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Health conditions such as autism do not remit (i.e., some symptoms always persist). If a patient with one of
those conditions is treated as an in-patient then the hospital health record for that admission should contain
a relevant diagnosis code (i.e., the diagnosis should ‘persist’), irrespective of the reason for admission (e.g.,
cancer). However, for years the UK’s National Health Service has been concerned that diagnostic persistence
is poor for non-remitting conditions. This paper describes an investigation of diagnostic persistence for autism
that used a dataset containing 25,152 hospital episodes from 6383 autism patients who were treated in 224
hospitals. Machine learning models were not accurate for predicting when autism diagnoses would be ‘lost’,
but did indicate that the number of diagnoses, the primary diagnosis and hospital were the most important
features. Those features provided a starting-point for a visual analytic investigation that uncovered seven
patterns characterizing when autism diagnoses become lost. One pattern applied nationwide (99.6% of autism
diagnoses were lost with an R69 primary diagnosis). Half of the lost diagnoses occurred when patients were
admitted frequently (every 7 days or less, on average), and that included patients who had repeated treatment
for a D61 primary diagnosis. A common theme in other primary diagnosis patterns was that autism diagnoses
were always (or almost always) lost in some hospitals, but always or mostly persisted in other hospitals.
That provides an opportunity to learn from pockets of good clinical coding practice and significantly improve
persistence for autism diagnoses.

1 INTRODUCTION

Electronic health records (EHRs) are digital versions
of patients’ medical records. One of the main EHR
datasets that is collected by National Health Service
(NHS) hospitals in England is called Admitted Patient
Care (APC) data. APC data is used for service plan-
ning, calculating payments to hospitals, providing
general management information and secondary re-
search (Herbert et al., 2017). APC data is stored cen-
trally by NHS Digital, which uses a well-established
lifecycle to perform hundreds of correction and vali-
dation rules on the data that hospitals collect and pro-
vide feedback about any data quality issues that occur.
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Health conditions such as autism, dementia, di-
abetes, ischemic heart disease, Parkinson’s disease
and schizophrenia do not remit. Therefore, if a pa-
tient has been diagnosed with one of those diseases
then a relevant International Classification of Dis-
eases (ICD) code should always appear (“persist”) in
subsequent APC data records, even if the patient is
being treated for something else (e.g., cancer). How-
ever, for years the NHS has been concerned that di-
agnostic persistence is poor, with an average of 40%
of episodes missing those diagnoses for non-remitting
conditions (NHS-Digital, 2018a). NHS Digital asked
us to investigate this because the reasons are not
known.

The volume of data that is involved in each of
those conditions is modest by modern standards. Half
a million different patients are admitted to English
hospitals each year for the most common conditions
(diabetes and heart disease) though fewer patients for



the other non-remitting conditions. Analysis of that
data is challenging because of its complexity, which
includes the large number of variables, inevitable dif-
ferences between the 200+ hospitals that provide in-
patient treatment in England and a host of other fac-
tors (e.g., see (Hardy et al., 2022). However, that is
also the type of complexity for which visual analytics
is well-suited.

In this paper we focus on one non-remitting con-
dition (autism). The investigation was performed in
Jupyter notebooks, because that matches the type of
environment that is typically used by NHS analysts
and so would simplify future adoption of our ap-
proach. APC data includes both numerical variables
(e.g., a patient’s age, the deprivation index for where
they live and the number of medical conditions they
have) and categorical variables (e.g., method of ad-
mission, hospital and primary diagnosis). Those cate-
gorical variables were hypothesized to be important
in diagnostic persistence patterns, which suggested
that a good approach could be to treat the data as
set-based (e.g., hospitals and diagnoses would each
be sets, and combinations of hospitals and diagnoses
would be set intersections). Our main contributions
are: (1) Identifying seven patterns that characterize
the circumstances under which the autism diagnoses
had been lost, and (2) Describing the method we used
to perform the investigation. In future work we plan
to refine the method by applying it to the other non-
remitting conditions.

2 RELATED WORK

The present research investigated diagnostic persis-
tence (a data quality issue) in an EHR dataset that
records information about patients who were admit-
ted to hospital. This section is divided into parts that
briefly review previous research that used APC data,
and then previous research into the visualization of
EHRs and data quality visualization in general.

2.1 Research Using APC Data

As well as being used for planning, payments and
general management information in hospitals, APC
data is used as an important data source for re-
search (Herbert et al., 2017). Recent examples in-
clude critical care use by dementia patients (Yorganci
et al., 2023), acute heart failure outcomes (Cannata
et al., 2025), admissions trends for learning disability
and autism patients (Zylbersztejn et al., 2023).

There has also been a considerable body of re-
search into aspects of data quality in the health do-

main (Lewis et al., 2023), including some specifically
about APC data. A key finding of one study was the
coding differences between hospitals for a particular
type of unit (neurosurgery) (Wahba et al., 2023) and
another investigated limitations of linking APC and
educational datasets (Libuy et al., 2021). Two oth-
ers have direct relevance to the present research. The
first showed how heatmap visualizations of missing
values revealed rare and widespread data quality is-
sues that were previously unknown, and ranged from
issues that could affect hospital payments to a data
preparation error that meant that the researchers could
not perform some of the survival analysis that they
had planned (Ruddle et al., 2022). The second used
random forest models to investigated diagnostic per-
sistence between hospital spells for autism, diabetes
and Parkinson’s patients (Hardy et al., 2022). The
model predicted that diagnoses were more likely to
be present if a patient was treated in the same hospi-
tal as before and when less time had elapsed since the
first spell with a diagnosis.

2.2 EHR Visualization

The 30 year history of research into visualization
techniques for EHRs is superbly summarized in a
state-of-the-art report (Wang and Laramee, 2022).
The 51 main papers that were included in the re-
port’s review span applications in a very wide range
of medical disciplines, from dementia, diabetes and
heart disease (three of the conditions that do not re-
mit), to others such as cancer, intensive care and pub-
lic health. Also of note is the breadth of visualization
techniques that the report identified as being used in
EHR visualization. The most widely used techniques
were bar, line and pie charts (grouped together un-
der the term “standard 2D displays”). One or more of
those and six other common visualization techniques
(area chart, boxplot, heatmap, histogram, choropleth
map and scatterplot) were used in 36 of the papers,
demonstrating their utility.

While the report did not consider data quality as
its own application area, data quality was highlighted
as one of three major data challenges in healthcare.
The report also noted the “significant amount of time
and effort” that is spent verifying whether data is suit-
able for a research.

The life sciences is the most common application
domain for set visualization techniques, particularly
using implementations of UpSetPlot (Conway et al.,
2017; Lex et al., 2014; Nothman, 2022). Examples in-
clude visualizing genomic variation (Lex et al., 2014;
Conway et al., 2017), biomarkers and genes (Conway
et al., 2017; Kalucka et al., 2020; Li et al., 2022), a



smell identification test for screening Parkinson’s pa-
tients (Landolfi et al., 2022) and the staffing of pe-
diatric palliative care (Rogers et al., 2021). However,
the only prior application of set visualization to EHRs
that we are aware of was to investigate missing val-
ues (Adnan et al., 2019; Ruddle et al., 2022).

2.3 Data Quality Visualization

Three of the main high-level types of data quality is-
sue are accuracy, completeness and consistency (In-
stitute, 2008). Lost diagnoses are a consistency is-
sue, because they arise when one of a patient’s APC
episodes contains a non-remitting diagnosis that is
missing in subsequent episodes. With some paral-
lels to the state-of-the-art report (Wang and Laramee,
2022), data analysts working in 10 industry sectors
reported in interviews that they used a variety of vi-
sualization techniques to investigate accuracy, com-
pleteness and consistency (Ruddle et al., 2023). For
consistency, the analysts used bar, line and pie charts
to check pairs of variables (e.g., the number of pa-
tients in different categories or over time). When 166
Masters students were given a practical assignment in
which they had to identify and illustrate data quality
issues, they also used a variety of visualization tech-
niques (Ruddle, 2023). To visualize inconsistencies
in the data, the students mainly used bar charts, line
charts and scatter plots (e.g., to show inconsistencies
between a car parking fine, the total paid and the bal-
ance remaining). However, twice as often they illus-
trated consistency issues by showing example data ex-
tracts rather than using visualizations.

Diagnostic persistence is a consistency issue,
which occurs when some of a patient’s records con-
tain a diagnosis for a non-remitting condition (e.g.,
autism) but other subsequent records do not. In gen-
eral, it is more difficult to visualize consistency than
accuracy or completeness, because consistency usu-
ally involves more variables and/or more complex re-
lationships. Our observation from those analyst and
student assignment studies (Ruddle et al., 2023; Rud-
dle, 2023) is that visualizations of data inconsistency
were most effective when a single simple visualiza-
tion was used (e.g., showing new, derived variables)
or a story was told with a few such visualizations.

Understanding when and how to simplify data,
or being able to create a story (whether that is in
an interactive tool or a notebook’s workflow), is part
of the skill set of good data analysts and visualiza-
tion experts. Once the variables for each visualiza-
tion are known then it is straightforward to select a
suitable technique because the choice is constrained
by well-known rules that map data types to chart
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Figure 1: A heatmap (left) and UpSetPlot (right) showing
the number of times people bought different combinations
of product from a shop as set intersections.

types (Mackinley et al., 2007; Wongsuphasawat et al.,
2015).

Drawing on data quality exemplars, histograms,
box plots and violin plots all have advantages for
some types of numerical distribution, bar charts may
be used to show any scalar against a discrete reference
(e.g., the number of missing values for several vari-
ables or value counts for one variable), line and area
charts are suitable for the same role if the reference is
continuous, and heatmaps show a scalar against a pair
of discrete references (e.g., value counts for values of
pairs of variables) (Arbesser et al., 2016; Gschwandt-
ner et al., 2014; Kandel et al., 2012; Ruddle and Hall,
2019).

Set-based data adheres to the same rules. The
cardinality (i.e., count) of a set is a scalar, so it is
typically visualized with a bar chart (Conway et al.,
2017; Ruddle et al., 2024). Heatmaps (Ruddle et al.,
2022) or UpSetPlots (Conway et al., 2017) are suit-
able for visualizing set intersections (see Figure 1).
Both types of visualization have advantages, with the
heatmap showing the make-up and counts of the in-
tersections in a single chart, whereas an UpSetPlot
uses two charts to show the same information (the
matrix and the bar chart) but the bar lengths show the
counts in a way that is perceptually more precise than
a heatmap’s use of color.

3 CASE STUDY

We had access to an anonymized APC dataset, which
contained a whole year’s episodes (20 million) from
English hospitals. The following sections describe
the autism data extract that the case study used, and
then the analysis which is subdivided into sections to
match the four rows of the flow chart that is shown in
Figure 2.
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Figure 2: The approach that was used, showing the set-based visualizations (purple boxes) and the steps that led to the

discovery of each of the seven lost autism diagnosis patterns.

3.1 Dataset

In APC data there is one record for each episode of
patient care, and a new episode starts each time that a
patient is admitted to a hospital or moves to the care of
another consultant (NHS-Digital, 2018b). APC data
is provided as a single data table, which contains hun-
dreds of columns that cover patient demographics, di-
agnoses and operations, and the organizations that are
involved.

APC data includes 20 columns for diagnoses, with
each column either containing an ICD code or being
empty. The first of those columns is the primary diag-
nosis, which should always be present, and the other
19 columns are secondary diagnoses (Herbert et al.,
2017). The ICD codes that are recorded should re-
flect the information that a clinician has documented
about a patient during a specific admission. There-
fore, a key reason for autism diagnoses being missing
may be the absence of information about autism in the
clinical notes for a given episode.

Episodes for autism patients were extracted as fol-
lows. First, we identified the patients who had an
autism diagnosis (F840 and F841 ICD codes) in any
of their episodes. Then we extracted all of those
patients’ episodes, added a new variable (PERSIST,
with values of “present” or “lost”) to indicate whether
each episode contained an autism diagnosis, sorted
the patients’ episodes into date order, and removed
any episodes that occurred before the first autism di-
agnosis. If there was only one episode left for a pa-
tient then that was removed, so for all of the remaining
patients there were at least two episodes, the first of
which always contained an autism diagnosis.

The resulting dataset contained 59 columns (see

Appendix). There were 25,152 episodes for 6383 pa-
tients, including 6654 “lost” episodes from 2524 pa-
tients. There were from 1-19 ICD diagnosis codes
in each episode, 893 different primary diagnoses
(DIAG_3.01), 218 different hospitals (PROCODE3)
and 119 treatment specialties (TRETSPEF).

3.2 Analysis

Prior to the present research we used machine learn-
ing to try to investigate diagnostic persistence with
the same dataset. Random forest and decision tree
models were both very inaccurate. A LightGBM
model (Ke et al., 2017) was somewhat better than
the others but still missclassified 30% of the lost di-
agnosis episodes, perhaps due to having to use one-
hot encoding to handle categorical variables such as
DIAG_3_01 and PROCODES3 that had hundreds of
levels. However, the model did indicate that the num-
ber of diagnoses, the primary diagnosis and hospital
were the most important features (see Figure 3).

The rest of this section describes how we used vi-
sual analytics to explore the data and find patterns that
characterize when diagnoses do not persist. The com-
putational aspects of our approach involved on-the-
fly wrangling of additional data frames, various types
of descriptive statistics, slicing & dicing the data and
performing set-based calculations (degree, exclusive
set intersections, etc.) to provide input for different
visualizations. Compared with ordinary data filter-
ing, the advantage of our set-based approach was its
capability to reduce dozens of variables into simple-
looking heatmaps, and reveal patterns that would oth-
erwise have been hidden in noise. Most of the visu-
alizations were created using SetVis, which is much
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where the first is the primary diagnosis (DIAG_3_01) and
2-19 are secondary diagnoses.

more memory-efficient that other set visualization
software (Ruddle et al., 2024).

3.2.1 Nationwide Pattern

Consistent with the feature importance insight, SetVis
showed that the number of diagnosis codes depended
on the value of PERSIST. Autism episodes most of-
ten contained 3 or 4 ICD codes. However, episodes
that had lost the autism diagnosis often only contained
a primary diagnosis by itself or with one other non-
autism code (see Figure 4).

That led us to filter the data to investigate PER-
SIST=lost episodes that only had a primary diagno-
sis. A SetVis value bar chart showed that R69 (the
ICD code for “Unknown and unspecified causes of
morbidity””) occurred almost 10 times more often than
any other primary diagnosis (see Figure 5). The other
246 primary diagnoses occurred in 1-50 episodes.
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Figure 5: The number of episodes that occurred for each pri-
mary diagnosis (DIAG_3_01), in records that did not contain
any secondary diagnoses. For confidentiality, the primary
diagnoses are not labeled on the X axis. However, the spike
at the right-hand side is for the R69 code.
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Figure 6: A heatmap for R69 primary diagnoses, showing
the number of episodes that occurred for each combination
of DIAG_COUNT and autism lost vs. present.

Clearly R69 was unusual. After selecting only the
episodes for that primary diagnosis, a SetVis heatmap
showed that all but two of the 462 episodes were
PERSIST=lost and only three episodes contained sec-
ondary diagnoses (see Figure 6). Additional calcu-
lations showed that the R69 episodes took place in
68 different hospitals (the PROCODEZ3 variable). In
other words, a nationwide pattern was that hospitals
do not record autism for an R69 primary diagnosis. A
domain expert with many years of NHS clinical cod-
ing experience was surprised that there were any R69
codes, particularly in the absence of any secondary
diagnoses, because that indicated that an episode was
effectively uncoded.

3.2.2 Groups of Lost and Present Diagnoses

Value count calculations showed that PERSIST=lost
did not dominate for any other primary diagnoses.
However, D61 (“Other aplastic anemias and other
bone marrow failure syndromes”) stood out as being
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balanced (41 out of 99 episodes had lost the autism
diagnosis).

We selected all 41 of the lost episodes with a
D61 primary diagnosis. Then, lacking other ideas,
we cast the net wide and visualized intersections for
all 21 of the variables that contained more than one
unique value for those episodes (NB: admission and
episode dates and duration were omitted because they
were certain to change from between episodes). A
sorted SetVis heat map revealed a group of intersec-
tions (see Figure 7) that always contained the patient
with the most D61 episodes and 16 other sets (i.e.,
specific values of 16 variables, including the hospi-
tal). That homogeneity was unexpected, but was a
breakthrough insight because it indicated that groups
of PERSIST=lost episodes occur for specific patients
who were admitted multiple times into a single hospi-
tal.

After filtering the data to only include that patient
and the hospital where they were primarily treated,
a heatmap for PERSIST and the episode start date
showed that the 78 episodes occurred in 12 blocks
that unexpectedly alternated between an autism code
being present or lost (see Figure 8). Therefore, we hy-
pothesized that autism diagnoses are often lost when
a patient underwent repeated treatment in a specific
hospital.

3.2.3 Frequent Admissions

To investigate the repeated treatments, we trans-
formed the autism extract into a new “patient-
hospital” dataset. First, we filtered out episodes with
a R69 primary diagnosis, and any patients that then

only had one episode or did not have any PER-
SIST=lost episodes. Next, we grouped episodes by
patient/hospital, sorted the episodes into order and
calculated the mean interval between the episodes.
A total of 2245 PERSIST=lost episodes occurred in
groups with a mean gap of up to 1 day, 1222 occurred
in groups with a 2-7 day mean gap, 1099 occurred
in groups with a 8-30 day mean gap, and 934 oc-
curred in groups with a mean gap that exceeded 30
days. In other words, the majority of lost autism diag-
noses occurred when patients were admitted for mul-
tiple episodes to the same hospital at short time inter-
vals (up to 7 days apart). That is the direct opposite
of findings from researchers who used a random for-
est model to conclude that autism and other diagnoses
were lost more often when patients were subsequently
treated at a different hospital and significant time had
elapsed between admissions (Hardy et al., 2022).

For each of the 617 unique primary diagnoses in
the patient-hospital dataset, we calculated the num-
ber of PERSIST=lost episodes and the percentage that
occurred within each mean gap band (< 1 day, 2—
7 days, 8-30 days and > 30 days). There were no
PERSIST=lost episodes for 52 of the primary diag-
noses, and another 457 only had a few (1-9) lost
episodes each. However, the other 108 primary di-
agnoses had 10 or more PERSIST=lost episodes (see
Figure 9) and the patients with those primary diag-
noses were treated in 207 hospitals. One pattern
that immediately popped out was that 100% of the
lost autism diagnoses occurred in a single band for
some primary diagnoses. For the < 1day band, those
were the ICD codes C64 (malignant neoplasm of kid-
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episodes in date order.

ney, except renal pelvis) and Q78 (other osteochon-
drodysplasias). For the the < 7days band it was the
ICD codes C81 (Hodgkin lymphoma), D56 (thalas-
saemia), D83 (common variable immunodeficiency)
and K58 (irritable bowel syndrome).

The clinical coding domain expert commented
that it is often challenging to capture comorbidity in-
formation for patients who are regular attenders, and
success would depend on the process that a provider

has in place for such admissions. Sometimes a pa-
tient’s codes might be copied from the previous ad-
mission, so lost diagnoses could be propagated into
the block pattern that we found. Also, on some oc-
casions a regular attendee may be treated by a nurse
rather than a consultant, so the patient’s full medical
history may not be recorded.
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percentage for four bands of mean gap between all episodes for each patient/hospital combination. Note: The heatmap only
shows the 108 primary diagnoses that had 10 or more lost autism diagnoses.
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Figure 10: Each plot shows one primary diagnosis, with the
bars showing the number of diagnoses that were lost and/or
persist for each hospital (PROCODES3). The plots illustrate:
(a) A boolean thinly spread pattern for the C49 (malignant
neoplasm of other connective and soft tissue) primary di-
agnosis, (b) A mixed thinly spread pattern for D57 (sickle-
cell disorders), (¢) A dominant hospitals pattern for N18
(chronic kidney disease), and (d) A patient-level pattern for
Z775 (problems related to medical facilities and other health
care, e.g., holiday relief care).

3.2.4 Patterns at a Diagnosis/Hospital and
Patient Level

Finding patterns in data that contain hundreds of
primary diagnoses and hospitals is a daunting task.
However, we found small multiple visualizations (see
Figure 10) useful to identify where to look for the
proverbial “needle in a haystack” insights that re-
vealed four types of pattern in which diagnoses are
lost.

A boolean thinly spread pattern (see Figure 10a)
occurred where: (i) there were only a few episodes
with a given primary diagnosis at each hospital, and
(ii) in those episodes the autism diagnosis was either
always present or always lost (never a mixture of the
two). We hypothesize that there are different proce-
dures for recording patient data in hospitals where the
autism diagnosis was present vs. lost.

A mixed thinly spread pattern occurred where
there were only a few episodes at each hospital (as
above), but the hospitals with the most episodes had
a mixture of present and lost autism diagnoses (see
Figure 10b). We hypothesize that the hospitals with
the greatest number of lost diagnoses could learn in-
ternally from pockets of good coding practice that al-
ready exist.

A dominant hospitals pattern occurred where one
or two hospitals had lost diagnoses for a very large
number of episodes (see Figure 10c). Those are the
hospitals where the greatest improvements in diag-
nostic persistence data quality could be made, using
NHS England’s existing data quality lifecycle (Team,
2016).

At first glance, the final pattern (see Figure 10d)
looks similar to the dominant hospitals pattern, with a
few hospitals having large numbers of lost and present
autism diagnoses. However, further investigation us-
ing SetVis heatmaps that were similar to those used
for the D61 primary diagnosis (see Figure 7) provided
a different explanation, because they revealed that the
hospitals could be divided into groups where: (i) each
patient’s autism diagnoses were either always present
or all lost, (ii) every patient had PERSIST=present
and PERSIST=lost episodes, or (iii) a mixture of (i)
and (ii). We term this the patient-level pattern.

4 CONCLUSIONS

In this visual analytic case study, we investigated the
circumstances under which diagnoses were lost from
autistic patients (a condition that does not remit) in a
25,152 record EHR dataset for 6383 autism patients.
The dataset contained 59 variables, some of which
were categorical with a large number of levels. Those
included two of the three most important features that
a LightGBM model (Ke et al., 2017) identified — the
primary diagnosis (893 levels) and the hospital for
each treatment episode (218 levels). One reason for
the model’s limited overall accuracy was probably the
sparse distribution of the lost autism diagnoses across
those features. However, for such data, a visual ana-
lytic approach did prove effective to explore the pat-
terns of lost autism diagnoses.

The computational aspects of the analysis in-
volved deriving additional data frames, value counts
and other descriptive statistics, various subsets of the
data and performing set-based calculations to provide
input for different visualizations. Through the com-
putations and visualizations we identified seven pat-
terns that characterize the circumstances under which
the autism diagnoses had been lost. One pattern ap-
plied to every hospital in the country that had admit-
ted autism patients with a particular primary diagno-
sis. Other patterns were based on what appeared to be
different clinical coding practices within and between
hospitals, and the remaining patterns were based on
differences at the patient level.

Finally, future work is planned to apply our
method to five other non-remitting conditions: de-



mentia, diabetes, ischemic heart disease, Parkinson’s
disease and schizophrenia.
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APPENDIX

This appendix lists the 59 columns that were in the
data extract. The columns names are in CAPTIALS.
The descriptions follow and are from the HES Data
Dictionary — Admitted Patient Care (2 August 2017),

which is no longer provided on the NHS Digital web-
site (NHS Digital merged with NHS England on 1
February 2023).

ACSCFLAG: Ambulatory Care Sensitive Condition
flag

ADMIAGE: Age on admission

ADMIDATE: Date of admission

ADMIMETH: Method of admission

ADMINCAT: Administrative category
ADMISORC: Source of admission

ADMISTAT: Psychiatric history on admission
AEKEY: Whether there is a corresponding A&E
attendance

ALCFRAC: Principal alcohol related fraction
BEDYEAR: Bed days within the year

CARERSI: Carer support indicator

CLASSPAT: Patient classification

DIAG_3_01: The first three characters of the primary
diagnosis code

DIAG_COUNT: Count of diagnoses

DISDEST: Destination on discharge

DISMETH: Method of discharge

ELECDUR: Duration of elective wait

EPIDUR: Episode duration

EPIEND: Date episode ended

EPIKEY: Record identifier

EPIORDER: Episode order (within an admission
spell)

EPISODE_SEQUENCE: Overall order of episode for
patient (derived from ADMIDATE and EPIORDER)
EPISTART: Date episode started

EPISTAT: Episode status

EPITYPE: Episode type

ETHNOS: Ethnic category

ETHRAW: Ethnic character

FAE: Finished Admission Episode
FAE_EMERGENCY: Finished Admission Episode,
emergency classification

FCE: Finished Consultant Episode

FDE: Finished In-Year Discharge Episode
FIRSTREG: First regular day or night admission
HESID: Encrypted patient identifier

IMDO04: Index of Multiple Deprivation
INTMANIG: Intended management

MAINSPEF: Main specialty

MARSTAT: Marital status

MYDOB: Date of Birth - month and year
NEOCARE: Neonatal level of care
NEWNHSNO_CHECK: NHS Number valid flag
NHSNOIND: NHS number status indicator
OPERSTAT: Operation status code
OPERTN_COUNT: Count of procedures
PCFOUND: Postcode Found



PERSIST: Diagnosis of non-remitting condition
(present or lost)

POSOPDUR: Post-operative duration
PREOPDUR: Pre-operative duration

PROCODES3: Provider Code (hospital)
PROTYPE: Provider type

RTTPERSTAT: Referral to Treatment period status
RURURB_IND: Rural/Urban Indicator

SEX: Sex of patient

SPELBGIN: Beginning of spell indicator
SPELDUR: Duration of spell

SPELEND: End of spell indicator

TRETSPEF: Treatment specialty

WAITDAYS: Duration of wait (referral to treatment
period)

WAITLIST: Method of Admission - Waiting List
WELL_BABY _IND: Well baby flag



