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Background: Gilbert’s syndrome (GS) is a common genetic disorder marked by elevated bilirubin levels due to UGT1A1 enzyme 
deficiency. While jaundice and some adverse drug reactions are the primary recognised clinical features, individuals with GS 
frequently report non-specific symptoms like fatigue, brain fog, and abdominal pain. This study investigates the symptoms and 
diagnostic triggers of GS using UK primary care electronic health records.
Methods: We analysed data from the IQVIA Medical Research Database, covering over 11 million active UK patients. Individuals 
with a recorded GS diagnosis were identified and their sociodemographic profiles described. Using a nested case-control design, we 
applied machine learning-based feature selection to pinpoint key clinical features recorded up to five years before diagnosis. These 
features were then examined longitudinally by sex to distinguish persistent symptoms from short-term diagnostic triggers.
Results: The estimated UK prevalence of GS was 180.4 per 100,000 (95% CI: 174.4–186.6), with diagnoses more common in men, 
peaking around age 35, and more frequent in areas of least social deprivation. Among 9,240 GS cases and 150,846 controls, machine 
learning identified key diagnostic themes including jaundice, abnormal liver function tests, abdominal pain, fatigue, bowel changes, 
and sleep disturbances. While most of these features appeared primarily in the year prior to diagnosis, only abdominal pain and fatigue 
were consistently more common in GS cases up to five years before diagnosis.
Conclusion: Our findings highlight both expected and novel GS diagnostic triggers. While many features likely reflect known 
symptomology or incidental detection via routine testing, the persistent presence of fatigue and abdominal pain suggests they may be 
under-recognised symptoms of GS. These findings warrant further investigation, and the data-driven approach used here may help 
uncover early signs of other underdiagnosed genetic conditions.

Plain Language Summary: Gilbert’s syndrome is a common genetic condition causing higher levels of bilirubin in the blood due to 
a liver enzyme deficiency, leading to jaundice and certain adverse drug reactions. Many people with this syndrome also report other 
symptoms like fatigue, brain fog, and stomach pain. This study used health records from over 1.8 million UK patients to explore these 
symptoms and diagnostic triggers. While jaundice was a key diagnostic trigger, abdominal pain and fatigue were more common in 
people with Gilbert’s syndrome compared to control patients up to five years before diagnosis. The findings suggest that using large- 
scale health data could help us to better understand symptoms of common or rare genetic conditions that have a delayed diagnosis. 
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Introduction
Gilbert’s syndrome (GS) is a genetic liver disorder characterized by the body’s reduced ability to process bilirubin, a 
byproduct of red blood cell catabolism. The underlying causes in most human populations studied are functional variants 
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in the regulatory and coding regions of the UDP glucuronosyltransferase family 1 member A1 (UGT1A1) gene that 
reduce activity by 30–50%. UGT1A1 is the sole enzyme responsible for converting insoluble neurotoxic (unconjugated) 
bilirubin to soluble (conjugated) form for elimination, although variants in other enzymes may play a role in determining 
serum bilirubin levels.1,2 GS is typically diagnosed by exclusion through blood tests that detect elevated levels of 
unconjugated bilirubin, without haemolysis or structural liver damage.3 GS may become apparent after birth or in late 
teens and more commonly diagnosed in males than females.4 Known diagnostic triggers include infections, low-calorie 
diets, pregnancy, surgery and extreme exercise.5,6 However, diagnosis can often occur incidentally during unrelated 
medical visits that require blood testing. Genetic testing can be performed to confirm diagnosis.7

Typically, GS is considered to be clinically benign, with episodes of mild jaundice as the main recognised symptom 
(yellowing of skin, mucous membranes, and whites of eyes). However, for some people with GS, these episodes of 
jaundice can be frequent and prolonged (>19 days) leading to a reduced health-related quality of life.6 Recent 
investigations have expanded symptomatology, particularly regarding gallstone disease, dyspepsia (abdominal discomfort 
due to indigestion), and loss of appetite, in specific populations with a small to moderate number of clinically and 
genetically diagnosed individuals.6,8 The UGT1A1 enzyme is also responsible for eliminating certain drugs, and people 
with GS may be susceptible to serious adverse effects.4,9,10 For example, routine screening for UGT1A1 variants 
underlying GS is recommended in the United States prior to irinotecan chemotherapy to identify patients at risk of 
life-threatening toxicity.9 Furthermore, people with GS often co-inherit functional variants in other UGT1A isoforms 
expressed in the gastrointestinal system that are responsible for processing other exogenous and endogenous substances 
such as hormones.11,12

Large-scale explorative studies covering a range of GS symptoms in a broadly representative population of diagnosed 
individuals have been lacking. Such research could aid in earlier recognition of the condition, potentially reassuring 
patients with unexplained symptoms and optimising drug monitoring, especially for medications reliant on UGT1A1 for 
elimination. Recent studies in medical literature that aimed to predict disease-related events and/or reduce diagnostic 
time found use of machine learning feature selection techniques to improve classification performance.13–15 These 
approaches that recognise patterns from extensive patient data may be useful for symptom discovery, especially for 
underdiagnosed conditions regarded as asymptomatic, such as GS, where genetic testing is not routinely available.

The present study has two aims. First, to describe the sociodemographic factors associated with a GS diagnosis in UK 
using a large representative sample of electronic primary health care records. Second, to identify and differentiate sex- 
specific diagnostic triggers and symptoms of a GS diagnosis using a machine learning approach combined with a 
subsequent longitudinal analysis.

Materials and Methods
Study Design and Participants
We used the IQVIA Medical Research Database (IMRD), one of the UK’s largest longitudinal primary health care 
datasets. In the UK, primary care is the first point-of-contact for patients, and includes general practice (GP), pharmacy, 
and eye health, midwifery, and dental services. Like all public health care, it is offered for free by the National Health 
Service (NHS) to all “ordinarily resident” in the UK. Most of the UK population are registered with a GP, which records 
encoded and free-text patient and medical information collected during consultations as well as co-ordinate patient care 
across other primary and secondary care settings.16 The IMRD encompasses patient demographics, prescriptions, and 
symptoms and disease diagnosis recorded using Read codes for over 18 million patients across 797 practices. It contains 
anonymised electronic records derived from staff consultations at each practice and includes data from The Health 
Improvement Network (THIN) database, owned by Cegedim, which IQVIA accessed via a sublicense.

Recording of Diagnoses and Symptoms
The Read code system is extensively used in primary care settings across the UK, enabling general practitioners to record 
patient encounters, diagnoses, and treatments efficiently.17 Read codes are structured hierarchically; read left to right, they 
become increasingly specific with each subsequent character.18 We used the latest and last Read code Version 3, which 
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contains over 100,000 Read codes consisting of 7 characters. Cases were identified as individuals with the GS diagnostic Read 
code, “C374200”, using the method to create medical code lists for primary care case identification described elsewhere.19

The reasons for a patient receiving this diagnosis during consultation would be decided by the individual GP and is 
expected to be based on UK national diagnostic guidelines from the National Institute for Health Care and Excellence 
(NICE) as outlined in the introduction, which state typical raised serum bilirubin concentrations would not exceed 68–85 
micromol/L and that normally total bilirubin is less than 17 micromol/L.3 Bilirubin fractions or other potential factors 
that can increase total bilirubin are not always recorded in primary care. Hence, we do not explicitly use or evaluate 
patient serum bilirubin level or genetic confirmation, as GS genetic testing is uncommon in the UK, in this study to 
identify cases. Having previously investigated bilirubin levels for people diagnosed with GS in this data source, the 
objective of this study is to understand which GP recorded events precede the diagnostic Read code.20

Sociodemographic Patterns: Cohort 1
First, we aimed to establish how common GS is recorded in the primary care setting and describe prevalence by 
sociodemographic factors. Data from 1st January 1998 to 31st December 2018 were included for individuals currently 
alive and/or permanently registered at a practice contributing data to the database as of 16th January 2019. Each eligible 
individual entered the study at their registration date, post their practice’s acceptable mortality rate (AMR) and acceptable 
computer usage (ACU) dates, ensuring availability and acceptable quality of their full medical records.21 Exclusions 
were made for individuals with missing age and sex values, as well medical record events with missing medical codes or 
dates. Social deprivation was represented by a Townsend score, ie, quintiles of the Townsend deprivation index, which 
denotes 1 as least deprived and 5 as most deprived residential areas. Townsend scores closest to registration date were 
included for individuals with social deprivation information.22 Eligible individuals, born in any year, were followed-up 
from registration until the earliest of the study end date (31st December 2018), their practice’s last date of data, their 
transfer date, and their death date, and this time period is defined as follow-up length (Figure S1).

Cases could have a diagnosis at any point in their medical records before the study end date. Cases with multiple 
diagnosis events were assigned the earliest recorded GS diagnosis date.

Diagnostic Triggers and Symptoms: Cohort 2
For the study’s second objective on diagnostic triggers and symptoms, a case–control sample was created following the 
same inclusion criteria as the prevalence cohort with some adjustments: individuals exited the study at the earliest of their 
practice’s last date, transfer date, death date, the study end date (31st December 2018), or their 100th birthday. Patients 
registered for less than one year and cases lacking at least one year’s worth of data before diagnosis were excluded to 
ensure adequate follow-up. Cases were further excluded if their first diagnosis date fell outside the study period.

Cases were again identified using the GS diagnostic Read code, “C374200”, and were matched to controls in a 1:20 
ratio by age (year of birth), sex, GP practice, and diagnosis date using an incidence density sampling based method, 
matching without replacement.23 Controls were assigned the diagnosis date of their matched case (index date), ensuring 
that the date fell within the control’s follow-up period and occurred at least a year after their start date.

Electronic health care records (EHRs) from cases and matched controls within the five-year period leading up to the 
first diagnosis were collected, excluding records with missing event dates. To perform feature selection, records under
went transformation: i) retaining only the first occurrence of a medical code if multiple were present, ii) converting from 
long to binary wide format suitable for machine learning analysis. In this format, each row represents a patient, and each 
binary column indicates the presence or absence of a feature (a Read code), ensuring the independence assumption of 
regression by removing duplicate measurements.24 Subsequently, features not part of a curated set of relevant phenotypic 
features were excluded (see Supplementary). The sample was then stratified by sex.

To ensure high quality and non-prevalent symptom reporting in estimating feature incidence in the five years prior to 
diagnosis, each patient’s start time was updated and defined as the latest date among: six months after registration, the 
practice’s AMR and ACU dates, and 1–6 years before diagnosis.25 Individuals (cases and matched controls) with less 
than 6 months of records between the new start date and diagnosis (recorded or assigned) were excluded. To ensure child 
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patient data were included, individuals were not required to have at least five years of records. See Figure S2 that 
illustrates sample selection for an example individual.

Statistical Analysis
Cohort 1
GS period prevalence was estimated in Cohort 1 as the number of cases per 100,000 people between 1998 and 2018, 
inclusive, and stratified by age, sex, year, time in study, and social deprivation score. All rates were estimated with 95% 
Confidence Intervals assuming a Poisson distribution.

Age at first diagnosis was estimated in all 21,174 GS cases identified in the IMRD, stratified by sex and whether the 
first diagnosis occurred within the first year of GP registration, to account for potential misclassifications of past 
diagnoses as new incidents when patients switch GP practices.25

Cohort 2
Cross-validated Recursive Feature Elimination was used for feature selection to output a subset of the most important 
pathological and phenotypic Read code features (inputted at a four-character level, to balance complexity and descriptive 
power) recorded in the five years before GS diagnosis (see Supplementary for details). Importance was quantified using 
Random Forest Permutation Importance (RF-PI) with five-fold cross-validation and five permutations per fold, where the 
higher a feature’s PI value, the more important that feature is in enabling the model to correctly distinguish between cases 
and controls. Default hyperparameter values were used, except for the number of RF trees to build (n = 1,000), to 
maintain simplicity to allow replicability. Resulting important features were then investigated across both sexes, each 
defined with seven-character Read code lists which were created using the method mentioned previously.

Symptom frequency was determined and a chi-square test assessed differences in symptom occurrence between cases and 
controls in the matched sample.26 Symptom incidence, for each year in the 0–5 years prior to diagnosis, was estimated for cases 
and controls and presented as annual incidence rates (per person-year) with 95% confidence intervals assuming a Poisson 
distribution for each symptom.27 Incidence was calculated by dividing the total new symptom events by the sum of person-years 
contributed by all individuals in the sample for each year. Results were stratified by sex to observe differences in men and women. 
Time from first symptom presentation to first diagnosis of GS was estimated for all cases in the matched sample.

Analysis was conducted using Stata MP version 17, Python version 3.6 and 3.9.7.28,29,29,30

Results
Sociodemographic Patterns: Cohort 1
The cohort comprised 1,899,529 individuals with a median follow-up time of 12 (IQR 6–17) years (Table 1). In total, 
3,424 GS cases were identified, giving a clinically recognised prevalence of 180.4 per 100,000 people (95% CI: 174.4– 
186.6). The highest GS prevalence was observed in the 15+ years age band: 201.7 (194.8–208.7) per 100,000 people. 
Prevalence was nearly twice as high in men (237.4 (227.7–247.5)) than women (124.5 (117.5–131.8)) per 100,000 
people. Median age at first recorded diagnosis was 35 years (IQR 21–53) for men and 33 years (IQR 22–47) for women. 
Recorded diagnosis was almost twice as high in the least deprived Townsend quintile compared to those with the most 
deprived Townsend quintile (Table 2). See Figure S3 for histograms estimating age at first diagnosis.

Table 1 Summary of Cohort 1 Characteristics Before 
Prevalence Analysis*

Population size, N 1,899,529

Male, N (%) 944,337 (49.71)

Female, N (%) 944,337 (50.29)
Median follow-up length, years (IQR) 12.00 (6.31–16.91)

Notes: *During estimation of prevalence, exclusions of diagnosis events 
before each participant’s start and/or after end date may exclude parti
cipants from the cohort.
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Diagnostic Triggers and Symptoms: Cohort 2
The case sample included 6,152 (67%) males and 3,088 (33%) females, reflecting known GS prevalence by sex 
(Table 3).4 Feature selection across the matched cohort identified the following Read code themes associated with GS: 
jaundice, disorders of bilirubin metabolism (unspecified), abnormal liver function test, abdominal pain, nausea, fatigue, 
eyes (swollen, dry, red), urine (altered control), change in bowel movement, swallowing, sleep, depression. In both men 
and women, Read code features relating to jaundice were consistently found to be most important for determining GS 
case status in the five years prior to diagnosis (in decreasing order of importance): 1675 yellow/jaundiced colour, R024 
jaundice (not of newborn), 14C6 history of (H/O) jaundice, and C37X disorder of bilirubin metabolism, unspecified.

Table S1 displays the Read code lists created to identify patients with the symptoms identified by feature selection, 
and Table 4 displays the cross-sectional recording of these symptoms within five years of the index date for cases and 
controls. Overall, features such as abdominal pain, fatigue, jaundice, changes in bowel habits, bilirubin disorders and 

Table 2 Prevalence Estimates for Gilbert’s Syndrome. 
Prevalence Rates are per 100,000 People

GS Diagnosis Per 100,000 People

(95% CI)

Period prevalence

1998–2018 180.4 (174.4–186.6)

Sex

Male 237.4 (227.7–247.5)
Female 124.5 (117.5–131.8)

Age (years)

0–4 1.2 (0.3–3.1)

5–9 2.9 (1.4–5.2)
10–14 39.4 (33.1–46.6)

15+ 201.7 (194.8–208.7)

Time in study (years)

0–4 66.5 (62.9–70.4)

5–9 62.4 (58.5–66.4)

10–14 70.7 (65.7–75.9)
15+ 66.3 (60.3–72.8)

Year*

1998–1999 11.8 (7.5–17.5)

2000–2009 92.5 (87.0–98.3)
2010–2014 66.1 (62.3–70.1)

2015–2018 64.9 (61.3–68.6)

Townsend score quintile

(Least Deprived) 1 226.4 (211.9–241.6)
2 198.8 (185.3–213.1)

3 182.6 (170.0–195.9)

4 155.6 (143.2–168.7)
(Most Deprived) 5 120.3 (108.0–133.6)

Notes: *These intervals were chosen to ensure there were enough cases per 
interval for the results to be shown in accordance with the data licence.
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abnormal liver function tests were more frequent in cases than controls (p<0.00001). Jaundice appears in only 3% of 
cases and in less than 1% of controls. Depression was slightly lower in cases versus controls (8% vs 9%, p=0.00013). 
There was no association with swallowing difficulties or sleep disturbances. Disorders of bilirubin metabolism (unspe
cified), abnormal liver function test, and swallowing difficulties were 1% or less in all groups of individuals and were 
excluded from the longitudinal analyses due to low sample size.

The longitudinal analysis was used to look retrospectively at a five-year period before diagnosis and examine whether 
symptoms are persistently higher in GS cases versus their matched controls or only emerge close to the diagnosis date. 
All features increased in the year before GS diagnosis (Figure 1). Incidence rates for jaundice (the least common feature 
analysed) were slightly higher in cases between 3 and 5 years before diagnosis. Rates diverge gradually at 1–3 years 
before diagnosis when incidence in cases increased compared to controls. There was a higher incidence of eye (redness, 
dryness, infection, eyelid infection) symptoms in cases compared to controls (but estimates were imprecise due to low 
numbers).

Nausea, sleep disturbance and urine or bowel changes were broadly similar in cases and controls in time periods 
earlier than one year before the index date. However, abdominal pain and fatigue remain higher in GS cases than controls 

Table 3 Summary of Cohort 2 Characteristics

Total (with Any Follow-Back Data)

Case (n=9,240) Control (n=150,846)

Male, N (%) 6,152 (67%) 96,980 (64%)

Female, N (%) 3,088 (33%) 53,866 (36%)
Median age at diagnosis, years (IQR) 44 (29–60) 44 (29–60)

Median record length before diagnosis, years (IQR) 6 (3–11) 7 (4–11)

Table 4 Frequency of Symptoms in People with Clinically Recognised Gilbert’s Syndrome and Frequency-Matched Control Sample

Symptom Male Female All (Males and Females) P-value**

Case 
(n=6,152)

Control 
(n=96,980)

Case 
(n=3,088)

Control 
(n=53,866)

Case 
(n=9,240)

Control 
(n=150,846)

Abdominal pain 1151 (19%) 11,196 (12%) 784 (25%) 10,006 (19%) 1935 (21%) 21,203 (14%) < 0.00001

Fatigue 724 (12%) 5798 (6%) 677 (22%) 6780 (13%) 1401 (15%) 12,581 (8%) < 0.00001

Eyes (swollen, dry, red, infected eyes and 

eyelid)

586 (10%) 8560 (9%) 387 (13%) 6286 (12%) 973 (11%) 14,845 (10%) 0.031

Depression 388 (6%) 6612 (7%) 367 (12%) 7520 (14%) 755 (8%) 14,122 (9%) 0.00013

Nausea 321 (5%) 3724 (4%) 336 (11%) 4209 (8%) 657 (7%) 7934 (5%) < 0.00001

Urine (altered control) 336 (4%) 4166 (4%) 207 (7%) 2927 (5%) 543 (6%) 7089 (5%) < 0.00001

Sleep disturbances 193 (3%) 3296 (3%) 129 (4%) 2165 (4%) 322 (3%) 5461 (4%) 0.50

Jaundice 233 (4%) 108 (<1%) 89 (3%) 59 (<1%) 322 (3%) 166 (<1%) < 0.00001

Change in bowel habits 123 (2%) 1069 (1%) 60 (2%) 676 (1%) 183 (2%) 1742 (1%) < 0.00001

Swallowing difficulties 54 (<1%) 784 (<1%) 38 (1%) 417 (<1%) 92 (1%) 1202 (<1%) 0.38

Abnormal liver function test 77 (1%) 170 (<1%) 15 (<1%) 78 (<1%) 92 (1%) 250 (<1%) < 0.00001

Disorders of bilirubin metabolism 

(unspecified)

38 (<1%) - (<1%)* 13 (<1%) - (<1%)* 51 (<1%) - (<1%)* < 0.00001

Notes: *Counts are omitted if representing groups of less than 7 individuals (denoted with “-”). Symptoms are ordered by frequency. The last 3 conditions (shaded grey) 
were not included in further analysis. **Chi-square test.
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Figure 1 Continued.
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Figure 1 Continued.
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up to five years before the index date. Depression remained lower in GS cases than controls up to five years before the 
index date.

Except for jaundice, most features were more common in women, but sex did not appear to be a strong modifier in the 
relative trends in features leading up to the index date.

Discussion
Summary
We have shown that, relative to population estimates of between 2% and 10%, GS is rarely diagnosed in the UK primary 
care setting at just 0.18% of patients.31–33 Around half of people receive a first recorded diagnosis after the age of 34–35, 
and these tend to be men, and people living in the least deprived areas. Feature selection identified codes relating to 
bilirubin and jaundice as well as some non-specific symptoms such as nausea, fatigue, depression and abdominal pain. 
Most symptoms were higher in GS cases compared with controls except for depression, which was lower. By examining 
the first consultation of these symptoms up to five years before the index date, we found that fatigue and abdominal pain 
were the only features that were consistently higher in GS cases than controls during this period. Most other non-specific 
features were only present in the year before GS diagnosis and are likely triggers rather than true symptoms primarily 
caused by a UGT1A1 enzyme deficiency.

Comparison with Other Studies
The observed prevalence is lower than population estimates, but it is expected that prevalence in clinical databases will 
be lower than in the community as a number of people are undiagnosed or do not have a record in EHR, and because we 
only have data for the time that patients are registered with their GP rather than lifetime follow-up. GS is often clinically 
diagnosed incidentally and is considered benign; therefore, GPs may see little value in spending resources to make and 
record a diagnosis. GS prevalence is known to differ by population and vary by ethnicity, and GS is caused by different 
genetic variants of the UGT1A1 gene in different populations.34–39 Studies using genetic diagnosis rather than clinical 
diagnosis found prevalence is higher, which suggests that penetrance is low, ie, a larger proportion of people have the 
genetic makeup for GS than present symptoms that lead to diagnosis.40–42 Diseases with low penetrance will likely be 
underestimated if identified by clinical codes. For instance, the most similar and recent European study looking at 
associations between GS genetic confirmation and clinical diagnoses found only 3% of genetically confirmed European 
cases in the UK Biobank had a coded EHR diagnosis, however this population is not representative of the UK. 
Additionally, GS diagnostic thresholds for elevated serum bilirubin levels may vary between populations and studies, 
contributing to differences in reported prevalence.43 Where other GS studies, including the aforementioned UK Biobank 

Figure 1 Earliest incidence of jaundice*, eyes (swollen, dry, red), abdominal pain, nausea, fatigue, urine (altered control), change in bowel habits, sleep (difficulties), and 
depression symptoms (per 10,000 Person-Years, with 95% confidence intervals) at each year in the five-year period before Gilbert’s syndrome diagnosis split by case status 
for i) men (left) and ii) and women separately (right). *The 95% confidence intervals for jaundice symptoms are very small due to infrequency of these symptoms.
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study, look for outcomes cross-sectionally once diagnosis is known, our study also looks at non-specific symptoms 
longitudinally in the time leading to diagnosis in the largest sample to date.

The finding that almost twice as many men (0.24%) than women (0.12%) are diagnosed with GS is consistent with 
findings in literature of the high male-to-female ratio.32,33 This reflects the higher mean bilirubin levels in men and that 
women are less likely to meet the typical bilirubin threshold for diagnosis.

We found evidence suggesting abdominal pain and fatigue might be persistent symptoms of GS rather than simply 
diagnostic triggers. A longitudinal study of 100 GS adults identified fatigue and abdominal pain as substantially higher 
than in controls (p<0.0001) but the method of recruitment could have led to information bias.6 While robust recent 
studies on symptoms of GS to support our findings are lacking, there is a biological plausibility to higher rates of 
abdominal pain and fatigue. For example, red blood cell lifespan in people with GS is reported as 30% below 
undiagnosed controls and this mild haemolysis could cause symptoms of fatigue.44,45 There is also evidence from 
genetic studies that UGT1A1 deficiency can increase the risk of gallstones, which could increase primary care consulta
tions for abdominal pain.2,42 Establishing whether abdominal pain is a true symptom is important because in the UK the 
NICE diagnostic guidelines for GS suggest considering alternative diagnoses if symptoms of abdominal pain are 
present.3

Strengths and Limitations
This study is the largest and most recent study of features and potential symptoms presenting before a GS diagnosis. The 
data analysed are representative of the UK population and clinical practice, and therefore results can be extrapolated to 
refer to the wider UK population.46 The large sample size allowed to investigate trends of symptom occurrence over five 
years and monitor time from symptom occurrence to first diagnosis in a longer period using a contemporary population 
(with data collected up to the start of 2019). The longitudinal study design minimises recall bias, unlike similar studies 
that rely on retrospective self-reporting of symptoms, as using routinely collected EHRs reduces the risk of misclassi
fication or event omission and improves data reliability and validity. Use of machine learning (ML) and feature selection 
techniques that correctly identified important features of GS acts as a proof of concept for similar methods to be 
meaningfully applied to understanding the symptomology of other diseases in future studies without requiring complex 
knowledge or resources.

Future studies with increased computational power could use methods that account for correlation between 
features, which can influence ML feature importance values. Multiple consultations with the same symptom could 
reveal more information if kept in analysis, and analysis of co-occurrence of symptoms in relation to other 
symptoms, such as jaundice, may be useful. Further limitations include low sample sizes and selection bias. Even 
with a large dataset such as IMRD, we may have lacked power to investigate rare features. Depression was the only 
symptom that was clearly higher in controls than in cases (except in the year before diagnosis). This is probably due 
to a higher GS diagnosis rate in areas with less social deprivation (Townsend quintile 1) where people have lower 
rates of depression.47 Differences in social deprivation are unlikely to explain the higher rates of fatigue in GS as 
primary care consultations with fatigue symptoms are also more common in the most socially deprived areas.48 

Primary care consultations with chronic pain are also more common in socially deprived areas, although data 
specifically for abdominal pain by social deprivation are lacking.49 In this analysis, we used the date that a 
diagnostic code for GS was entered into the patient record. It is plausible some of the cases were aware of their 
diagnosis before GP recorded diagnosis, and this might have biased the results. Additionally, since we had access to 
a clinical database rather than a research database, use of clinical diagnosis without genetic confirmation may 
introduce misclassification, although it is very likely that those with a diagnosis are true cases due to our very 
specific case finding approach. Future studies may benefit from the analysis of ethnicity data as GS prevalence is 
known to vary between populations. This was an exploratory and descriptive study, and future work could approach 
questions around true symptoms within a causal framework and adjust for potential confounders such as ethnicity 
and social deprivation.
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Conclusion
Key Findings
Impact
Gilbert’s syndrome is one of the most prevalent but least understood genetic conditions in terms of clinical recognition 
and broader symptoms. The impact of this study is to better understand the condition by conducting one of the largest 
studies on features and symptoms presenting in the primary care setting to date. We found that GS is underdiagnosed or 
diagnosed in adulthood for most patients. By using longitudinal electronic health records, we could attempt to 
differentiate diagnostic triggers from potential non-specific symptoms. For example, nausea appears to be a diagnostic 
trigger that is only higher in GS cases than in controls up to a year before diagnosis, whereas abdominal pain and fatigue 
are more frequent than in controls up to five years before a diagnosis. Future work should examine causal relationships 
with these non-specific symptoms presenting to primary health care providers, results of which may impact future 
diagnostic guidelines and clinical decision-making. Advanced methods of risk modelling incorporating multiple con
sultations and symptom clusters could help identify potential GS cases for confirmatory genetic testing at an earlier age. 
In practice, this could not only reduce health care resources used to exclude serious liver disease but also identify patients 
that may have a reduced capacity to process commonly prescribed drugs, preventing potentially serious adverse reactions 
as well as reoccurrences of jaundice. As with all genetic diseases, quicker identification and management of the 
symptoms would also improve both the physical and mental health and wellbeing of patients with GS.

Highlights
● In the UK primary health care setting, most people with recognised Gilbert’s syndrome (GS) are diagnosed after 34 

years of age or never diagnosed.
● Clinical recognition of GS was higher for men and people living in the least socially deprived areas.
● Machine learning methods applied identified several features associated with a diagnosis. These included jaundice, disorders 

of bilirubin metabolism (unspecified), abnormal liver function test, abdominal pain, nausea, fatigue, eyes (swollen, dry, red), 
urine (altered control), change in bowel movement, swallowing difficulties, sleep disturbances and depression.

● All features were recorded at high levels in the year before diagnosis and appear to be diagnostic triggers.
● Only fatigue and abdominal pain remained higher in GS cases versus controls up to five years before diagnosis but 

might still represent true symptoms of the condition.

Ethics Statement
The NHS Health Research Authority has granted approval (NHS Research Ethics Committee reference 23/EM/0151) for the 
use of IQVIA Medical Research Data in medical and public health research. This approval also includes sharing the data with 
external researchers for scientifically approved studies under Data Sharing Agreements. The present study was approved by 
IQVIA Medical Research Data Scientific Review Committee in November 2021 (protocol number: 21SRC034). Data are 
collected by IQVIA Medical Research Data in line with the requirements of applicable data protection law. Patients have the 
right to opt out of their data being used for purposes beyond their personal care and treatment. They are informed through 
posters in their GP practice that their data are collected for scientific research, and they can opt out at any time by contacting 
their GP practice. Alternatively, patients can opt out of data sharing directly via the National Data Opt-out Policy service. Any 
patients who have opted out from THIN or the IQVIA Medical Research Extraction Scheme will no longer be included in the 
data extracts from that point forward. IMRD incorporates data from THIN (previously The Health Improvement Network), a 
Cegedim Ltd. Database. Reference made to IMRD is intended to be descriptive of the data asset licensed by IQVIA. This work 
uses de-identified data provided by patients as a part of their routine primary care.

Impact and Implications
This is the largest study into Gilbert’s syndrome (GS) symptoms in a European setting, using real-world data from over 9,000 
cases identified in a representative UK dataset. We found evidence supporting fatigue and abdominal pain as biologically 
plausible symptoms that require further investigation in terms of causality and impact on quality of life for people with GS.
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Relatively simple machine learning methods could be used to identify features of other genetic disorders, which could 
help characterise symptomology and reduce diagnostic delays.
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