)
 Surgical and medical procedures 13 (0.2)

aPercentage based on the total number of patients. All medical terms were 
obtained from the standardized SNOMED CT glossary.

Table 3 Procedures and surgical interventions during follow up

 N (%)a

Endoscopy 2161 (36.4)
 Colonoscopy 1705 (28.7)
 Esophagogastroduodenoscopy 673 (11.3)
 Rectoscopy 112 (1.9)
 Rectosigmoidoscopy 72 (1.2)
 Missing 3777
Imaging 2558 (43.1)
 Diagnostic radiography of abdomen 1883 (31.7)
 CT of abdomen 1068 (18.0)
 Ultrasonography of abdomen 975 (16.4)
 CT of abdomen and pelvis 744 (12.5)
 MRI of abdomen 682 (11.5)
 Magnetic resonance enterography 598 (10.1)
 MRI of abdomen and pelvis 24 (0.4)
 Barium enema 18 (0.3)
 Missing 3380
Surgical interventions 2260 (38.1)
 Excision 1550 (26.1)
 Excision of intestinal structure 933 (15.7)
 Colectomy 585 (9.9)
 Gastrointestinal and digestive anastomosis 561 (9.4)
 Perianal region operations 122 (2.1)
 Colostomy 138 (2.3)
 Ileostomy operation 183 (3.1)
 Proctocolectomy 53 (0.9)
 Anal fistulectomy 32 (0.5)
 Small intestinal strictureplasty 9 (0.2)
 Missing 3678

CT, computed tomography.
aPercentage based on the total number of patients.

http://links.lww.com/EJGH/A730
http://links.lww.com/EJGH/A730
http://links.lww.com/EJGH/A730
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3-month period. The percentage of patients with docu-
mented relapses after baseline until the end of the study 
period was 23.5% (n = 1393). The predictive models were 
adjusted to the data of 5938 patients, 19% of which suf-
fered at least one relapse in the following 3 months from 
baseline. The number of variables that were included was 
over 25 000; the categories of variables included in the pre-
dictive models are shown in Table S1, Supplemental digital 
content 1, http://links.lww.com/EJGH/A730. The results of 
the predictive models are presented in Table 5. For all mod-
els tested, the false-positive and false-negative rates were 
approximately 50%, and accuracy was roughly 80%. As 
can be seen, the performance of the different ML models 

(logistic regression, decision trees, or random forests) was 
very similar. The relative importance for the variables in 
the random forest model can be found in Table 6, repre-
senting the 25 variables that were ranked as most impor-
tant by the algorithm (a full list in Table S2, Supplemental 
digital content 1, http://links.lww.com/EJGH/A730). Those 
with the highest relative importance are past relapses and 
patients’ age, as well as leukocyte, hemoglobin, and fibrin-
ogen levels. The clinical significance of the obtained metrics 
and selected variables is discussed below.

Discussion

Using NLP and ML to extract and analyze the clinical 
information captured in CD patients’ EHRs, our goals 
were to (1) describe clinical characteristics and current 
medical management with biologics of patients with CD 
and (2) generate a data-driven predictive model for the 
occurrence of relapses. Our results justify the use of this 
technology and data source to further explore the clinical 
features of CD, yet reflect some important caveats to over-
come in future research.

Though numerous studies use big data analytics to 
assess coded or structured EHRs from CD patients, few 
instances of NLP-driven approaches from free-text EHRs 
or machine learning-driven predictive models are found 
for CD [44]. Recently, NLP was used in a large cohort 
of CD patients to assess biologic use and surgery rates 
[33]. Several previous studies have used NLP to improve 
the identification and case definition of patients with 
inflammatory bowel disease, separating them efficiently as 
ulcerative colitis or CD [35,45]. ML has also produced 
predictive models for risk factors regarding CD-related 
surgery [46] or azathioprine nonadherence in Chinese 
CD patients [47]. However, to the best of our knowledge, 
our study is the first to assess the predictability of relapse 
occurrence in CD.

Our study included nearly 6000 patients; a sample size 
substantially larger than most studies in CD to date and in 
a dataset not described previously, namely, Spanish patients 
[48,49]. Notably, the clinical characteristics of patients 
with CD reported here were in line with results using tra-
ditional methods [48,49], validating the use of our tech-
nology. Here, disease behavior (phenotype) was defined 
mostly as an inflammatory disease (i.e., nonstricturing and 

Table 4 Biologics treatment by treatment line during the last year of 
the follow-up period

Line Treatment N = 443; N (%)a

1L (N = 443) Adalimumab 207 (46.7)
Infliximab 192 (43.3)
Vedolizumab 26 (5.9)
Ustekinumab 14 (3.2)
Certolizumab pegol 3 (0.7)
Natalizumab 1 (0.2)

2L (N = 142) Adalimumab 65 (45.8)
Infliximab 33 (23.2)
Ustekinumab 26 (18.3)
Vedolizumab 14 (9.8)
Certolizumab pegol 4 (2.8)
NAb 301

3L (N = 54) Ustekinumab 21 (38.8)
Vedolizumab 20 (37)
Infliximab 5 (9.3)
Adalimumab 4 (7.4)
Certolizumab pegol 4 (7.4)
NAb 389

4L (N = 22) Ustekinumab 11 (50)
Vedolizumab 8 (36.4)
Infliximab 2 (9.1)
Adalimumab 1 (4.5)
NAb 421

5L (N = 4) Vedolizumab 2 (50)
Ustekinumab 1 (25)
Certolizumab pegol 1 (25)
NAb 439

aPercentage based on the total number of biologics-treated patients during 
the selected window.
bNA = not available, representing either patients who (1) continued treatment 
with the same biologic until the end of the study period, (2) discontinued the 
treatment and did not receive any other biologic, or (3) information regarding 
biologic treatment was not available in the electronic health records.

Table 5 Predictive model for relapse risks at different timepoints

 Accuracy Confusion matrixa Precision Recall F-score AUC

Decision tree, 3 months 0.81 2191 281 0.50 0.50 0.50 0.84
  288 291     
Logistic regression, 3 months 0.82 2213 259 0.50 0.52 0.51 0.85
  287 292     
Random forest, 3 months 0.84 2295 177 0.46 0.60 0.52 0.88
  309 270     
Random forest, 6 months 0.84 2184 189 0.56 0.67 0.61 0.89
  301 377     
Random forest, 1 year 0.83 2089 186 0.59 0.71 0.65 0.90
  318 458     
Random forest, 2 years 0.83 1984 230 0.67 0.71 0.69 0.91
  275 562     

AUC, area under the curve.
aIn a confusion matrix, the rows reflect the number of positives (i.e., presence of relapse) and negatives (i.e., absence of relapse), whereas columns indicate the 
positives and negatives that were predicted by the model. The elements in the main diagonal show the elements that were correctly predicted; off-diagonal terms 
show the false negatives (element 2,1) and false positives (1,2). See Methods section for further details regarding the calculation of each performance metric. See 
Table S2, Supplemental digital content 1, http://links.lww.com/EJGH/A730 for the relative importance of the most relevant variables included in the predictive 
model.

http://links.lww.com/EJGH/A730
http://links.lww.com/EJGH/A730
http://links.lww.com/EJGH/A730


Copyright © 2021 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.

www.eurojgh.com  395CD: extracting information from EHRs using NLP Gomollón et al.

nonpenetrating disease) [48]. Regarding risk factors for 
CD, cigarette smoking is associated with CD onset, and 
postdiagnosis smoking leads to worse disease prognosis, 
as previously described [48,50,51]. In the present study, 
we found that only 30% of patients with CD were either 
nonsmokers or former smokers, though tobacco use infor-
mation was missing for 40% of patients.

Although CD diagnosis has been associated with family 
medical history, only about 15% of patients with CD have 
family members with the disease [52,53]. In our sample, of 
the patients with information about family history, about 
7% of patients had a documented family history of CD. 
Interestingly, we found a high incidence of gastrointesti-
nal tumors as well as other gastrointestinal disorders in 
patients’ family history, suggesting that they may repre-
sent a risk factor for developing CD.

Treatment with biologics represents an important 
advancement in the management of patients with CD [54]. 
Here, we were able to document the treatment, treatment 
switches, and time to discontinuation in biologics-treated 
CD patients during a controlled, short period of time, 
though future research should aim at identifying the rela-
tionship between effective disease management across 
treatment lines.

As stated above, surgery is fairly common among 
patients with CD [48]. Previous studies reported that the 
probability of surgical resection after 1, 5, and 10 years 
from diagnosis is 9-15%, 25-30%, and 34-52%, respec-
tively [48]. Nearly 70% of patients in our study were newly 
diagnosed within the 5-year study period. The remaining 
30% had a disease evolution of more than 5 years (i.e., 
they were diagnosed before study onset). Thus, our results 
fall within the expected ranges, as around 38% of patients 
experienced a surgical procedure from baseline to the end 
of the study.

One of the main goals of this study was to identify 
the demographic and clinical variables that predict the 
occurrence of CD-related relapses in a time window of 
3 months. Although critical to patient management [55], 
identifying risk factors that prelude CD-related complica-
tions or impact disease onset and evolution is still chal-
lenging [51]. Though we analyzed thousands of variables 
with our big data approach, the data captured in EHRs 
during routine clinical practice showed substantial miss-
ing information and inconsistencies that affected the clin-
ical impact of the results. Overall and across models, the 
metrics obtained revealed that relapses can be predicted 
with an accuracy of over 80%, but with a false-positive/
false-negative rate of around 50%.

Although the performance metrics of the predictive 
models were not optimal, some valuable insights were 
obtained regarding the relative importance of variables 
associated with CD relapses, namely age, past relapses 
and complications, and tobacco/substance abuse. In fact, 
a decision tree reflects the importance of cumulative 
relapses, obesity, imaging of abdomen or intake of bella-
donna and its derivatives in combination with analgesics 
in predicting a further relapse in a 3-month period (Figure 
S3, Supplemental digital content 1, http://links.lww.com/
EJGH/A730). The highest-ranked variables in the model 
also included medical history, past surgeries, and labora-
tory results (i.e., fecal and blood tests), as disease-related 
treatments. Furthermore, the model identified problems 
related to malabsorption, such as some types of anemia 
(treated with iron bivalent preparations) and fistuliza-
tion-related variables (e.g., urinary tract infection, genital 
infection, pain in male genitalia, and incontinence) as rele-
vant predictors. Our predictive model also identified some 
unexpected factors, including problems in the respiratory 
tract (identified by the variable respiratory infection). The 
involvement of respiratory infections in CD prognosis is 
especially intriguing given that pulmonary manifestations 
with unknown origin have been documented in intestinal 
inflammatory diseases such as CD [56].

Strengths and limitations

This study represents one of the first attempts to combine 
NLP and ML to explore the free-text, unstructured infor-
mation from EHRs in a large set of CD patients. NLP-based 
EHR studies allow for collection of large amounts of data, 
longitudinal access to patients’ information, and explora-
tion of unknown associations between clinical variables, 
which is not feasible with more traditional research meth-
ods. These advantages become especially relevant when 
studying complex diseases with low prevalence such as CD.

The results and conclusions of the present study should 
be interpreted in light of the following limitations. First, 
this study is based on the secondary use of data captured 
in patients’ records. Therefore, data quality depends on 
physicians’ criteria to jot down relevant patient informa-
tion. EHRs of patients diagnosed before the study period 
might lack crucial demographic or clinical information 
previously recorded on paper. Missing and inaccurate 
information may have also impacted some key variables, 
as well as the metrics and clinical relevance of the predic-
tive model for CD-related relapses. Second, unlike the a 
priori-designed data collection in classical trials, this was a 

Table 6 Relative importance of the 25 most relevant variables included 
in the predictive model for CD-related relapse

Variable
Relative 

importance

Cumulative past flare 0.358901
Age 0.029441
Difference between event value and basal value leukocytes 0.023361
Difference between event value and basal value hemoglobin 0.010256
Increment respect to maximum normal value fibrinogen 0.009158
Disposition events - Past admissions 0.008597
Montreal Scale 0.008082
Proton pump inhibitors - A02BC 0.007368
Substance use findings (habits) - TOBACCO USE 0.006733
Acetic acid derivatives and related substances - M01AB 0.006705
Belladonna and derivatives in combination with analgesics 

- A03DB
0.006624

Evaluation procedures - CT of chest and abdomen 0.005912
methylprednisolone - H02AB04 0.005684
ciprofloxacin - J01MA02 0.005551
prednisone - H02AB07 0.005274
Evaluation procedures - Source-specific culture 0.004973
Diagnostic procedures - Laboratory procedure 0.004925
Medical history - Infection due to Enterobacteriaceae 0.004657
Difference between event value and basal value CRP - 48 0.004641
Sex 0.004507
mesalazine -A07EC02 0.004463
Increment respect to maximum normal value leukocytes - 9 0.004463
Evaluation procedures - Imaging of abdomen 0.004428
Increment respect to maximum normal value CRP - 48 0.004324
Evaluation procedures - Blood gas measurement 0.004311

CD, Crohn’s disease; CRP, C-reactive protein.
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data-driven, retrospective study, meaning we reuse existing 
clinical information. Also, we found a significant degree 
of variability across patients’ EHRs regarding the quality 
and quantity of available information, especially tempo-
ral heterogeneity. Third, drug availability during the study 
period should be considered regarding exposure to biolog-
ics, that is, dates of drug approval during the study period 
and the resulting limitations on prescription policies by 
site. Lastly, the technology used to extract and analyze the 
data is still under development. Undoubtedly, future stud-
ies will benefit from rapid technological advancements 
in the NLP system used, and from simultaneous analyses 
of unstructured and structured sources of information, 
improving the predicting power of the models.

Conclusion

When applied to patients’ EHRs, NLP and ML hold great 
potential to offer valuable insights into CD. In the present 
study, we were able to identify well-known and novel clini-
cal characteristics in a large series of CD patients by exclu-
sively analyzing the unstructured, free text captured in 
physicians’ notes during routine clinical practice. CD is a 
very complex disease and predicting relapses or other com-
plications is highly challenging. Therefore, the risk factors 
identified in our predictive model, which are data-driven 
hypotheses, should be further explored and validated in 
controlled trials and in clinical settings. Clinical notes, as 
a data source, can provide key clinical information that is 
not found elsewhere - hence the importance of including 
full medical records in future studies to improve the qual-
ity of data analysis. Raising awareness among healthcare 
professionals on the importance of medical record com-
pleteness is crucial for improving patient care, conducting 
research, and managing healthcare resources [57–60].
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