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Abstract

Objective: International Classification of Diseases (ICD) codes recorded in electronic health records (EHRs) are frequently
used to create patient cohorts or define phenotypes. Inconsistent assignment of codes may reduce the utility of such cohorts.
We assessed the reliability across time and location of the assignment of ICD codes in a US health system at the time of the
transition from ICD-9-CM (ICD, 9th Revision, Clinical Modification) to ICD-10-CM (ICD, 10th Revision, Clinical Modification).

Materials and methods: Using clusters of equivalent codes derived from the US Centers for Disease Control and Prevention
General Equivalence Mapping (GEM) tables, ICD assignments occurring during the ICD-9-CM to ICD-10-CM transition were
investigated in EHR data from the US Veterans Administration Central Data Warehouse using deep learning and statistical
models. These models were then used to detect abrupt changes across the transition; additionally, changes at each VA sta-
tion were examined.

Results: Many of the 687 most-used code clusters had ICD-10-CM assignments differing greatly from that predicted from the
codes used in ICD-9-CM. Manual reviews of a random sample found that 66% of the clusters showed problematic changes,
with 37% having no apparent explanations. Notably, the observed pattern of changes varied widely across care locations.

Discussion and conclusion: The observed coding variability across time and across location suggests that ICD codes in EHRs
are insufficient to establish a semantically reliable cohort or phenotype. While some variations might be expected with a
changing in coding structure, the inconsistency across locations suggests other difficulties. Researchers should consider
carefully how cohorts and phenotypes of interest are selected and defined.
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Introduction
The adoption of electronic health record (EHR) systems
was an effort to improve patient care by improving the
accuracy and clarity of medical records and by increasing
the availability of the records to patients and physicians.
It has been observed that EHR data can be very useful for
studying patient outcomes in real-world settings. EHR
data has become widely used for observational clinical
research to improve post-care surveillance, and to perform
comparative effectiveness studies.1 However, the usefulness
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of EHR-based research depends centrally on the quality of
the data to be found there.2

Traditionally, EHR data quality is measured along five
dimensions: (1) completeness (e.g., the amount of missing
data), (2) correctness (e.g., a plausible distribution of
values), (3) concordance (e.g., the use of terminology stan-
dards), (4) plausibility (e.g., out of range values), and (5)
currency (e.g., the timeliness or recency of data).3 None
of these measures looks specifically at the quality of coding.

There are challenges when transforming the raw data
into a dataset for analysis.4 One such challenge is the
need to define a cohort, often to ascertain the presence or
absence of a disease or phenotype. Most often this is
accomplished by using standard codes, particularly the
International Classification of Diseases (ICD). Even as
researchers have begun using other data (e.g., using free-
text notes through natural language processing [NLP]) to
augment phenotype definitions,5–7 the ICD codes remain
a critical piece in defining cohorts for study.8–11 While
we might expect codes to be used consistently over time
and across different healthcare organizations and facilities,
the degree of consistency has not been established.

The ICD codes are updated roughly every 10–20 years to
reflect the changes in medical science and clinical practice.
Each update usually introduces new codes, and it takes time
for human coders and coding software to make necessary
adjustments, discover problems, and develop solutions.
The transition, on 1 October 2015, from coding using
ICD, 9th Revision, Clinical Modification (ICD-9-CM) to
ICD, 10th Revision, Clinical Modification (ICD-10-CM)
in the United States, allowed us to conduct a formal inves-
tigation of coding quality in large EHR databases. The
difficult transition in coding from using ICD-9-CM
(with approximately 14,000 diagnostic codes) to using
ICD-10-CM (with about 70,000 codes, providing for
greater specificity in the codes) was eased somewhat by
the General Equivalence Mapping (GEM) tables provided
by the Centers for Disease Control and Prevention
(CDC). Despite those efforts, however, marked changes
in the frequency of certain conditions were observed by
some researchers.12–15 Unfortunately, many researchers
using EHR data appear unconcerned with the problems
associated with the ICD transition, or with other coding
quality challenges. Accordingly, we began a systematic
investigation into the frequency and causes of problems
associated with the ICD transition.

Methods
For our investigation, we used the US Veteran Affairs (VA)
Corporate Data Warehouse, with 20 million patients and up
to 20 years of follow-up, 4 billion outpatient visits, and 16
million inpatient visits (numbers as of August 2022). The
US VA healthcare system has 1298 healthcare facilities,
including 171 VAMedical Centers and 1113 outpatient sites.

GEM mapping

We identified clusters of codes made up from both versions
of ICD that were suggested to be equivalent by the GEM.
The GEM tables, consisting of one for mapping ICD-9-CM
to ICD-10-CM and one for mapping ICD-10-CM to
ICD-9-CM, were provided by the Center for Disease
Control to assist in the transition from ICD-9-CM to
ICD-10-CM. As the two tables are not symmetric, we
ignored the mapping directions and merged the mapped
pairs of codes to yield a single combined GEM table; it
included four types of ICD-9-CM to ICD-10-CM code
mappings: one-to-one, one-to-many, many-to-one, and
many-to-many.

We constructed new diagnosis variables (clusters) with
GEM mappings (version 2018) as building blocks. If the
whole GEM table is a bipartite graph, in which nodes are
codes and edges are correspondence relations between the
two versions of codes, then the GEM mappings are
exactly the connected components (as defined in graph
theory). These mappings connected all the components of
the two versions. The sets of codes in the fully connected
subgraphs are then referred to as clusters. Each code is
present in one, and only one, cluster; a total of 6707 clusters
were identified.

The frequency of use of the ICD-9/10-CM codes within
1 year of the ICD 9/10 transition (between 1 October 2014
and 30 September 2016) was used to identify the number of
patients with each diagnostic code. Limiting the codes for
further study to those assigned to at least 0.1% of the
observed population resulted in 700 clusters.

Baseline investigations

The frequency with which the clusters were used at each
station of the VA on a weekly basis was obtained by
summing the frequency of the codes in the cluster. In a
similar manner computed the weekly frequency of use of
each cluster was summed across the entire VA system.

The data was prepared for multivariate time-series ana-
lysis. The weekly visit counts of each cluster at each
station were collected from 2001 to 2019, a total of 992
weeks and 2.6 billion visits. Candidate observables
included: (1) total weekly inpatient and outpatient visit
counts; (2) total patient counts by gender, race, and ethni-
city; (3) top 500 weekly lab test counts grouped by
analyte group; and (4) weekly drug fill counts grouped by
VA drug class (based on pharmacological effects).
Because the visit count has seasonal patterns, the number
of the week in the year was also added. This resulted in a
total of 860 observables to be used as predictors of the
ICD code cluster.

To eliminate variation due to seasonal effects and trends,
transformer-based deep learning (DL) and statistical (seasonal
autoregressive integrated moving average [SARIMA])
models were built on the time-series data of ICD-9-CM
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usage from 1 January 2001 to 30 September 2015. The per-
formance of the DL models was measured using the mean
squared error.

DL model

A two-branch DL model was designed for time series fore-
casting. The first branch of the model processing temporal
data was composed of a linear projection layer, a positional
encoding layer, and two transformer blocks resembling
those in the original transformer architecture for NLP. For
a given week t, the prior N weekly data points Xt−N+1, …,
Xt were used as the input data. Each data point Xt was a
scaled vector containing both weekly visit count for a
given cluster and covariate values. The linear projection
layer then projected each data point to a vector of dimension
dmodel. The positional encoding layer mapped the corre-
sponding position of each data point in the sequence to a
vector of dimension dmodel using sine and cosine functions.
The positions were numbered as 1 through N starting from
Xt and backward. The element-wise sum of the two
sequences of vectors were then fed into the two transformer
blocks.

The second branch, processing the input data containing
the covariate information of week t+ 1 was a feedforward
neural network (FFNN) with residual connection. The
outputs of the two branches were then combined by
element-wise addition. The final output went through
another FFNN with residual connection before reaching
the output layer. The output layer had only one node with
no nonlinear activation functions and output the predicted
(re-scaled) visit count for the week t+ 1. The loss function
for training was the mean squared error function.

For each cluster, a model was trained separately. N= 12
weekly data points predicted the next future week visit
count. The stochastic gradient descent with Nesterov
momentum method was used as the optimizer. The mean
square error of the predicted and the observed counts was
calculated for model evaluation. The dropout method was
used for regularization.

SARIMA model

Independent SARIMA models were fit to the weekly visit
counts for each cluster. With the 860 variables prepared
above, laboratory tests and medication fills were linearly
combined using principal component (PC) analysis. We
used the first 143 PC which explained 95% of the variability
implied by the matrix of standardized counts arranged by
date. The selected PC, the log count of patients, demo-
graphics, and an indicator for ICD-10 week, were later
used as covariates during the SARIMA model development
and selection phase within each of the GEM clusters. The
indicator variable functions in each of the models as
global step effect change on the log count due to the
change of the ICD system use.

Several models for each of the 700 ICD clusters to
describe the visit count trends were tested and only one
chosen for the respective cluster, as we describe below.

The log count series associated with each ICD cluster
was sequentially tested for stationarity using the Dickey–
Fuller test at the 0.05 alpha level. In this way, we determine
whether to model the original log time series, the first or the
second differentiation. All models with no more than 15
moving average components (q) and no more than 15 auto-
regressive components (p) were fitted to the data, starting
with a model with no seasonal effects. The model with
lower Akaike information criteria with correction for over-
fitting (AICc) was selected to describe the time series.
A similar process was repeated for models with seasonal
effects of 52, 5, and 4 weeks, representing possible
weekly, monthly, or yearly effects. When including a sea-
sonal effect, the autoregressive (P) and moving average
(Q) parameters for the seasonal part in the model need to
be considered. Of all the models for each seasonal pattern
with P < 2 and Q< 2, p < 10, and q < 10, the model used
in further analysis was selected by using the partial autocor-
relation plots, and the consistency of predictions depending
on the time intervals between training data and outcome.
Overfitting was avoided by fitting a similar SARIMA
model but removing some PC predictors and checking
that the coefficients of the remaining covariates did not
change. The final models were checked for goodness of
fit. We use the final SARIMA model of each cluster for
one-step-ahead predictions with their respective 95% point-
wise confidence intervals.

Applying the predictions of the models to the transition

The fitted models were then applied to the fiscal years
2016–2019 to predict the usage of the cluster-equivalent
ICD-10-CM codes. We focused on the time period
between 1 October 2015 and 30 September 2016 to detect
significant changes at the time of the transition. We com-
puted the difference between the predicted value and the
actual value of the frequency of use. The standard deviation
of the residuals in the training phase (1 January 2001–30
September 2015) provided a measure of the variability of
the difference between the prediction and the actual
values. We calculated the absolute value of the standardized
residual (ASR) (the residual divided by the standard devi-
ation) to measure the significance of changes. For each
cluster mode, two sets of ASR values were computed:
ASR1, the ASR of the first week after transition (4
October 2015) and ASR2, the averaged ASR of the year
after transition. This enabled us to measure both the imme-
diate abrupt change and year trend change. Aberrance was
defined as an ASR value greater than 4.

Using each station as its own control, we calculated the
rate of change of each cluster frequency at the time of the
transition from ICD-9-CM to ICD-10-CM.
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Human review

To examine the quality of the predictions and to better
review the face validity of the clusters, we performed
human review of the results from a randomly selected strati-
fied set of clusters for each model. For each model, the 687
clusters were sorted using the ASR1. The sorted clusters
were then placed in 10 equally sized bins. Five clusters
and their associated ASR1 were selected at random from
each bin for human review. This resulted in a total of 98
clusters (two clusters had been chosen at random from
both the DL and SARIMA models).

The lowest ASR for the DL model was 0.28 and the
highest 24.25. For the SARIMA model, the lowest was
0.09 and the highest 56.30. Two reviewers judged whether
the cluster showed clear changes in frequency after the
ICD transition. They also examined GEM-based mapping

in the GEM to assess if problematic mappings were potential
causes of the changes.

Results
Dramatic code use changes were observed in many clusters
after the ICD transition (Figure 1).

We noted wide variance between differing VA stations
in the way the codes were used (Figure 2).

Of the 700 clusters studied, 13 clusters were mapped
with ICD-10-CM codes effective after 2017 and thus no
data was available for the testing phase. With the remaining
687 clusters, 323 (47.0%) of the DL model and 480 (69.9%)
of the SARIMA models exhibited a significant abrupt
change with ASR1 exceeding 4.

Expanding the analysis to the year after transition, the
median ASR2 of the 687 clusters were 9.22 and 3.94 for

Figure 1. Examples of weekly visit trend of diagnosis clusters.
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SARIMA and DL models, respectively, indicating the code
usages of more than half of the clusters underwent dramatic
shifts in the year after transition, and the aberrant signals
were not just limited to 1 week. To confirm the findings,
using human review of the 98 clusters for changes at the
time of transition as the reference standard, we obtained
area under the curve (AUC) values of 81.3% for the
SARIMA and 93.6% for the DL models.

We further explored other potential causes of the dra-
matic changes by searching for evidence of alterations in
clinical and coding practice, disease outbreaks, and intro-
duction of new treatments or diagnostic approaches that
might explain the changes which coincided with the
ICD-9-CM to ICD-10-CM transition. Of the 98 clusters
selected for manual review, only 5 clusters had a potential
plausible cause induced from the changes in knowledge
and practice. Another 23 of the clusters chosen for review
were thought to be related to a different cause: problematic
mappings in the GEM.

Discussion

Significance

We have observed a wide variation over time and space of
ICD coding. This variation suggests that any observational

study relying solely on ICD coding for diagnosis is
untrustworthy.

Abrupt changes in coding associated with the ICD-9/
10-CM transition have been reported in the literature.12,13

The remarkable finding in this investigation is the high preva-
lence of these changes in a large and diverse EHR dataset
despite the attempts to reduce the size of those changes
with the GEM mappings. Our analysis found that the use of
the codes in the clusters formed from the GEM deviated sig-
nificantly from what was predicted. A large proportion of the
clusters showed a deviance of 4 standard deviations or more
in their predicted use. The human review suggests that most
data aberrancies are not attributable to the flaws in GEM.
There is little evidence of other legitimate causes of abrupt
changes such as outbreaks or new diagnostic practices.

The diversity in the patterns of the changes in code use
between VA stations is telling. Bearing in mind that the
prevalence of diseases may be variable depending on loca-
tion, using each station as its own control, and looking at
the differences in the rate of change allows the elimination
of prevalence as a cause for the diversity. While this finding
may not be surprising, the extent of diversity quantifies
what may have been only suspected. The way that code
use changed from one station to another at the time of tran-
sition dramatically illustrates the inconsistency in the
manner of assignment of diagnostic codes.

Figure 2. Variation of code frequency rate changes among VA stations of top 20 most changed clusters. The whisker range covers 95% of
all variations and excludes outliers.
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While we cannot completely rule out all other causes, the
most likely cause of the majority of aberrancy is a lack of
what we call representational semantic (RS) integrity. The
interpretation of a given clinical situation might be repre-
sented using separate sets of codes, a violation of RS integ-
rity. Clinical factors contributing to RS integrity violations
might include unfamiliarity with a new coding system, a
change in coding practices, or inconsistent training in and
application of coding rules. The coding system itself may
be a contributing factor. Ambiguity in the definition of a
code, or complex rules regarding when a code should or
should not be used make coding systems more difficult
to use.

RS integrity can be thought of as a generalization of the
Cimino terminology desiderata of avoiding redundancy.16

While we would hope that all comparable cases would be
coded identically, such is not the case, as revealed by our
analysis. In this generalization of the desiderata, the
concern is not simply the terminology, but also the practical
use of codes in the EHR data. The variance between VA
stations in their use of codes is an example, one not
limited to the transition. Another type of RS integrity viola-
tion was induced by the transition, where the changes in the
coding systems could have led to confusion or misuse of the
codes. Some of the ICD-9-CM and ICD-10-CM codes with
the same exact description were used indisputably differ-
ently by coders. This finding adds to the concern about
coded data, such as that noted by Glynn and Hoffman,17

who observed that data in the Cerner Real World Database
was collected and recorded differently in different places.

With the increasing acceptance of NLP, some may feel
that structured data quality issue has become less important.
While our team has been active in the development of
NLP-based phenotypes, we believe that NLP complements
structured data but cannot replace it. One example is the
phenotype knowledgebase (PheKB) which contains
dozens of phenotypes sourced from eMerge and other pro-
jects. About half of these phenotypes involved NLP while
almost all of them involved ICD codes and other structured
data. We also note that in some large databases (e.g., Cerner
Real World Data, IBM Market Scan, and NIH N3C) only
structured data is available, precluding the ability to use
any NLP techniques.

Implications

The challenge posed by violations of RS integrity should not
be taken lightly. Each year, hundreds, if not thousands, of
scientific papers are published based on data containing
ICD codes to define cohorts and phenotype variables.8–11

Take the VA EHR database for example: it is used by
dozens of clinical and services studies each year; with the
ICD codes frequently used in the studies.18–24 Phenotyping
efforts sometimes employ sophisticated NLP and machine
learning methods to improve the sensitivity and specificity

by 5–30 percentage points.5–7 Some of the changes in ICD
codes we observed in the study are far more dramatic.

Inconsistent coding will inevitably affect the down-
stream analysis. Ignoring a violation of RS integrity can
propagate errors in data analysis during cohort creation, cal-
culations of prevalence or incidence rates, identification of
risk factors, and development of predictive models. For
example, if two variables corresponding to two distinct
ICD codes are included in a Cox survival analysis as inde-
pendent variables where the two codes are assigned by dif-
ferent coders to the exact same condition, it will inevitably
lead to wrong estimates of the hazard ratio and p-value for
those variables.

The RS integrity challenge is not unique to the VA, as
was observed in the papers noting the major changes in
coding.12–15 In a prior study, on the large Cerner EHR
dataset, we observed similar abrupt changes in ICD code fre-
quencies.25 In addition, these coding changes did not just
occur during the ICD transition nor are they only associated
with ICD codes. Similarly to ICD, Current Procedural
Terminology (CPT) and Systematized Nomenclature of
Medicine Clinical Terms (SNOMED) are evolving.26 CPT
is updated annually while SNOMED CT is updated every 6
months. RS integrity issues similar to those associated with
ICD can be expected to occur in varying degrees in CPT
and SNOMED CT, because coding variations using both
vocabularies are not uncommon.27–30 As such, our findings
and the methods we developed have broader implications.

A limitation of our work is that this study is based on
data generated in the United States. The US model of
health care is based on fee-for-service reimbursement
where the diagnostic code may play some role in the
amount of reimbursement. To minimize this effect, we
used only VA data, which is based on a single payer.
Another concern is that there is no data on who was respon-
sible for assigning a code. In some situations, health infor-
mation specially trained in coding is responsible; in others,
it might be the caregiver or one of the caregiver team; in
either case, the coder may or may not have access to a com-
puter program suggesting possible codes. This aspect may
play a role in leading to inconsistency.

Given our findings, we would like to advocate for all
healthcare organizations and large clinical and claims data
repositories that are actively collecting data to conduct
regular examinations of RS integrity in their coding. We
want to recommend researchers who utilize coded clinical
and claims data to check for RS integrity. To facilitate the
adaptation of this practice, we deposited our source code
into a GitHub repository (https://github.com/GW-BIC/
ICD-TimeSeries).

We chose to limit the assessment of aberrancy to the ICD
transition period because of the high prevalence of changes
during this phase. Given the high AUC achieved by the DL
model when using human expert review as the reference,
it may be feasible to automatically monitor for aberrant
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signals at a large scale using DL models. Unlike simple
frequency-based monitoring, DL models can take account
of seasonal changes and other contextual factors to reduce
the potential for false alarms.

How should a researcher approach this problem of data
quality? Undisputably, the law of large numbers helps. If
most of the diagnostic codes are correct, the larger the
cohort, the closer the estimates of the outcomes will be to
a reliable finding. Additionally, Blois31 pointed out that in
most disease descriptions, the attributes are neither neces-
sary nor sufficient to establish a diagnosis. However,
there may very well be one or more attributes that are
more “hard-edged,” e.g., measurements or observations,
and thus less susceptible to misinterpretation. Using those
attributes, perhaps in addition to the codes, will help
define a cohort or phenotype more reliably.

Conclusions
The wide discrepancy between what might be expected to
occur and what did occur with the changeover from
ICD-9-CM to ICD-10-CM should cause alarm for those
who are using historical EHR data in observational
studies and for cohort identification. As we anticipate a
change to ICD-11, our findings of what happened during
the transition from ICD-9-CM to ICD-10-CM should
arouse further caution. Without an established model of
how the changes in standard terminologies should be
applied to existing databases, persons attempting to
perform studies over longer periods of time must determine
for themselves how to avoid the RS integrity problems in
building their cohorts.

This investigation suggests that coding inconsistency is
a serious data quality issue in large EHR datasets and can
be detected using machine learning and statistical
methods. Because most researchers are unaware of the sig-
nificance of RS integrity; few studies check the longitudinal
use of structured data codes for consistency. We believe
more efforts need to be invested to monitor and improve
the quality of EHR data for health services and clinical
research.
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