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Abstract

General practice in the United Kingdom has been using electronic health records for over two decades, but coding clinical
information remains poor. Lack of interest and training are considerable barriers preventing code use levels improvement.
Tailored training could be the way forward, to break barriers in the uptake of coding; to do so it is paramount to understand
coding use of the particular clinicians, to recognise their needs. It should be possible to easily assess text quantity and quality
in medical consultations. A tool to measure these parameters, which could be used to tailor training needs and assess change,
is demonstrated. The tool is presented and a preliminary study using a randomised sample of five recent consultations from
thirteen different clinicians is used as an example. The tool, based on using a word processor and a spread-sheet, allowed
quantitative analysis among clinicians while word clouds permitted a qualitative comparison between coded and free text.
The average amount of free text per consultation was 68.2 words, (ranging from 25.4 and 130.2 among clinicians); an average
of 6% of the text was coded (ranging from O to 13%). Patterns among clinicians could be identified. Using Word cloud, a
different text use was demonstrated depending on its purpose. Some free text could be turned into code but nomenclature
probably prevented some of the codings, like the expression of time. This proof of concept demonstrated that it is possible
to calculate what percentage of consultations are coded and what codes are used. This allowed understanding clinicians’
preferences; training needs and gaps in nomenclature.

Keywords Clinical coding - Electronic health record - Family practice - General practice - Records - Systematized

Nomenclature of Medicine

health records do not have enough coded entries; this affects
the ability to run reports, to facilitate audit and research

1 Background

General practitioners (GPs) in the United Kingdom (UK) have
been fully computerized for over two decades [1]. There has
been a recent change towards a single coding terminology:
The “Systematized Nomenclature of Medicine—Clinical
Terms” (SNOMED-CT) from previously used languages
aiming to facilitate interoperability [2]. SNOMED-CT is
considered to be able to express over 90% of the information
entered in medical records as part of the Problem Lists [3],
but it will require clinicians to aim to code at these levels. It
is clear that “like all computer users, GPs are fundamentally
lazy and mildly computer-phobic” [4], furthermore they are
poor coders [5], and they lack the time and training they
consider needed for it [6]. As a consequence, Electronic
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activities; it can lead to biased results and affect health care.

Much research on coding has been done in hospitals,
where clinical coders are used, and considered to be
expensive, inefficient and prone to error [7]. In consequence
algorithms have been created to reduce costs and automatize
the process [8] but taking into account “No free lunch”
theorems [9] they cannot be the answer. As stated by Wolpert
“For any two learning algorithms A and B [...] there are
just as many situations (appropriately weighted) in which
algorithm A is superior to algorithm B as vice versa” [9].

Secondary sources of information can never be as good
as primary sources. It is to be considered also that codes
which are infrequent, misspellings and abbreviations —some
non-standard- are major limitations [10, 11]. Coding must be
embedded in clinical practice; it already happens in primary
care in the UK [12] but not enough [13]; code nomenclature
is not clearly understood, and time to input and training to
feel confident in their use are challenges [6].
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To improve clinical coding, to engage clinicians coding
their consultations it is paramount to understand how much
they are coding, what are they coding and what they are
not. To determine the level of coding done by particular
clinicians or organizations a reliable methodology is needed.
So questions like how much coding happens currently in
general practice? How much coding language is present
when related to non-coded language? How much is prevented
by the nomenclature itself? Or are there different purposes
identified for coded and free text? Can be answered.

The aim of this paper is to describe a simple assessment
tool and to do a preliminary study with a sample of
consultations to demonstrate its use and benefits.

2 Methods

A small sample of randomised consultations was envisaged
to test a method to answer the research questions. The
purpose was demonstrating how compiling consultation data
and manipulating it allowed carrying out quantitative and
qualitative analysis:

— To calculate the number of words of clinical coding
opposed to free text,

— To assess if entries made as free text could be coded
using SNOMED-CT.

— To determine most common words present in the
consultations, as coded and as free text.

The assessment tool was the use of current digital
capabilities (access to electronic records, a word processor
and a word cloud generator) to manually present data in a
way that would allow an analysis of the use of coded data
opposite to free text during consultations.

When considering the amount of text (free and coded)
that is present in a consultation, the word count needs to be
unbiased, mainly when expecting codes and abbreviations
to be present, and furthermore when grammatical errors are
likely to be recorded, affecting what a person could consider
a word. There is nevertheless a simple way to remove
this bias: Using a word processor. The software will not
interpret the content, but assess the word count following
its algorithms. For example, entering a measure of blood
pressure (BP) “BP 140/80” is two words while “BP 140 /
80” is four. A human is more likely to consider it as three
words in both scenarios.

It is possible from the clinical software to select any
consultation to be printed, with or without showing the
codes in use (SNOMED codes were selected to be shown),
automatically creating a word document whose content
could be saved and analysed. It will contain free text and
coded data (see Fig. 1). Multi-selecting sections, both types
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of entries can be separated, and counted. It is of note the
software names the different sections of the consultation,
and that there are transactions added automatically as code
(like prescriptions, sick notes and updates in the system).
These instances were not counted (in bold in Fig. 1), as the
user cannot opt for free text, neither there is code under
SNOMED-CT for drug names.

When considering free text present, it is possible then,
through clinical software tools, namely its code browser to
look for possible coding solutions, to assess their merit.

By selecting a small number of randomized consultations
for each clinician to be assessed, an emerging picture of their
coding style is expected, within a short time.

Equally, by using one of the available word cloud tools
(For this paper wordart.com was used) it was possible to
easily create graphical representations that “allows a viewer
to form a quick, intuitive sense” [14] of the consultation text.
Due to their nature, comparisons of two word clouds are
difficult, and even impossible for simultaneously assessing
four or more clouds [15]. The comparison was to be made
between the total coded and free text collected, to analyse if
different purposes could be identified.

For this exercise, the patient records of our organization
-which we open routinely for care provision- were assessed.
Thirteen general practitioners were identified among
principals, employed, locums and also from our hub (a
different organization that provides care for six practices,
including ours, during hours we are routinely closed).
Authors were excluded from the analysis.

3 Results

The aggregated findings of five consultations per general
practitioner were used to define consultation style based in
the average of free text and coding as well as where and how
in the notes the codes were entered. The exercise quantitative
findings are summarized in Table 1.

The average amount of free text per consultation was
68.2 words, ranging from 25.4 and 130.2 depending on
clinician. By contrast, the average amount of text in coded
format was 3.9 words, ranging from none to 9.6 words. In
consequence, among our patients’ electronic health records
only an average of 6% of text was coded, and ranged among
clinicians from 0 to 13%.

When the amount of individual codes was considered
it was worrying only 76 codes were used in the 65
consultations analysed, an average of 1.2 codes per
consultation; the average by GPs ranged from 0 to 2.

The most common codes were those related to diagnosis,
in average of 0.5, so one code for each two consultations,
followed by codes added in taking the history (average 0.3)
(See Fig. 2). Entries done directly, through templates or
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Fig. 1 GP consultation, as DD MMM YYYY HH:MM

GP3 consultation 1

extracted, and with separated

] History:
text and code for word counting

now back on prev.

cobstipation

Plan:

trial of SMA LF

seen with mum

looks well in self

gaining weight along own centile

lots of colick, wind, discomfort

on HV mum tried cmomfort milk - started refusing feeds and has
developed widespread rash

no atopy in family
has had some looser stool with comfort milk - usual tendency to

Examination: brigth and and alert

widespread eczema / dermatitis to abdomen, neck folds
no infective featrures

Abdomen examined - NAD (SNOMED:
Diagnosis: Eczema NOS (SNOMED:
cream all over,
discussed amounts and durations

seeing HV next week and check progress then

review sooner with concerns.

Oilatum cream (Thornton & Ross Ltd) - 150 gram - apply as needed
Hydrocortisone 1% cream - 30 gram - apply as directed

ETP FP10: Printed On dow dd mmm yyyy hh:mm By GP3

Summary Care Record Update

formula

163133003)
43116000)
steroid to very inflamed affected areas

seen with mum
looks well in self

DATA FREE TEXT 98 words

gaining weight along own centile

lots of colick, wind, discomfort

on HV mum tried cmomfort milk - started refusing feeds and has
developed widespread rash

now back on prev.
no atopy in family

formula

has had some looser stool with comfort milk - usual tendency to

cobstipation
brigth and and alert

widespread eczema / dermatitis to abdomen, neck folds

no infective featrures
steroid to very inflamed affected areas

cream all over,

discussed amounts and durations

trial of SMA LF

seeing HV next week and check progress then
review sooner with concerns.

Abdomen examined - NAD (SNOMED:
43116000)

Eczema NOS(SNOMED:

searching for the code itself was next, with an average of
0.2. As expected non numeric codes dominated (average 1
versus 0.2 for numeric codes).

A second aspect that could be observed was the amount
of text that could have been entered as clinical coding. It
was clear that Problems Lists were not commonly used
(2 entries among 65 consultations), while in 30 patients
diagnoses were coded. An unexpected finding was the fact
two clinicians (GP4 and GP10) did not enter any diagnostic
text (coded or not) in the section “Diagnosis”, furthermore
GP9 only used once “Diagnosis” to enter what should be

DATA CODED 6 words (Excluding SNOMED code)

163133003)

considered a plan (“Refer to hearing aid clinic’ (SNOMED:
183,853,009)). By contrast, GP11 entered a coded diagnosis
for each consultation, while GP5 and GP12 coded 4 of the
5 diagnoses entered.

Coding does not mean using nomenclature properly,
as shown in GP12-patient2 entry: ?”Chronic suppurative
otitis media” (SNOMED: 38,394,007); any report for any
purpose will not consider the diagnosis as suspected, but
as confirmed.

Differences on codes used for same issue were
also apparent, as “Cystitis” (SNOMED: 38,822,007),
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Fig.2 Average number of codes
in the different sections of
consultation

0.4

0.2

History codes

“Urinary tract infectious disease” (SNOMED:
68,566,005) and “Suspected UTI (Urinary tract
infection)” (SNOMED: 314,940,005) were used for three
different patients’ diagnoses. It is of note the parents
for these entries are also distinct, and in consequence
reporting on this matter could be also affected if not
carefully planned.

Coding nomenclature available for all data entered by free
text in other sections of the consultation was not assessed.
This paper is focused on the methodology, and examples
above sufficed to describe benefits of a fast assessment tool
showing code use and even possible shortcomings of the
nomenclature and software.

It should be expected that SNOMED-CT links among dif-
ferent codes, like a “Suspected” (SNOMED: 415,684,004)
added to a diagnosis to clarify the matter, would be handed
adequately by the clinical software but it is not the case.

Another matter explored was why there was not a
code for every diagnosis; considering the limitation
above described, it could explain eight diagnoses
entered as free text as they were all suspected, and
with no single code to express it, opposite to three
cases where a “Suspected COVID-19" (SNOMED:
1,240,761,000,000,102), “Suspected infectious disease”
(SNOMED: 473,130,003) or “Suspected mumps”
(SNOMED: 1,087,741,000,000,101)” could have
been used. In a further instance, there was no single
code available to indicate “convalescence from chest
infection”; finally the diagnosis for the free text “anaemia

Exam codes

Diagnoses codes

Plan/intervention codes
Problem codes

from regular venesection”, which could be perhaps
“iatrogenic anaemia” was neither available.

Finally, two word clouds were created, one based on
all free text collected (see Fig. 3), and the other from
all the words included in the codes used (see Fig. 4).
Numbers were excluded from the analysis. It is clear that
different concepts are in each cloud. Free text has as top
hit “Week”, a concept of time (linked to the duration of
symptoms), which is not possible to code in the current
nomenclature. Following it, the concepts of “pain”, a
common symptom that is possible to code easily, and
with multiple options available, and “left”, an indication
of lateralisation in most instances, and as well part of the
history section of the consultation. They are followed by
“Advise” and “See”, words indicating a plan of action. In
contrast, the coded top five words are “infection”, “Nos”
(indicating “Not Otherwise Specified”), “Respiratory”
and “tract”, words of a diagnosis, and “kg”, indicating
weight measurement (kilograms).

The individual use of these free-texts could then be
assessed based on clinicians. For example, regarding plans,
GPs tended to write a safety net for patients to return: GP1
preferred “See SOS”, GP3 used “See back” or “See sooner”
while GP4, GP6, GP8 and GP13 tended to use “Review”.
GP11 wrote a sentence beginning with “If” and detailing
action to take then. GP 12 favoured “Seek review” and “r.v.”.
All those entries could be recorded more quickly coded
with “Advice to return if problem persists or deteriorates”
(SNOMED: 927,621,000,000,101).
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Fig.3 Word cloud of free text, with list of most common words encountered

4 Discussion

The paper suggests a new approach, a new tool to assess
electronic health records content (quantity and quality of
coding). It is expected this novel approach should facilitate
focused training and eventually an improvement on coding
use, a necessity not just for clarity of records (although it
could do if abbreviations used by clinicians -like “r.v”’-
are changed to coded text) but more importantly for their
secondary purpose: auditing and research.

4.1 Summary

Assessing clinician style on using the clinical software could
help to tailor the training needs of different individuals and
it could ultimately increase the uptake of clinical coding in
an organization. The tool described has shown how a small
random sample of consultations could clearly differentiate
ways clinicians enter their notes in the electronic health records
(EHR), and also on their use of the coding nomenclature.
Studies tend to focus on attitudes of clinicians towards
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electronic health records (EHR) and clinical coding [6, 16-21]
as well as on training needs [6, 10, 17, 18, 22] but analysis of
the consultations themselves are needed, and for that a common
method of assessment is required. By comparing the amount
of text present in relation to the amount of code it should be
possible to evaluate changes happening as consequence of
additional training been provided for example.

A second aspect is to allow finding reasons for text to be
preferred instead of coding. SNOMED-CT could be able to
describe almost every diagnosis [3] but to do so at times the answer
is a top code with little clarity, like “Disorder of menstruation”
(SNOMED: 386,804,004); or not clearly separating a diagnosis
from a symptom, like “Hearing loss” (SNOMED: 151,880,001)
as it could be a temporary symptom or a long term condition.
Furthermore, clinical software restrictions prevent clinicians using
linked codes (“Suspected” (SNOMED: 415,684,004) added to
any diagnosis for example) and in consequence Problem Lists
get negatively affected. It seemed clinicians failed even to look
for those conditions were “suspected” formed part of a single
code (like “Suspected COVID-19” (1,240,761,000,000,102) and
written in free text instead (“Suspected COVID”).
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Fig.4 Word cloud of coded text, with list of most common words encountered

If steps are taking encouraging clinicians to use codes
(with additional training as needed), starting with diagnoses
and Problem Lists, progressing towards coded symptoms
and examination (improving nomenclature and software as
required) EHR will eventually benefit from the power of
informatics (To have alerts and other assisted diagnostic
tools, to have data quality that supports adequately research);
there is a need for clinical coding to be not just embedded in
practice but owned by clinicians.

The assessment tool described is simple, and the example
in a small organization, focused in diagnoses is limited, but
in the same way it is easily reproducible for larger institutions
and more thorough assessment of codes versus free text is also
possible. In these circumstances, it should be considered the
possibility of a “Plan, do, study and act” (PDSA) cycle, similar
to other PDSA processes used to improve clinical coding [23].

In the end, a major limitation to improve code use is the
software itself. When a clinician writes text and the software
suggests different codes replacing it only an adequate and
responsive natural language recognition would work. If the

clinician needs to access a code browser for every item to
be included in the record, the process can become a barrier
itself. As in the examples suggested above a conversation
among users could trigger sharing some appropriate
codes to replace free text, but their access needs to be
straightforward or risk getting forgotten. Furthermore, to
improve coding use, code suggestions to entered text could
follow a Whale Optimization Algorithm (WOA) [24] or a
Particle Swarm Optimization (PSO) [25] protocol, but these
software developments are beyond the aims of this paper.
To improve coding use, several actions are needed.
As mentioned above, the software could provide better
suggestions when free text was added, but it could also
facilitate review of entries already in place, and whether
creating word clouds or showing repeated free-text sections,
it would assist clinicians with training or even self-training.
Medical nomenclature is in itself a different language,
and clinicians need to be proficient in it, to express their
consultations in a way that is beneficial to others.
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4.2 Strengths and limitations

An easy and fast way of analysis of consultations is
possible using the technique described, it allows assessing
not only differences among clinicians, but even within the
organization as a whole, facilitating the finding of gaps on
nomenclature and its use.

The technique has its limitations. Although it can
provide a quick assessment, it is not exhaustive. It does
not provide information on the reasons behind the type of
text of preference found, nor is can link free text to possible
codes.

This analysis was done manually, and the amount of
manpower needed to run it in a larger organization could
be considerable. In consequence, its benefit could be
limited unless software allowing automated data mining
and processing is used, so the process is more efficient.

Considering the poor use of code among clinicians
[5] and that important information for clinical decision-
making is only recorded in free text [26], it is still a way
to reflect, and to monitor improvements. It is vital to
improving clinical coding accuracy, which is paramount
for audit, benchmarking and surveillance [27], and more
tools are needed to help in this purpose.

5 Conclusions

It is possible to quickly assess the amount of clinical
coding in electronic health records and to determine
patterns among clinicians using the described tools. It is
possible to target training and to assess progress in the use
of clinical coding by repeating the test. It is also possible
to find limitations from nomenclature and clinical software
to be addressed.

Clinical coding is poor and action is needed to improve it.
A pathway has been shown to facilitate the quantitative and
qualitative analysis of electronic health records, but from the
use of the tool, it has been suggested some software changes
that could make the process of scrutiny better.

The small sample used in this preliminary study is not
valid to conclude determinants in clinical coding in primary
care, but it shows a technique that could be used to target
training as well as to assess larger organisations on the way
clinical coding is used in a methodical approach.
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