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There is heterogeneity in the manifestation of diseases, therefore it is essential to understand the patterns of
progression of a disease in a given population for disease management as well as for clinical research. Disease status
is often summarized by repeated recordings of one or more physiological measures. As a result, historical values of
these physiological measures for a population sample can be used to characterize disease progression patterns. We use
a method for clustering sparse functional data for identifying sub-groups within a cohort of patients with chronic
kidney disease (CKD), based on the trajectories of their Creatinine measurements. We demonstrate through a proofof-principle study how the two sub-groups that display distinct patterns of disease progression may be compared on
clinical attributes that correspond to the maximum difference in progression patterns. The key attributes that
distinguish the two sub-groups appear to have support in published literature clinical practice related to CKD.
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1. Introduction
It is common knowledge that diseases manifest differently in different people. Knowing the
alternative progression patterns of a disease for a given population, as well as the clinical attributes
associated with the patterns, is therefore of interest to patients, doctors as well as researchers1.
Knowing what to expect, empowers patients to make informed choices about their treatment
options as well as plan a judicious acquisition of healthcare resources in the future. Furthermore,
the ability to spot the unusual, and initiate a clinical evaluation in case the observed symptoms are
anomalous with respect to known progression attributes, has the potential to improve the care
delivery process. From the perspective of the care provider, knowing the attributes of the different
paths of disease progression is essential for investigating risk factors associated with progression2.
For a healthcare system preparing to care for an aging population, an understanding of disease
paths as the basis for planning treatment can have a profound impact on the patient’s wellness
goals. For instance, it has been seen that classification of end-stage functional decline into four
groups explains the observed patterns in a sample of older medicare decedents3. Insight into the
most likely course of progression and the “signature” attributes, can prove invaluable to healthcare
professionals. Finally, a knowledge of progression patterns is essential for discovering treatment
options that alter disease progression. For instance, the stage duration as well as progression rates
between normal aging and severe dementia, assessed via the Global Deterioration Scale in patients
with Alzheimer’s, show high heterogeneity4. A clinical evaluation of prospective therapies that
seek to slow the cognitive decline in patients with Alzheimer’s would need to be carried out in
individuals with similar progression trends.
The general problem is of discovering patterns of clinical events associated with stages of
progression and then classes of such sequential patterns. Generally, disease progression modelling
efforts first learn a state transition model using comorbidity patterns and later infer the
comorbidities that drive progression based on the observed symptoms5. However, for many
diseases, the disease status can be reliably summarized by recording one or more physiological
measures. Univariate measures such as Glycosylated Hemoglobin (Diabetes), Predicted Forced
Vital Capacity (Scleroderma) and Estimated Glomerular Filtration Rate (Kidney Disease) are used
routinely in medical practice. These measurements are typically recorded irregularly, and usually
after long intervals, making the recorded trajectories sparse. For example, out of 18,342 patients
with Type 2 Diabetes in our extract of patient data from the Stanford Clinical Data warehouse,
only 8231 patients had two or more HbA1c measurements. The mean number of observations per
patient was 7.49. An estimate of the disease progression path based on an observed trajectory of
such measurements will have high variance. As a consequence, clusters derived from such path
estimates are likely to be unstable.
We hypothesize that it is possible to learn clinically meaningful clusters of disease paths from
sparse and irregular trajectories of lab values. In our earlier work2 we have described a generative
model for simultaneously modelling stages of progression in a cohort of Chronic Kidney Disease
(CKD) patients, as well as discovering clusters of distinct progression sequence. In related work,
there are prior efforts in creating finite dimensional representation of a trajectory captured by
dense measurements, and cluster the trajectories using an appropriate similarity metric. Example
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of successful path estimation with methods employing Gaussian Process regression often involve
measurements in post-operative care or the intensive care unit, where physiological measurements
are recorded regularly and relatively few observations are missing6–8.
In order to meaningfully cluster paths estimated from sparse measurement trajectories, it is
possible to borrow support from other trajectories provided a large number of trajectories have
been recorded for the full time grid. The Functional Clustering Model (FCM) proposed by James
and Sugar9 models sparse trajectories as random effects, after fitting natural cubic splines to
observations from each trajectory. In the work presented here, we cluster creatinine measurements
from patients with Chronic Kidney Disease using the FCM. We then compare the distribution of
clinical features between patients in different clusters, by defining a time window around the
region of maximum discrimination between the clusters. Finally, we examine the features whose
distribution is significantly different between clusters, and interpret the differences in the light of
published literature on the management of Chronic Kidney Disease. Figure 1 illustrates our
approach and overall workflow.

Figure 1A) Records for patients in the CKD cohort B) Clustering sparse trajectories of creatinine values.
The time point at which the clustered trajectories are most discriminable is tmax C) Text concepts, lab
results, ICD9 codes and prescriptions from a window centered at tmax in the patient records
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2. Data
The patient dataset was extracted from the Stanford clinical data warehouse (SCDW), which
integrates data from Stanford Children’s Health (SCH) and Stanford Health Care (SHC). The
extract comprises 2 million patients, with 49 million encounters, 35 million coded diagnoses and
procedures, 204.8 million laboratory tests, 14 million medication orders as well as pathology,
radiology, and transcription reports totaling over 27 million clinical notes. Our extract of the deidentified patient data from 01/1994 through 06/2013 from SCH and SHC is stored in a structured
and indexed form within a MySQL relational database.
2.1. Cohort selection
In order to select patients with a
diagnosis of Chronic Kidney Disease
(CKD), we used the presence of the
ICD-9 code 585.00 as our filtering
criterion. We identified 959 CKD
patients through this method, and kept
792 that had 3 or more creatinine
measurements. We henceforth refer to
this set of 792 patients as our cohort.
Examining the sequence of creatinine
measurements
over
time
or
“trajectories” from our cohort revealed
significant sparsity in the creatinine
measurements. Figure 2 shows the
distribution of of the number of per
patient measurements in our cohort,
with a mean of 25.98 and median 13.

Figure 2 Distribution of number of measurements of
creatinine per patient with the mean and median.

3. Methods
3.1. Functional Clustering Model
In order to cluster sparse observations in patient histories, we make use of the Functional
Clustering Model (FCM)9 which solves the problems of high variance due to sparsity as well as
that of unequal variances due to irregular time instants. While a full description of the functional
clustering approach and model fitting procedure is described by James and Sugar, the intuition
behind the procedure is to project each curve onto a finite dimensional space using a natural cubic
spline basis and cluster the resulting coefficients. However, instead of treating the basis
coefficients as parameters James and Sugar model these are random effects that are ascertained by
the clustering algorithm, via a global optimization over all curves. Doing so allows us to borrow
strength across curves, allowing the method to work with sparsely or irregularly sampled curves,
provided that the total number of observations is large enough.The model is fit to the data using an
Expectation Maximization like procedure that iteratively updates the FCM parameters. As shown
in Figure 3, each track is represented as a vector of measurements 𝒀𝒊 such that
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𝒀𝒊 = 𝒈𝒊 + 𝝐𝒊

(1)

where 𝑔) represents the true (unobserved) measurements at the same instants and 𝜖) is the vector
of random observation errors 𝜖) ~ 𝑁 0, 𝜎 0 𝐼 . The observation errors are assumed to be
uncorrelated with each other and with 𝑔) . We assume membership in one among G clusters. The
true observations are modelled by using natural cubic splines as basis functions 𝑠 𝑡 so that
(2)
𝑔) 𝑡 = 𝑠 𝑡 4 𝜂)
where 𝜂) is the vector of spline coefficients. The FCM uses a random effects model for the 𝜂) ,
assuming a normal distribution of values around a cluster mean as follows
𝜂) = 𝜇78 + 𝛾)

(3)

where 𝜇78 represents the mean of the ith cluster of tracks and 𝛾 ~ 𝑁(0, 𝛤). An additional
parameterization step allows for a low dimensional representation of 𝜂) given by
𝜂) = 𝜆> + 𝛬𝛼78 + 𝛾)
where 𝜇A = 𝜆> + 𝛬𝛼A

(4a)
(4b)

Thereafter the FCM can be represented as below
𝑌) = 𝑆𝑖 4 𝜆> + 𝛬𝛼78 + 𝛾) + 𝜖)

(5)

where 𝑆𝑖 is the matrix of basis expansions of all time points for track i, 𝛼78 is a h vector
representing the mean of the ith cluster of trajectories in a low dimensional space. The low
dimensional representation is achieved via 𝜇A = 𝜆> + 𝛬𝛼A where both 𝜇A , 𝜆> are vectors in ℝF , 𝛬
is a p x h matrix and h ≤ min(p, G-1). To ensure a unique solution for 𝜇A , 𝜆> and 𝛬, we require
𝛬4 𝑆 4 𝜎 0 𝐼 + 𝑆𝛤𝑆 4

GH

𝛼) = 0
𝑆𝛬 = 𝐼

(6a)
(6b)
The form of (6b) ensures that 𝐶𝑜𝑣 𝛼) = 𝐼
for all i, when the observations for each track
are measured at the same time points. The
above formulation allows us to project every
trajectory into h dimensional space to obtain
the corresponding 𝛼L , such that the proximity
between 𝛼L and 𝛼A represents the likelihood
that the track i belongs to cluster k. Since
𝛼 = 𝛬4 𝑆 4 𝜎 0 𝐼 + 𝑆𝛤𝑆 4 GH (𝑌 − 𝑆𝜆> ),
the

Figure 3 Modeling functional data
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vector 𝛬4 𝑆 4 𝜎 0 𝐼 + 𝑆𝛤𝑆 4 GH may be thought of as weights that determine the proximity to 𝛼A ,
with the highest weight having the most influence on cluster assignment. This allows us to use
𝛬4 𝑆 4 𝜎 0 𝐼 + 𝑆𝛤𝑆 4 GH as a discriminant function, for determining the time points that provide
maximum cluster discrimination.
We provide here only an overview of the FCM and point the reader to a full description of the
model, constraints and the fitting algorithm9. Since intuitively one expects to see a small number
of distinct trajectory patterns, we clustered the creatinine measurements using small values of G.
We obtained two nearly indistinguishable clusters with G=3, which suggests that G=2 may be an
appropriate number of clusters for the creatinine trajectories in our cohort. After fitting the FCM
with G=2 and making cluster assignments for every trajectory, we plotted the discriminant
function for the two clusters in order to distinguish the time at which the two groups of trajectories
most differ from each other.
3.2. Feature Engineering and Analysis
For each patient record in our cohort, we construct a one-year time window centered around the
maximum discriminating time point as identified by the discriminant function described earlier.
Within the time window, we represent the structured and unstructured data within a patient record
as features from four categories – terms (or concepts), prescriptions, laboratory test results and
diagnosis codes. Prescriptions, laboratory test results and diagnosis codes were taken from the
structured record whereas terms were extracted from free text. We normalize terms into concepts
in the same manner as in our earlier studies involving text mining on clinical notes—essentially
using UMLS term-to-concept maps with suppression rules to weed out ambiguous mappings as
described by Jung et al10 . Such mapping reduces the total number of features as well as reduces
the number of correlated features since synonyms get mapped to the same concept.

Figure 4 Features based on normalized counts of text concepts, ICD9 codes, prescriptions and lab
results from the 1 year window around the maximum discriminating time point in the patient record
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For concepts, we used the number of distinct notes in which the concept occurs at least once
(note frequency) as the feature representation. For prescriptions and diagnostic codes, we used the
normalized counts of the active ingredient for each medication (RxNorm concept unique
identifier) and the normalized counts of each International Classification of Diseases, revision 9
(ICD9) code as the respective features. For laboratory test results, we utilized the categorical result
status for each ordered test (high/ normal/low or normal/abnormal) as recorded in the Electronic
Health Record (EHR) and calculated a feature based on the normalized counts for each test-result
instance in the record. Our feature construction method is illustrated in Figure 4 which depicts our
feature matrix along with the four categories (concepts, diagnosis codes, prescriptions and
laboratory results) of data elements within the patient record from which the features are sourced.
Finally, we performed an enrichment analysis on the feature matrix for the two clusters using
Fisher’s exact test, setting a false discovery rate of 5% to adjust for multiple testing. All analysis
was performed in R using the Aphrodite11 and the fclust12 APIs.
4. Results
Figure 5 shows a randomly selected subset of 50 trajectories from each of the two clusters,
indicating the overall progression pattern in each cluster. The thick lines corresponding to each
cluster mean show progression patterns that the respective cluster represents. In case of cluster 1,
the mean trajectory indicates that creatinine levels begin to rise around the age of 65 years, peak
at around 72 years and then decrease. The trajectories in cluster 2 suggest an overall better control
on creatinine levels.

Figure 5 50 randomly drawn trajectories from each of the two clusters. The time offsets represent the age
(in days) at which the measurement was taken. The heavy lines are the respective mean trajectories

The maximum value of the discriminant function occurs at a time offset tdmax = 26,383 days
(72 years), corresponding to the peak in the mean Creatinine trajectory in cluster 1. Drawing
concepts, ICD9 codes, prescriptions and lab results from the EHR records of patients in each of
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the two clusters for the 1-year time window centered on tdmax yields 1046 features. The rate of
progression to end stage renal disease depends on a number of risk factors, such as the presence of
CKD-associated illnesses, nutrition issues and adherence to medication13 and we expect features
from 1 year window to represent events associated with clinically significant decline in renal
function in advanced-stage patients14.
Table 1 Top ranked significant features

Rank
1

Feature ID (p)
lab.3023314.0
(3.27e-05)

2

lab.3000963.0
(4.06e-05)
lab.3000905.0
(5.92e-05)

3

4
5
6
7
8
9
10
11
12
13
14
15

obs.4187395
(7.19e-05)
obs.4187458
(1.46e-04)
obs.4243768
(1.78e-04)
obs.4118663
(2.06e-04)
obs.31967
(3.23e-04)
lab.3013682.0
(3.25e-04)
obs.442985
(3.85e-04)
lab.3014051.0
(4.03e-04)
obs.254761
(4.21e-04)
obs.4077953
(4.88e-04)
obs.4099313
(5.19e-04)
obs.4329041
(7.37e-04)

Names
Hematocrit
[Volume Fraction]
of Blood by
Automated count:
Hemoglobin:

Rank
16

Leukocytes
[#/volume] in
Blood by
Automated count:
Reflux

18

Review of systems

20

Auscultation

21

Related

22

Nausea

23

Urea nitrogen
serum/plasma:
Male

24

Protein [Presence]
in Urine by Test
strip:
Cough

26

Therapy

28

Urinalysis

29

Pain

30

17

19

25

27

Feature ID (p)
obs.4274025
(7.86e-04)

Names
Disease

obs.4322976
(8.01e-04)
obs.4229881
(8.46e-04)

Procedure

obs.46233416
(9.53e-04)
obs.4143467
(1.09e-03)
lab.3009261.0
(1.22e-03)

Assessment

obs.4209224
(1.51e-03)
obs.441408
(1.67e-03)
obs.4147571
(1.82e-03)
obs.4267147
(1.85e-03)
lab.3022621.0
(1.85e-03)
obs.77670
(1.86e-03)
lab.3035350.0
(1.86e-03)
lab.3004501.45876384
(1.96e-03)
obs.4303558
(1.98e-03)

Weight loss

Chief complaint
Glucose [Presence]
in Urine by Test
strip:
Cyst
Vomiting
Follow-up
Platelet count
pH of Urine by
Test strip:
Chest pain
Ketones urine
dipstick:
Glucose lab:High
Touch

A Fisher’s exact test of enrichment for each feature with respect to the two clusters, using a
false discovery rate of 5% to adjust for multiple testing, identified 133 enriched features, of which
30 top ranked features along with their respective p-values are presented in Table 1.
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All of the top 30 features are found to be enriched in cluster 1 and an examination of the
features suggests concordance with the known attributes of disease severity. For example the top 2
features (lab orders for hematocrit and hemoglobin) suggest the presence of Anemia and
Thrombocytopenia respectively, which are two common comorbidities in advanced CKD that are
thought to occur as a result of reduced erythropoietin secretion15. An observation related to
platelet counts (feature rank 25) corroborates this view. Similarly, automated blood count is
routinely measured in CKD patients, particularly in those patients requiring management of
Anemia. Recently studies show that spikes in granulocyte and monocyte count in CKD patients
are associated with progression to end stage renal disease16. A finding of Proteinuria on dipstick
urinalysis is amongst the early signs of kidney disease, however high levels of protein in the urine
is an indicator of nephritic syndrome and is associated with edema, increased cholesterol levels
and other comorbidities that increase the risk of CKD progression17. Lab orders for pH and ketone
measurement in urine (feature rank 26 and 28 respectively) suggest diabetic ketoacidosis which is
an uncommon but life threatening complication in chronic kidney disease. Poor glucose regulation
(feature rank 29) further supports the view that several of the distinguishing attributes have
etiological linkages with diabetic complications.
5. Discussion
Longitudinal patient data from a large sample of patients offers an opportunity to characterize the
variability in how phenotypes progress over time. However, discovering patterns of progression
for chronic diseases is challenging because of the irregularity and sparsity in the observations.
Trajectory estimates derived from irregularly sampled and sparse observations have high variance
which leads to unstable cluster definitions. The irregular sampling also poses an additional
challenge – the variance of the estimated curve coefficients are different for each trajectory. The
FCM described in the methods section addresses the problem by treating the curve coefficients as
random effects and by projecting each curve into a subspace, such that the covariance normalized
distance from the cluster center in this subspace, represents the probability of cluster membership.
Using the FCM to cluster creatinine trajectories of CKD patients results in two clusters with
distinct mean trajectories. Features based on counts of clinical attributes, from a windowed
segment of the patients’ EHR records at the point of maximal cluster separation, show a
significantly different distribution in the two clusters; and many are supported by medical
literature on CKD. However, several of our significant features refer to general CKD attributes
and do not appear to have an obvious connection with disease severity or progression. Further,
reducing the false discovery rate to 1% did not give any statistically significant features.
We acknowledge limitations of our approach. We made use of the ICD9 code for CKD for
defining our cohort. Such a method could have a positive predictive value (PPV) as low as 53%18
if relying solely on the ICD9 code. In which case, the the selected patients may not have the
clinical indicators for the disease, while creatinine measurements could still be available since
creatinine may be ordered routinely as part of a basic metabolic panel. We mitigate this issue by
requiring at least three creatinine measurements for members of the analysis cohort. Further still,
creatinine values are known to be altered through processes that are independent of renal function
and standard practice requires that the estimated Glomerular Filtration Rate be used for assessing
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kidney health19. The FCM also implicitly assumes that the unobserved time points are missing at
random. Given that our data comes from a referral facility, it is likely that there exists a “disease
severity bias” in the missing observations.
The alternative to using ICD9 codes for cohort identification is to use a robust algorithm that
has been validated to achieve a high PPV20. Patient records extracted from claims data may
possibly provide better longitudinal coverage compared to EHR data from a tertiary care facility.
Addressing our study’s limitations through the aforementioned remedial measures appears feasible
and we anticipate doing so in follow up work.
6. Conclusion
Being able to account for individual variability in the progression of diseases is of value to the
practitioner, the patient as well as the researcher. For chronic diseases, learning the clinical
attributes of the disease progression paths is possible by using a method for clustering irregularly
sampled, sparse trajectories of disease markers, by defining a time window in which the clusters
are most discriminable, and identifying discriminating features based on that time window. Our
results from clustering creatinine trajectories of CKD patients demonstrate the feasibility of the
approach.
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