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A B S T R A C T   

Objective: To evaluate the completeness of diagnosis recording in problem lists in a hospital electronic health 
record (EHR) system during the COVID-19 pandemic. 
Design: Retrospective chart review with manual review of free text electronic case notes. 
Setting: Major teaching hospital trust in London, one year after the launch of a comprehensive EHR system (Epic), 
during the first peak of the COVID-19 pandemic in the UK. 
Participants: 516 patients with suspected or confirmed COVID-19. 
Main outcome measures: Percentage of diagnoses already included in the structured problem list. 
Results: Prior to review, these patients had a combined total of 2841 diagnoses recorded in their EHR problem 
lists. 1722 additional diagnoses were identified, increasing the mean number of recorded problems per patient 
from 5.51 to 8.84. The overall percentage of diagnoses originally included in the problem list was 62.3% (2841 / 
4563, 95% confidence interval 60.8%, 63.7%). 
Conclusions: Diagnoses and other clinical information stored in a structured way in electronic health records is 
extremely useful for supporting clinical decisions, improving patient care and enabling better research. However, 
recording of medical diagnoses on the structured problem list for inpatients is incomplete, with almost 40% of 
important diagnoses mentioned only in the free text notes.   

1. Introduction 

The problem list is a feature of electronic health records (EHR) which 
provides a persistent summary of diagnoses and other health issues, in 
order to facilitate handovers and continuity of care [1,2]. Dr Lawrence 
Weed originally envisioned the problem list as an index, containing a 
“complete list of all the patient’s problems, including both clearly 
established diagnoses and all other unexplained findings that are not yet 
clear manifestations of a specific diagnosis, such as abnormal physical 
findings or symptoms” [3]. 

Recording information about diagnoses in a structured way can 
potentially enable decision support such as medication alerts, treatment 
suggestions and differential diagnoses [4]. Problem lists terms can be 
coded using a terminology system, such as SNOMED CT concepts [5], 
and used as valuable resource to support health research and informatics 
[6,7]. 

Previous studies of problem list completeness have based estimates 

on selections of high prevalence conditions, using other data in the EHR 
as a gold standard (Table 1). Improving the completeness of problem 
lists, and ensuring their accuracy, is critical to patient safety, medical 
education and clinical communication in the era of health digitalisation 
[8]. Methods that have been shown to increase problem list complete-
ness include problem orientated charting [9], problem list integration 
throughout the EHR [10], clinician alters [11], self-reporting of condi-
tions from patients [12–15] and automatic population of the problem 
list from other areas of the EHR [16] or via natural language processing 
(NLP) [17–20] (further information in Appendix). 

This study sought to assess the completeness of recoding of problem 
list entries during the COVID-19 pandemic, one year after the installa-
tion of a comprehensive EHR system (Epic, May 2019 edition) at UCLH 
(University College London Hospitals) Trust. Epic is a widely used EHR 
system internationally, with an estimated 29% market share in the US 
[21], and is currently live in 3 other NHS Trusts and being prepared for 
installation in at least 4 additional NHS Trusts. The EHR included a 
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structured data field for COVID-19 which was used consistently, but 
other information (such as diagnoses recorded in the problem list) were 
commonly recorded only as free-text electronic notes. Comprehensive 
retrospective chart review of this specific cohort of patients, and re-
covery of problem list data was required for EHR-derived COVID-19 
datasets (see Appendix) and to support research at the trust to evaluate 
prognostic models for COVID-19 [22]. 

The aim of our audit was to assess whether information on key di-
agnoses was included in the problem list or stored only as unstructured 
free text notes. 

2. Materials and methods 

2.1. Study type 

This is a retrospective EHR system-based chart review during the 
COVID-19 pandemic. 

2.2. Participants 

All inpatients with confirmed or clinically suspected COVID-19 
infection were identified by an EHR data warehouse search, with 516 
patients included based on the following criteria: 

2.3. Inclusion criteria 

Patients with a ‘suspected’ or ‘confirmed’ COVID-19 infection flag in 
the EHR prior to 2nd June 2020 were included in this case note review. 
The COVID-19 flag was set by the infectious diseases team, according to 
an overall clinical assessment including virology testing and the clinical 
picture. 

2.4. Exclusion criteria 

Patients were excluded if their hospital admission during the same 
period was unrelated to a suspected or confirmed COVID-19 infection. 

2.5. EHR system 

The EHR System deployed at UCLH, Epic (May 2019 version), 

includes electronic documentation, order communications, clinical 
workflow with decision support and knowledge management to develop 
an evidence-based care pathway. 

2.6. Data collection 

Medical students recruited to the EHR department, under close su-
pervision of the Trust Clinical Data Standards Lead/Advisor (LZ), un-
dertook an assessment of pre-specified data fields in each patient’s EHR 
in accordance with a clinically signed off Standard Operating Procedure 
(see Appendix). Primary data collection was undertaken in May 2020. 

Problems were considered ‘missing’ if there was evidence in the text 
notes that the patient had a medical condition (either a new diagnosis or 
past medical history) that was not included on the problem list, and it 
was important enough that it would be considered good practice to 
include it. Good practice was defined to include all on-going chronic 
medical conditions and major new diagnoses, particularly those that 
require ongoing treatment or monitoring, as per recent guidance on the 
use of problem lists [1]. Recommended practice at UCLH is for all pa-
tients to have an up-to-date and complete problem list, and this is 
incorporated into EHR system training for clinicians [23]. The judge-
ment on whether a medical condition should be included on the problem 
list was supervised by a consultant clinician with experience in problem 
list management (ADS) [1]. 

2.7. Statistical analysis 

An estimate of the problem list ‘data gap’ between all the clinically 
relevant problems which should be recorded in the problem list, and 
those that were actually recorded during the admission, was assessed 
using the EHR audit trail. 

Problems in UCLH EHR are entered using a proprietary terminology, 
which are mapped in the background to SNOMED CT and ICD-10. For 
ease of reporting categories of problems in this audit, problems were 
aggregated using ICD-10. Confidence intervals for proportions were 
calculated using the binomial distribution. Statistical analysis was car-
ried out using R, version 3.4.4 [24]. 

Table 1 
Estimates of problem list completion rates in the existing literature.  

Study Setting Condition(s) studied Method for comparison (‘gold 
standard’) 

EHR system used Percentage of 
diagnoses included 
in problem list 

Wang et al., 
2020 [25] 

383,404 patients in Partners 
Healthcare System, USA 

Asthma, Crohn’s disease, 
depression, diabetes, epilepsy, 
hypertension, schizophrenia, 
ulcerative colitis 

Algorithm based on ICD-10 
diagnoses and prescriptions 

Epic 72.9− 93.5% 
(unweighted mean 
85.5%) 

Wright et al., 
2015 [26] 

160,341 patients in 10 
healthcare organisations in 
USA, UK and Argentina 

Diabetes Haemoglobin A1c ⩾ 7.0% Mixture of EHR Systems: Epic 
(n = 3), Allscripts (n = 2), 
EMIS (n = 1) and self- 
developed EHR systems (n =
5) 

60.2− 99.4% 
(weighted mean 
78.2%) 

Wright et al., 
2011 [27] 

100,000 patients at a single 
hospital in USA 

17 medical conditions Associations with medication and 
laboratory results 

N/A 4.7− 76.2% 
(unweighted mean 
51.7%) 

Polubriaginof 
et al., 2016 
[15] 

1472 patients in a single 
hospital in USA 

59 medical conditions Self-reported past medical history 
using a tablet questionnaire 

N/A 54.2% 

Hoffman et al., 
2002 [28] 

148 patients attending a 
general medicine clinic at a 
university affiliated 
Veterans Affairs hospital 

9 diagnoses relevant to the 
choice of drug therapy for 
hypertension 

Sensitivity and specificity of 
diagnoses recorded in the problem 
list of electronic records, with 
medical charts as the standard for 
comparison 

VISTA (Veterans Health 
Information Systems and 
Technology Architecture) 

42–81% 
(unweighted mean 
62.4%) 

Current study 516 inpatients with COVID- 
19 in a London teaching 
hospital 

Any medical condition 
relevant to ongoing care 

Manual review of free text medical 
records 

Epic 62.3%  
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2.8. Patient and public involvement 

Patients were not directly involved in the design of this study. 
However patients are involved within a broader programme of work led 
by the senior author to improve recording of diagnoses and problems 
[23]. 

3. Results 

We reviewed the problem list of 516 inpatients with suspected or 
confirmed COVID-19. The patients included 336 men and 180 women, 
with median age 65 years (interquartile range 53, 78). The majority 
(290) were of White ethnicity, 72 were Black, 73 were South Asian, 58 
were of mixed or other ethnicity and 23 had no ethnicity recorded. Prior 
to review, these patients had a combined total of 2841 diagnoses 
recorded in their EHR problem lists. 1722 additional diagnoses were 
identified as free text in electronic patient notes and transcribed into the 
problem list, increasing the mean number of recorded problems per 
patient from 5.51 to 8.14. The overall percentage of diagnoses originally 
included in the problem list was 62.3% (2841 / 4563, 95% confidence 
interval (CI) 60.8%, 63.7%), with variation by disease area. Chronic 
obstructive pulmonary disease was included on the problem list in 
75.4% of patients with the condition (49 / 65, 95% CI 62.9%, 84.9%), 
and type 2 diabetes in 70.4% of cases (88 / 125, 95% CI 61.5%, 78.1%), 
but hypertension was recorded in only 53.8% of cases (127 / 236, 95% 
CI 47.2%, 60.3%), as shown in Fig. 1. 

By ICD-10 chapter, diagnoses in chapters XIX and XX (injuries, 
poisoning and external causes of morbidity) were most likely to be 
included on the problem list, followed by neoplasms in chapter II, as 
shown in Table 2. 

Note that the COVID-19 infection flag used to identify the cohort of 
patients for this project is separate to the problem list; thus there is more 
than one location where a formal COVID-19 diagnosis can be recorded in 
the EHR. Only 250 of the 516 patients (48.4%, 95% CI 44.1%, 52.9%) 
had a problem list entry for suspected or confirmed COVID-19 prior to 
review (some patients had more than one entry, hence there were 360 

COVID-19 related problem list entries in total). 

4. Discussion 

Overall, only 62.3% of diagnoses were recorded on the problem list 
for patients in this study, with considerable variation by condition. 
These estimates of problem list completion should be considered in the 
context in which the study was undertaken, such as the time since the 
EHR system launch (1 year), the EHR system employed (Epic) and 
associated EHR training, and the effects of the pandemic. The level of 
data incompleteness of problem lists in our study is similar to that from 
previous studies using electronic health records, despite differences in 
methodologies [15,25–28] (Table 1). 

Further study is warranted to understand the causes of variation with 
problem list completion by ICD-10 chapters. The desire amongst clini-
cians to avoid cluttering problem list [29], and the uncertainty sur-
rounding which specialities are responsible for updating and 
maintaining the problem list [30,31], may explain why certain acute 
presentations are less likely to be recorded on the problem list. 
Inter-rater agreement between clinicians as to what should, and what 
should not be added to the problem list is especially poor for secondary 
diagnoses and complications that have arisen from primary problem list 
terms [32–34]. In combination with other studies [25,27], we found that 
chronic conditions such as type 2 diabetes mellitus and asthma were 
more likely to be recorded on the problem list. 

Injury, poisoning and external causes of morbidity tend to directly 
cause an inpatient presentation and admission to hospital. Related 
problem list terms therefore may be more likely to be identified as the 
primary diagnosis and placed on the problem list. 

4.1. Bridging the gap 

Quality improvement initiatives aiming to improve the completeness 
of problem lists should consider a) the organisational and non- 
organisational factors at the individual healthcare trust b) inter- 
clinician agreement as to the role and scope of the problem list in 

Fig. 1. Proportion of diagnoses recorded on the problem list, aggregated at the ICD-10 block level, for conditions with at least 15 additional entries from manual 
review of electronic notes. 
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practice and c) factors behind successful problem list culture at other 
healthcare trusts 

4.1.1. Organisational and non-organisational factors 
Educational approaches are necessary for staff need to become aware 

of the aspects of the EHR that lie outside their day to day use of the 
system, as well as the value of structured data in health informatics [10]. 
At UCLH trust, there was no culture of structured data use prior to 
implementation of an EHR. We found that free text may became the 
established way of working with a new EHR, and this was difficult to 

shift later. We suggest that a parallel effort to support adoption of 
structured data approaches such as problem listing should exist along-
side technical EHR training, and ideally commence before EHR system 
implementation. 

One year after implementation, many of the secondary data returns 
from the Trust still rely on ICD-10 codes entered retrospectively by 
coding staff rather than diagnoses recorded in problem lists by clinicians 
at the point of care, as use of the problem list is not yet systemic and 
consistent. The EHR department has sought to close this gap from 
multiple angles, including the publication of problem list leader boards 
by department and the dissemination of tip sheets to standardise EHR 
practice. A competition within the Acute Medicine department in which 
the problem list statistics for each individual clinician was published 
resulted in a threefold increase in recording of problem list items over 
this period. 

Improvements to the user interface may also help to encourage cli-
nicians to record information in a structured way. UCLH is commencing 
a project funded by the National Institute of Health Research to develop 
natural language processing technology to convert diagnoses entered in 
text into coded terms in real time, enabling clinicians to validate the 
entries before they are committed to the record. 

4.1.2. The role and scope of the problem list 
Poor problem list practice can increase fragmentation of problems 

[8] and propagate inaccuracies [35–37] at the expense of disrupting the 
patient narrative [38]. Variability in problem list practice can diminish 
trust in the problem list as an objective source of clinical truth [34]. 

The key requirement of a problem list is that it should be useful for 
clinical care [30]. For example, the problem list term ‘childhood asthma’ 
is of relevance for a young healthy patient with no other past medical 
history, but of less importance for an elderly patient with several 
co-morbidities. Clinicians often find it useful to add free text comments 
to provide additional detail or a description of the problem, in order to 
supplement the coded term [39]. Pigeonholing problems as either 
‘active’ or ‘resolved’ also does not reflect the trajectory of health care 
problems [40]. 

These practices suggest a more successful problem list interface, 
which supports varied definitions of the role of the problem list and 
allows for individual clinician preferences, would be far less restrictive 
and more akin to Weed’s original conception of the problem list as an 
index. Recommendations from the literature include: the creation of a 
past medical history as a separate section within the problem list [39], 
clear guidelines as to when to undertake problem list review [30] and 
better means of avoiding data duplication in problem lists [41]. 

Structured data approaches such as problem listing, are only more 
efficient if there is a conscious and concerted effort to use the EHR 
system to its full capacity beyond electronic storage of notes. Structured 
data fields need to be used appropriately, as they are not necessarily the 
best option for all health data – the patient’s story and qualitative ob-
servations can be more faithfully recorded in free text, and excessive 
requirements for structured data may the system onerous to use and lead 
to poor quality or incomplete data [42]. 

Previous studies have identified a number of factors associated with 
improved problem list charting, including financial incentives, gap 
reporting, shared responsibility, usability, training, supportive policies 
and organisational culture [26,43]. 

4.2. Moving forward 

The trust now has a foothold using the Epic EHR effectively, but 
several key questions remain moving forward: Who has the re-
sponsibility for recording and maintaining information that persists 
between healthcare encounters? Who should review problem list data 
for accuracy? How can we identify and plug gaps in the problem list? 

Clinical coders and clinicians should seek to work closer in tandem 
during an inpatient hospital admission to create more accurate real-time 

Table 2 
Percentage of patients with diagnosis already recorded in problem list, by ICD- 
10 chapters. ICD-10 chapters with fewer than 10 entries were omitted.  

ICD-10 chapter Total number 
of entries (in 
problem list 
and free text) 

Number of 
entries 
already in 
problem list 

Percentage of 
diagnoses included 
in problem list 
(95% confidence 
interval) 

I Certain infectious and 
parasitic diseases 

153 83 54.2 (46.0, 62.3) 

II Neoplasms 198 149 75.3 (68.5, 81.0) 
III Diseases of the blood 

and blood-forming 
organs and certain 
disorders involving the 
immune mechanism 

74 47 63.5 (51.5, 74.2) 

IV Endocrine, nutritional 
and metabolic diseases 

386 231 59.8 (54.7, 64.7) 

V Mental and 
behavioural disorders 

189 123 65.1 (57.8, 71.8) 

VI Diseases of the 
nervous system 

129 84 65.1 (56.2, 73.2) 

VII Diseases of the eye 
and adnexa 

37 20 54.1 (37.1, 70.2) 

VIII Diseases of the ear 
and mastoid process 

13 8 61.5 (32.3, 84.9) 

IX Diseases of the 
circulatory system 

739 421 57.0 (53.3, 60.6) 

X Diseases of the 
respiratory system 

362 245 67.7 (62.6, 72.5) 

XI Diseases of the 
digestive system 

252 162 64.3 (58.0, 70.1) 

XII Diseases of the skin 
and subcutaneous 
tissue 

67 39 58.2 (45.5, 69.9) 

XIII Diseases of the 
musculoskeletal system 
and connective tissue 

217 142 65.4 (58.7, 71.7) 

XIV Diseases of the 
genitourinary system 

239 135 56.5 (49.9, 62.8) 

XVIII Symptoms, signs 
and abnormal clinical 
and laboratory 
findings, not elsewhere 
classified 

329 222 67.5 (62.1, 72.5) 

XIX Injury, poisoning and 
certain other 
consequences of 
external causes 

111 90 81.1 (72.3, 87.7) 

XX External causes of 
morbidity and 
mortality 

41 37 90.2 (76.9, 97.3) 

XXI Factors influencing 
health status and 
contact with health 
services 

379 225 59.4 (54.2, 64.3) 

*Suspected or confirmed 
COVID-19 

627 360 57.4 (53.4, 61.3)  

* Suspected and confirmed COVID-19, though not an ICD-10 chapter, is 
included in this table to demonstrate the contribution of these problem list terms 
to overall estimates of problem list completion. Some patients had more than 
one COVID-19 problem list entry, e.g. a general COVID-19 term and a term for a 
complication of COVID-19, hence the total number of entries (627) is greater 
than the number of patients in the study (516). 
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clinical data instead of retrospectively plugging ‘data gaps’ after the 
point of discharge. EHR systems have not rendered clinical coding 
obsolete. Rather, clinical coders could be utilised to flag missing clini-
cally relevant data of current inpatients, such as an incomplete problem 
list, for clinical review. Improved and automated interoperability with 
the GP record may reduce such a workload if certain data fields can be 
imported directly into the hospital EHR. Problem lists should be 
reviewed at key stages in the patient journey, such as on admission and 
discharge. When faced with the problem list of a discharged patient, a 
clinician-coder team should ask themselves both a) is this problem list 
accurate and complete? and b) what information is relevant now the 
patient has been discharged? The former is a more clear-cut question 
than the latter, which requires some level of standardisation to an 
inherently subjective issue. 

4.3. Future study 

This study focuses on one data field only (problem lists), and further 
study is needed to assess engagement and completeness for other 
structured data practices in EHR systems. Other areas of the EHR, such 
as social history, medication lists and family history can similarly suffer 
from incompleteness or inaccuracy. Though we have been able to 
accurately characterise problem list usage, and identified variation in 
problem list completion by ICD-10 chapter, we are only able to speculate 
as to the causes of incompleteness and variation. Thematic analysis, 
clinical surveys, and observations of problem list practice may help form 
a picture as to why these shortcomings occur. Further study is also 
warranted to assess if recommendations made by this study, such as the 
use of clinician-coder teams to regularly review problem lists at 
discharge, can be successful in practice. 

4.4. Limitations 

There is uncertainty amongst clinicians over exactly which set of 
conditions should ideally be included on a problem list, so the size of the 
discrepancy between free-text electronic notes and the problem list 
assessed in this study may partly depend on the judgement of the cli-
nicians involved. Our method for estimating the completion rates for 
problem list terms also rests on the assumption that all the patients in the 
cohort were clerked comprehensively, without omissions of relevant 
past medical history from their electronic health record. Organisational 
factors at UCLH and the NHS, as well as the EHR system used (Epic), will 
impact and limit the generalisability of the results. 

5. Conclusion 

Diagnoses and other clinical information stored in a structured way 

in electronic health records is extremely useful for supporting clinical 
decisions, improving patient care and enabling research. However, one 
year after implementation of a comprehensive electronic health record 
in a major teaching hospital, recording of medical history on the 
structured problem list for inpatients is incomplete, with almost 40% of 
important diagnoses mentioned only in the free text notes. 
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