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Abstract

Time series are essential to health data research and data mining. We aim to study the properties
of one of the more commonly available but historically unreliable types of data: administrative
diagnoses in the form of the International Classification of Diseases, Ninth Revision (ICD9)
codes. We use differential entropy of ICD9 code time series as a surrogate measure for disease
time course and also explore Gaussian kernel smoothing to characterize the time course of
diseases in a more fine-grained way. Compared to a gold standard created by a panel of clinicians,
the first model classified diseases into acute and chronic groups with a receiver operating
characteristic area under curve of 0.83. In the second model, several characteristic temporal
profiles were observed including permanent, chronic, and acute. In addition, condition dynamics
such as the refractory period for giving birth following childbirth were observed. These models
demonstrate that ICD9 codes, despite well-documented concerns, contain valid and potentially
valuable temporal information.
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[. Introduction

There are many potential uses for structured diagnosis information—one important example
is clinical research. Fortunately, the International Classification of Diseases, Ninth Revision
(ICD9) codes, which document the conditions a particular patient was treated for, are
ubiquitous and often used in clinical research. Unfortunately, it has been well documented
that ICD9 codes can be noisy and unreliable [1]-[3]. Chart abstraction is the process of
extracting information relevant to a particular purpose from medical records. When
performed manually for clinical research, this process can be prohibitively expensive or
otherwise infeasible [4]. Structured information such as ICD9 codes can and are used to
automate this process. Other forms of structured diagnosis codes, such as the Systematized
Nomenclature of Medicine-Clinical Terms (SNOMED-CT), are gaining in use, but we focus
here on ICD9 codes. The methods presented here could apply equally well to time series of
another type of diagnosis code.

1duosnuely Joyny Yd-HIN

Despite their well-documented problems, ICD9 codes are often used in research [5]-[9].
One of the major use cases is to characterize patient state at a particular moment in time. To
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do this, ICD9 codes from a particular date or from a time window are considered. Also,
ICD9 codes are often used to characterize the medical history of a patient as a whole. In that
case, the relevant information is whether an ICD9 code is present in a patient’s history at all
[10]-[15].

Il. Objectives

Time series are essential to health data research and data mining. We hypothesize that there
is valid temporal information in ICD9 code time series in aggregate. To demonstrate this, we
aim to test whether patterns of ICD9 codes reveal what is already known about disease time
course. We think that it is important to view these data as time series. Using a form of
lagged linear correlation, it has been previously demonstrated that there are certain
correlational relationships that can only be demonstrated when time is taken into
consideration and the data are considered in aggregate [16]-[18].

Despite the fact that clinicians are aware of the relative time course of most conditions, there
are many reasons one may want to evaluate the time course of a condition for a particular
population quantitatively. In particular, some future uses of these times series that motivate
this study are: 1) a data driven representation of disease time course that can be evaluated
for a wide range of conditions in a rapid and automated way; 2) the use of such a
quantitative representation in other systems (e.g., clinical decision support); and 3) the use
of such a quantitative representation to compare clinical populations. Although there are
certainly biases that are unique to ICD9 codes, these biases should not be insurmountable.
However, this study aims to determine whether there exist valid temporal signals that make
addressing the biases worthwhile.

We first evaluate a simple summary statistic for ICD9 code time series and demonstrate that
conditions can be stratified according to time course. Second, we use kernel smoothing to
characterize the time course of conditions in a population in a more fine-grained way.

The aim of the first method is to create 1-D continuous measure that summarizes the
documentation properties of a condition. Although, 1-D measure will not capture the many
subtleties of disease dynamics, it could nonetheless be valuable in contexts where such
subtleties are less relevant. In contrast to our second analysis that directly evaluates how
documentation patterns change over time, this study uses an indirect measure, the
uncertainty of documentation, as a marker for disease time course.

Differential entropy was chosen as a measure of time course because we hypothesized that
there would be a larger difference in the variance of documentation than in the central
tendency of documentation between chronic and acute conditions. Due to varying levels of
completeness of the medical record, chronic conditions can, in certain ways, appear to be
acute. This would be reflected in a large variance in the documentation of such conditions.
On the other hand, acute conditions by their nature will likely have less variance.

The aim of the second method was to create a nonparametric estimate of disease time
course. This was accomplished by estimating the probability of having a condition
documented over time.

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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As electronic health record (EHR) adoption continues to grow, we should consider the
potential secondary uses of the large quantities of data that will be collected [19]. These data
can be used for learning about disease, building knowledge bases, and providing various
types of cognitive support for clinicians [20], [21]. The authors’ long-term objective is to
study the EHR as a natural object in order to understand the relationship between EHR data
and the underlying truth [22].

[1l. Methods

A. Setting

The analysis was performed on data collected at New York-Presbyterian Hospital. The
demographic of the population served by this medical center consists of 54% female, 46%
male; 32% Hispanic; 57% white (including White Hispanic and non-Hispanic White), 28%
black, and 15% Asian patients. ICD9 codes used for this study were acquired from inpatient,
outpatient, and emergent clinical encounters from over 20 years. This was particularly
important, since our main concern was capturing the most complete longitudinal time series
possible for each patient.

This study was approved by the institutional review board.

B. Data Preprocessing

Table I (see) shows a set of 21 conditions/diseases that were chosen heuristically to span the
range of chronicity from acute to chronic. Certain conditions are known to be acute [e.g.,
pregnancy and myocardial infarction (MI)], whereas others are known to be relatively
chronic (e.g., diabetes and hypothyroidism).

Each disease was represented as a set of ICD9 codes. For each condition, a set of subtrees of
the ICD9 hierarchy was identified to represent that condition. Any documentation of an
ICD9 code within that set of subtrees was considered a positive incident for that condition.
For example, the subtrees identified for representing meningitis have roots as ICD9 code
320, 321, and 322.

C. Differential Entropy as a Summary Statistic

For each of the included patient’s diagnoses, that is both a member of our candidate
diagnoses and has been mentioned at least once, the authors calculated the proportion of
times the diagnosis was mentioned given all opportunities for mention. An opportunity for
mention was defined as a date where one or more ICD9 codes were recorded. The
distribution of these proportions for each disease across all patients was estimated using a
kernel density estimation (KDE). An estimate of the differential entropy for each of these
KDEs was evaluated (see Appendix for details). Informally, the differential entropy
represents the variability, or uncertainty, between patients for the proportion of visits that
were documented for this condition.

Three independent physicians categorized conditions into chronic and acute. The majority
categorization was used as the gold standard for evaluation of differential entropy as a
measure of condition time course. The physician reviewers were required to categorize 21

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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candidate conditions into chronic or acute exclusively. Certain conditions are heterogeneous
and could potentially be in either category, but clinicians were asked to make a judgment
based on perceived prevalence.

D. Kernel Smoothing for Populations of Sparse Time Series

As in the first experiment, the same set of 21 conditions (20 medical conditions/diseases and
childbirth) were considered in the analysis and each condition was represented as a set of
subtrees of the ICD9 code hierarchy.

For each patient, a set of time series similar to those in Fig. 1 were created. Each time series
concerned a specific condition that the patient was documented for at least once. The time
series for all patients with a specific condition were then aligned by the first positive
instance of that condition being documented. The time series were then aggregated and
density estimates for both the positive instances alone and all opportunities for
documentation were calculated [23]. Of note, these are not probability densities, but
densities of mentions over time (see Appendix for details).

To account for attrition, the density estimate of positive mentions in the population was
divided by the density estimate of total mentions. The result is a point estimate at a given
time for the probability of documentation for a specific condition after the first incidence of
documentation.

V. Results

A. Differential Entropy as a Summary Statistic

A set of 1 876 413 patients from a single academic medical center were considered, of
which 176 098 were analyzed. The inclusion criteria were that a patient must have greater
than three dates of documentation and have at least one mention for a condition in our set.

To review the results and understand the relationship between differential entropy and ICD9
code documentation patterns the authors will examine two conditions in detail:
hyperlipidemia and MI.

For these two conditions, widely known to be chronic and acute, respectively, the
documentation patterns should differ considerably. For hyperlipidemia, one should expect
relatively consistent documentation once the diagnosis has been made; and for Ml one
would expect isolated incidences and no consistent pattern. Although, it is of course possible
for acute conditions to recur.

For each condition and for each example patient such as those illustrated in Fig. 1, a positive
documentation proportion was calculated and the distribution of these proportions was
estimated for each condition. For hyperlipidemia, as seen in Fig. 2, the distribution had wide
variance, one major mode and several minor modes that are likely the result of patients with
few visits on record. For M, also seen in Fig. 2, there is a much higher mode indicating
greater homogeneity in the population of documentation patterns.

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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By comparing the two curves in Fig. 2, it can be seen that the uncertainty regarding positive
documentation proportions is far greater in hyperlipidemia compared to MI.

Fig. 3 shows the estimated entropies of hyperlipidemia and Ml as well as for the other 19
conditions. Conditions seem to be clustered into two groups that roughly correspond to
chronic and acute based on face validity. Chronic pyelonephritis, a condition with relatively
few occurrences in our dataset, is an exception and is grouped together with the acute
conditions.

The differential entropy of these estimated distributions were compared to the gold standard
of expert opinion. Table | shows the physician reviewers’ majority categorization. The
resulting receiver operating characteristic (ROC) area under the curve (AUC) was 0.83 with
a 95% confidence interval of 0.63 to 0.94 [24]. Also, the inter-rater reliability as measured
by Fleiss’ Kappa was 0.87, indicating a high level of consensus among our physician
reviewers.

B. Kernel Smoothing for Populations of Sparse Time Series

As in the first experiment, a set of records from 176 098 of 1 876 413 patients from a single
academic medical center were analyzed. The inclusion criteria were that a patient must have
greater than three dates of documentation and have at least one mention for a condition in
our set.

An estimate for the probability of positive documentation over time for each of the 21
conditions was calculated. This analysis yielded many of the expected dynamics for the
conditions considered. As examples, the authors will review the results for a relatively
permanent condition (hypothyroidism) [25], two chronic conditions (thyrotoxicosis and
diabetes), and two acute conditions (Ml and childbirth).

In the case of hypothyroidism, the authors observe a relatively constant probability of
documentation following initial documentation (See Fig. 4). After approximately 11 or 12
years, there has been enough attrition of the patients from the original cohort to create a
significant amount of variance in the ratio estimate. However, it appears that the mean
remains relatively stable despite the increase in variance. Hypothyroidism is known to be a
relatively permanent condition, often a result of radioactive iodine therapy or surgery. In the
case of MI, an acute condition (albeit with chronic sequelae), it is expected that the
probability of documentation should drop precipitously after the first incident. An
interesting feature of the curve for Ml is that there is a relatively sharp initial decline in the
rate of documentation followed by a relatively flat low level probability that remains several
years after the first incident. In the case of thyrotoxicosis, one observes a very smooth
decline in the rate of documentation that is in between that of a very acute condition such as
Ml and a relatively permanent condition such as hypothyroidism. In childbirth, a recurring
acute condition with a refractory period, this method demonstrates the dynamics associated
with the refractory period in the months following the initial diagnosis of childbirth.

In the case of diabetes, a somewhat surprising pattern emerges (see Fig. 5). The ratio of
positive to total mentions for the entire population of diabetes patients has a positive slope.

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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The immediate interpretation for diabetes is that once a patient is diagnosed their probability
of positive documentation for diabetes increases with time. This could be explained
considering that many patients with diabetes develop increasing insulin resistance as time
progresses [26].

However, another possibility as to why this might be is that there are two populations of
patients described by this temporal profile.

To examine the possibility that there may be two populations in this data, the parameters of
the analysis were explored. A simple division of the population of diabetes patients based on
the total number of positive mentions (20) separates the population in two. Fig. 5
demonstrates the density ratio for patients with more than 20 positive mentions (7991
patients) as well as those with 20 or fewer positive mentions (42 323 patients). In cases with
more than 20 positive mentions, the slope is no longer rising but is relatively flat. In cases
with less than or equal to 20 positive mentions, the slope is negative.

To evaluate the robustness of this result, Fig. 6 demonstrates that the variance of the density
ratio is estimated at 2000 days (indicated in Fig. 5 with a vertical line) based on a bootstrap
procedure is quite small for both groups. In addition, we found the mean and variance of
these estimates (based on additional bootstrap procedures) to be insensitive to small changes
in the threshold. For example, we estimated 0.361 with a 0.005 standard error (SE) for the >
10 group and 0.07 with a 0.004 SE for the < = 10 group at 2000 days after initial diagnosis.
Similarly at 30, we estimated 0.392 with a 0.008 SE for the > 30 group and 0.176 with a
0.004 SE for the < = 30 group at 2000 days after initial diagnosis.

The small SE values are a reflection of the large population sizes. A more detailed
evaluation of the population substructure would call for a cluster analysis which is beyond
the scope of this paper.

V. Discussion

The results for the first experiment show that differential entropy of ICD9 code
documentation patterns is an informative summary statistic for conditions. The reason for
this is that there is more uncertainty about how someone will be documented if the condition
he or she is being documented for is chronic. In other words, the pattern of documentation
for chronic conditions can be similar to that of acute conditions if the documentation is
incomplete. In summary, our analysis demonstrates that conditions that are relatively
chronic as identified by our panel of physicians tend to have higher entropies and those
conditions that are relatively acute tend to have lower entropies. We found that this 1-D
measure is sufficiently informative about chronicity to classify conditions with an ROC
AUC of 0.83 as compared to our gold standard.

Chronic pyelonephritis was an outlier in our analysis. As expected, the independent
physician labeled it as a chronic condition yet it was placed at the acute end of the scale
based on our measure. Our evaluation in the second experiment also revealed that chronic
pyelonephritis had a documentation profile similar to that of an acute condition. A potential

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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explanation for this is that there were few patients with at least one qualifying ICD9 code
and of those many were documented for it very sparsely.

In the second experiment, empirical temporal profiles for the same set of conditions were
examined. They revealed patterns that are congruent with current thoughts about these
conditions.

For hypothyroidism, one would expect that the probability of documentation after the initial
diagnosis to be relatively constant. For acute conditions such as an Ml, one would expect a
relatively rapid decay in time to zero or near zero (a feature that will be discussed further
later). For chronic conditions such as thyrotoxicosis, one would expect a profile between
that of the acute conditions such as an MI and the permanent conditions such as
hypothyroidism.

The rapid decline in the curve for the Ml followed by a relatively long and flat tail could be
representing the residual risk for patients following their first MI [27]. More precisely, it is
the probability of a positive documentation given an opportunity for documentation in the
days following their first MI.

Finally, in the case of diabetes, the population was separated into two cohorts to examine the
possibility of there being more than one population in the analysis. Fig. 5 demonstrates the
upward slope of the graph for diabetes. This temporal profile could also be an artifact of the
particular patients seen at the academic medical center in question, an artifact of a large
scale diabetes study, or it may be that there truly are two populations of diabetes patients.
However, there seem to be at least two populations; one that has a recovery rate represented
by the negative slope of the <20 curve of Fig. 5 and another more severe population
represented by the flat slope of the >20 curve. Although, diabetes is often considered a
permanent condition, it has been shown that recovery is possible, particularly in obese
patients following bariatric surgery [28].

These figures illustrate that ICD9 codes, in aggregate, reveal significant information about
the time course of conditions and could potentially be used to compare populations, inform
other clinical systems, or generate knowledge about known conditions in a rapid and
automated fashion.

VI. Limitations

This study included only the patient records at a single academic medical center limiting
generalizability. The effectiveness of these methods in other academic institutions, as well
as in nonacademic institutions, is yet to be evaluated. However, it is reasonable to think that
the results would generalize to other longitudinal care facilities, particularly, other
metropolitan tertiary care centers. Also, as previously mentioned, ICD9 coding practices are
not unbiased.

ICD10, an updated classification system, will replace ICD9 in 2014, according to a new rule
published by the Department of Health and Human Services [29]. We believe, however, that
this transition should not affect the contributions of this paper for three reasons: 1) the same

|EEE J Biomed Health Inform. Author manuscript; available in PMC 2014 May 22.
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analysis could be applied to ICD10 codes; 2) this analysis could be performed on a
combination of ICD9 and ICD10 codes, since there exists a mapping between 1CD9 and
ICD10 through the Unified Medical Language System [30]; and 3) documentation patterns
for clinicians and hospital systems will not likely change in the aggregate as a result of the
transition.

This study incorporates all of a patient’s encounters, including inpatient, emergency
department, and outpatient visits, and including primary, as well as specialty care. It is
possible that this mixing may introduce some bias; however, our aim in this study was to
represent the longitudinal profile of an individual, as completely as possible.

It is difficult to characterize the relationships between the evolution of disease and the
evolution of documentation. Here, we study the medical record as a natural object, but we
hope that eventually the understanding of documentation will translate to an understanding
of disease. In order to make this important step, the relationship between documentation and
disease must be characterized.

Also, it is evident that our methods are unable to distinguish between certain patterns of
disease occurrence. For example, our methods cannot distinguish acute exacerbations as a
separate entity from underlying chronic conditions or recurring acute conditions from
semichronic conditions.

VII. Conclusion

We have demonstrated two methods for characterizing the time course of disease. The first
of the two methods places conditions on a scale of differential entropy. According to this
measure, conditions seem to be distributed according to a bimodal distribution.

The second of the two methods provides a more fine-grained method for characterizing
disease time course. This method aligns the time series for patients with a specific condition
and estimates the probability of being documented for a condition given the time since the
first documentation.

Overall, these results demonstrate that diagnosis codes have temporal validity despite being
inaccurate in other ways.
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for Evaluating Differential Entropy as a Summary Statistic

A beta kernel density estimator (1) was used to estimate the distribution of proportions [31]

f(m):nfl ;K(x/b)ﬂ,((kx)/b)ﬂ(Xi)

K, 5(x)= Fl‘—;g;“gg) Io‘fl(l—l‘)ﬁil.

where K, g (X) is the estimated function, n is the number of points used to estimate the
probability density function (pdf), b is the smoothing parameter where b goes to 0 as n goes
to oo (see [31] for details), a and S are the parameters of the beta kernel, and I is the
gamma function defined as follows:

[(z)= [Cu™te  du. (2)

The beta distribution was chosen because what is being estimated here is a distribution over
proportions. Proportions are real valued and bounded. Therefore, the beta distribution was
the appropriate exponential family distribution to model this data.

The differential entropies (3) of the estimated distributions were calculated (up to a constant)
using an estimate defined by (4) where D is the number of bins. The number of bins used for
these calculations is 1000
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hz)==[f(z)in(f(z))dz. (3)

The reported differential entropy values are scaled by D

A feature of differential entropy of note is that unlike discrete entropy it can take negative
values. A simple example demonstrating this is the differential entropy of the uniform
distribution from 0 to (1/2)(-log(2)).

B. Details for Kernel Smoothing of Sparse Time Series

A Gaussian kernel was used to estimate the probability of documentation over time is given
as

1 —(==X)*
KI70(Xt): \/27_[_76 202 (6)

In our analysis o= 20.
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1200

Example of ICD9 time series for Ml, a typical acute condition, and Hyperlipidemia, a

typical chronic condition.
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Fig. 2.
Distribution of documentation proportions across patients for M1 and hyperlipidemia.
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Documentation probability over time for hypothyroidism, M, thyrotoxicosis, and childbirth.
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Documentation probability over time for all diabetes patients, those with greater than 20
positive mentions, and those with less than or equal to 20 positive mentions.
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Bootstrapped samples of the density ratio for the group with > 20 mentions and the group
with < = 20 mentions at 2000 days after initial diagnosis.
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TABLE |

Condition Patients Expert  Differential Entropy
Acidosis 3647 Acute -1333
Acute Pyelonephritis 3699 Acute -1388
Alkalosis 3097 Acute -1165
Anemia 20490 Chronic  -1084
Childbirth 44052 Acute -1041
Chronic Kidney Disease 16082 Chronic  -431
Chronic Pyelonephritis 419 Chronic  -1471
Diabetes 50314 Chronic  -211
Disseminated Intravascular Coagulation 392 Acute -1315
Hemophilia 407 Chronic =739
Hepatitis 12679 Chronic  -600
Hyperlipidemia 56524 Chronic 549
Hypo-parathyroidism 329 Chronic  -411
Hypothyroidism 17259 Chronic  -1182
Lupus 2945 Chronic  -1106
Meningitis 2062 Acute -1127
Myocardial Infarction 11338 Acute -1227
Renal Failure 11392 Acute -556
Sepsis 15917 Acute —658
Sickle Cell Disease 4110 Chronic  -556
Thyrotoxicosis 5669 Chronic  -658
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