Time-Series Analysis in the Medical Domain: A Study of Tacrolimus
Administration and Influence on Kidney Graft Function
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ABSTRACT: There exists a major concern regarding toxic effects of immunosuppressive medication on the
kidney graft during post-transplant care, with observed variation in individual susceptibility to adverse drug
effects amongst patients. To date, there has been no possibility to identify susceptible patients
prospectively. This study analyzes medical data which includes time series of measures of renal function and
trough levels of immunosuppressive drug Tacrolimus, with the main aim of identifying patients susceptible
to drug toxicity. We evaluate a plethora of time-series distance measures, determining their
appropriateness to the domain based on two criteria: (1) preserving the expected correlations between
distances, and (2) ability to detect the expected patterns of interaction between immunosuppressive drug
levels and renal function. Besides identifying the most suitable time-series distance measures, we observed
that the majority of patients do not exhibit an association between impaired graft function and higher
Tacrolimus dosing. On the other hand, the minority of patients determined most sensitive to varying
Tacrolimus levels showed a strong tendency to prefer low Tacrolimus dosing.
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1. INTRODUCTION
End stage renal disease (ESRD) is one of the major health problems in western industrialized
countries and is one of the main drivers of health-care related costs. Due to demographic changes
in industrialized and transforming countries, its incidence is growing annually by around 5-8%,
causing more than 2.5 billion Euros of health-care related costs in Germany. While dialysis is the
standard treatment for end-stage renal disease, renal transplantation is an alternative which is
superior regarding survival, life quality and health-care related costs. However, its availability is
reduced due to legal issues that cause a scarcity of suitable donor organs. Thus, post-transplant
care aims at stabilizing kidney function as long as possible to reduce the need for retransplantation. While in the early phase of transplantation, graft survival was mainly determined
by the occurrence of immunological adverse events (such as “acute rejection”), to date, a major
concern are toxic effects of immunosuppressive medication on the kidney graft.
A wide variety of complex data is produced during the post-transplant care. Besides demographic
data which do not change over time, most of the data consists of time-series, as different
examinations are undertaken on a patient repetitively. Our medical data come from the
Department of Nephrology of the University Hospital Charité at Berlin and include time-series of
measures of renal function and trough levels of immunosuppressive medication [1].
Clinical experience shows that individual susceptibility to adverse drug effects varies amongst
patients. While some react to an increased exposure to immunosuppressive medication, with an
immediate drop in renal function, others have stable graft function over an ample range of drug
intake. To date, there is no possibility to identify susceptible patients prospectively.
In the study presented here, we evaluate different similarity measures to compare time-series of
drug trough levels and renal function. We aim at identifying patients who are susceptible to drug
toxicity. Thereby, we would like to identify candidate patients that might benefit from a switch to
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less nephrotoxic drug regimens. To achieve this goal we evaluate a plethora of time-series
distance measures and determine their appropriateness to the domain based on two criteria:
preserving the expected correlations between distances in the data (Section 3.1), and ability to
detect the expected patterns of interaction between immunosuppressive drug levels and renal
function (Section 3.2).
1.1. Medical Background
End stage renal disease is the notion of irreversible loss of renal function and denotes the
common final state of most severe kidney diseases. It is fatal if not treated by renal replacement
therapy. Today, two basic options exist for renal replacement, namely dialysis and renal
transplantation. While renal transplantation is far superior to dialysis regarding quality of life and
patient's survival (LIT), its main drawback is the need for constant intake of medication that
suppress immunological reaction against the donor kidney, the so called graft rejection. This
medication has a narrow therapeutic index and some serious adverse effects, of which the most
relevant are the increased risk of infection and cancer, metabolic disorders and chronic kidney
damage. Therefore, therapy is guided by determination of trough levels, which means
measurement of the plasma concentrations of the respective substance in the morning before
intake of a new dose.
For the therapy control, monitoring of renal function is necessary. The gold standard for the
measurement of renal function is the determination of glomerular filtration rate (GFR), a measure
reflecting the volume of plasma which is cleared from a substance per minute. In clinical routine
the plasma concentration of creatinine is used as a surrogate for GFR measurement. Creatinine is
an end product of muscle metabolism and is filtrated by the kidney at a high ratio. To avoid some
drawbacks associated with the sole determination of creatinine, GFR is estimated based on
plasma creatinine concentration, gender, age and ethnicity of patients using the Modification of
Diet in Renal Disease formula (named estimated GFR, eGFR).
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Clinical experience suggests that susceptibility to kidney damage by immunosuppressive drugs
varies from patient to patient. While some patients react to a slight overdose of
immunosuppression with an immediate drop in eGFR, the tolerable range in other patients is
larger. To avoid chronic (and irreversible) graft damage, the identification of high risk patients
would allow taking countermeasures such as adaption of individual target trough levels or change
of medication. Moreover, the systematic identification of patients with a high similarity of eGFR
and trough level time courses would allow identifying demographic differences between more and
less susceptible patients, thereby facilitating a suitable choice of immunosuppression at an early
time after transplantation.
1.2. Time Series
Time series represent a form of data where the value of some numeric parameter in an observed
process is recorded periodically in time. The parameters of interest can be various: the recorded
values of some scientific sensor, the daily number of hits of some website, the value of shares on a
stock market, the number of rainy days per year, etc. The observation rate can vary from several
milliseconds to several years, and in the general case the observation rate need not to even be
uniform. However, the common characteristic of time series is that they usually consist of a large
number of points (recorded values), which can make the handling of time series difficult.
Time-series analysis applies different methods, mainly from statistics, data mining and machine
learning, in order to model and understand the process which generated time series or to make
forecasts. Accordingly, several task types are important for time-series analysis, most notably
indexing, classification, clustering, prediction, segmentation, and anomaly detection [2–5]. In
addition, there are three important concepts which need to be considered when dealing with
time-series data:


Pre-processing transformation (the preparation of time series for further analysis and
removing different kinds of distortion, noise and linear trend);
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Time-series representation (reducing the number of points in time series making them
easier to handle, but keeping the overall shape or some other property of time series);



Similarity/distance measure (similarity is crucial for all mentioned task types; the
similarity/distance between time series should be carefully defined in order to reflect the
underlying similarity or dissimilarity of these specific data which is usually based on shapes
and patterns).

In this article we focus primarily on the choice of an appropriate similarity/distance measure for
the task of comparing immunosuppressive drug trough levels and renal function indicators.
1.3. Time-Series Similarity Measures
A similarity or distance measure is a crucial part of many time-series analysis applications. Such a
measure is defined as a function which expresses to what extent the two time series are similar or
different. However, this measure should be very carefully defined in order to reflect the
semantically appropriate similarity or dissimilarity usually based on overall shapes of time series.
The most intuitive distance measure is the Lp norm defined for time series Q = (q1, q2, …, qn) and
C = (c1, c2, …, cn), for an arbitrary positive rational number p:

L p Q, C  

p

n

 q i  ci

p

(1)

i 1

For different values of p, different distance measures can be obtained: p = 1 – Manhattan (cityblock) distance; p = 2 – Euclidean distance; p = ∞ – Chebyshev (maximum, supremum, “sup”)
distance, p = ½ – fractional L½ distance, etc. Here, the distance between two time series is
calculated as the p-root of the sum of distances between corresponding points of the series taken
to the pth power, with the distances between corresponding points illustrated in Figure 1A. The
major advantages of Lp distances are its computational efficiency and intuitive clarity which
resulted in a large amount on applications [6–9]. However, some serious disadvantages of this
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measure are the sensitivity to distortions and shifting along the time axis, and the necessity of
comparing time series of equal length.

Figure 1. Lp distance and Dynamic Time Warping.
Some of these disadvantages are corrected with the Dynamic Time Warping (DTW) measure. This
measure allows non-linear aligning of the points of time series [10–13] as illustrated by the
example in Figure 1B.
Another important measure is the Edit distance with Real Penalty (ERP) based on the L1 and DTW
measures. It solves the problem of local time shifting and represents a metric [14]. ERP introduces
a constant value g (with the default value g = 0) as the gap of edit distance and uses L1 distance
between elements as the penalty to handle local time shifting.
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The recursive definitions of DTW and ERP distance measures are given in equations (2) and (3).
The measures are more sophisticated than the Lp measures, but they are all based on dynamic
programming. As a consequence, the computation of these measures is less efficient and has
some limitations with large and high-dimensional data sets. However, the introduction of global
constraints in dynamic programming algorithms of these measures significantly speeds up the
computation time and potentially improves accuracy [15, 16].
In addition to the above, well-known correlation coefficients (e.g. Pearson and Spearman) can be
used to measure (dis)similarity of time series, by expressing the degree in which pairs of points of
two time series follow the trend of having co-occurring low/high values.
1.4. Framework for Analysis and Prediction
The evaluation reported in this paper is conducted using the FAP system. FAP – Framework for
Analysis and Prediction [17] is a multipurpose, multifunctional system for time-series analysis
developed at the Department of Mathematics and Informatics, University of Novi Sad. It supports
all mentioned concepts concerning time series: pre-processing tasks, representations, and
similarity measures; with the possibility to easily change some existing or to add new concrete
implementation of any concept.
At this developmental stage, all main similarity measures are implemented while the validation of
implemented representation techniques is in progress. In addition, several classifiers and
statistical tests are also implemented. Besides Lp, DTW, CDTW (Constrained DTW), ERP and CERP
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(Constrained ERP) measures, the library also provides: LCS (Longest Common Subsequence), CLCS
(Constrained LCS) [18], EDR (Edit Distance on Real sequences), CEDR (Constrained EDR) [19] and
Swale [Swale]. All constrained measures are implemented using the Sakoe-Chiba band [20] and
Itakura parallelogram [21].
FAP is mainly designed for time-series researchers in order to test and compare existing and newly
introduced time-series concepts. However, it can also be useful to professionals from different
domains not familiar with time-series analysis as an assistance tool for choosing appropriate
methods for their own data sets. FAP is freely available at http://perun.dmi.rs/fap/.
1.5. Related Work
Currently, the amount of data in the medical domains is very extensive and is growing extremely
fast that it is impossible for a single person to exploit it all effectively [22]. Complex medical data
needs more sophisticated methods and techniques for processing and intelligent interpretation
then traditional statistical methods can offer. Traditional methods are not useful with repeated
measurements and physicians face this problem every day during their decision making process at
the bedside. A physician can be confronted with more than hundred variables in the critically ill
and even more experienced among them may not be able to develop a medical judgment to any
problem involving more than seven variables [23].
Over the last two decades statistical methods have been developed in order to improve huge
amounts of data analyses and more intelligent exploitation. Time series analysis techniques allow
the assessments of single or multiple variables in the course of time and are suitable for analyzing
physiologic measurements in the individual patient. The application of different AI techniques in
the medical domains often develops synergies with data mining of time series. A recent trend
involves the representation of time series data for the purpose of reason about patient health
progress over time [24]. As a consequence, a lot of interesting and challenging research results
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have been obtained in wide range of medical areas and particular diseases based on time series
data and their more intelligent analysis, explanations and usage.
A system presented in [25] is a typical example of a case-based decision-support system which
uses the time-series form of data. It has been applied in diagnosing respiratory sinus arrhythmia
based on sensor readings. Application of data mining allows time-series classification and
characteristic pattern identification. In particular, the classifier examines sequences of patterns
and their co-occurrence with class labels. The method is experimentally evaluated in clinical
application showing that it improves classification accuracy.
In their more recent approach [26] authors analyzed time series generated from lengthy and
complex nature of signals. They extract a set of qualitative, interpretable features from original
and usually real-valued time series data. To apply case-based reasoning techniques, features are
generated by transforming the time series of real numbers into a symbolic series. They examine
four alternative ways to index time series cases using discovered key sequences.
Classification of medical time series based on similarity is examined in [27]. They focused on the
automatic recognition of abnormalities in electrocardiograph signals represented as time series,
and specified the recognition task as a time-series classification problem. Nearest-neighbor
classifiers and dynamic time warping (DTW) as similarity measure are used. Authors observed the
hubness phenomenon in electrocardiograph data. While most of the signals appear as nearest
neighbors of at most one other signal, there are a few signals which are the nearest neighbors of
surprisingly many other signals. Based on this, they speed-up the classification of ECG signals.
Another interesting application of time series in cardiology is presented in [28]. The authors
propose a novel approach for calculating the Wavelet transform, which is applied on classification
of ECG time series. Their approach is 2-4 times faster while only 0.41% worse in classification
accuracy compared to existing methods. In [29], finite element modeling is used to model effects
of the arterial stiffness on the different signal patterns of the pulse transit time (PTT). PTT is
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measured using ECG and PPG (photoplethismogram) time series. In [30], the authors compare
several data-mining regression models for predicting maximal wall shear stress (MWSS) values as
well as their coordinates.
Continuous monitoring of the critically ill in intensive care offers wide range of applications. In an
open clinical study [31], time-series analysis was applied to the monitoring of lab variables after
liver surgery, and to support clinical decision making in the treatment of acute respiratory distress
syndrome. Similarly to our approach, the authors analyzed lab variables (blood lactate) in 19
patients after liver resections. Differently to our approach, they developed statistical Auto
Regressive Integrated Moving Average (ARIMA) models, for an estimation period of at least 14
measurements. Prediction values from these models were compared to the actual lab values. In
25 patients with Acute Respiratory Distress Syndrome (ARDS) the effect of therapeutic
interventions on pulmonary target variables (pulmonary vascular resistance – PVR, pulmonary
venous admixture – Qs/Qt, alveolar to arterial oxygen pressure difference – AaDO2) was
estimated with interrupted ARIMA models. The time series before therapeutic intervention was
compared to changes under intervention using the same model including an intervention
regressor. With all therapeutic interventions clinically relevant therapeutic effects could be
statistically identified in all patients. Similarly, non-effective therapeutic maneuvers could be
detected early, eventually changing therapeutic strategy [31].
A somewhat different approach to data analyses and application of data mining techniques in
order to improve results is presented in [32]. Initial findings were obtained by the authors in the
area of traumatic head injury using time-series physiological data, admissions characteristics and
outcome. They analyzed total duration for which patients had raised intracranial pressure, but did
not consider temporal relationships between various physiological and clinical events. After that
they improved their research by [32]: (1) using a workbench, AAB, to display the real time data set
and asking physicians to make predictions of expected outcome based on complete physiological
and clinical data, (2) repeating the exercise with a reduced representation for the physiological
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data, and (3) generating patterns, including “adjacent” physiological parameters and asking
physicians if they are (un)likely to cause a particular major physiological event or outcome.
The process of discovering similar patterns in time series in the field of physiotherapy, using data
mining techniques on a set of isokinetic data is presented in [33]. A physician specialized in
isokinetic techniques evaluated discovered knowledge. Obtained results are practically applied in
the I4 (Intelligent Interpretation of Isokinetic Information) project lead by the Spanish National
Center for Sports Research and Sciences for muscular diagnosis and rehabilitation, injury
prevention, training evaluation and planning.
Prediction tools are used to identify patients in standard hospital beds that are at high risk for
cardiac arrest [22]. Unfortunately, there is no adequate support to predict cardiac arrest in
pediatric intensive care units, where the risk of an arrest is 10 times higher. The majority of
current tools do not characterize deterioration (often precedes cardiac arrests) which in fact
requires a time-series approach. Authors proposed a rather general ten-step procedure which
produces data sets that contain time-series features and are suitable for predictive modeling by a
number of methods. As a result they used and successfully evaluated this procedure in the domain
of cardiac arrest in a pediatric intensive care unit.
In clinical practice time series analysis supports a more analytical and sophisticated approach for
the evaluation of pathological changes and therapeutic effects. Recent research aims at the
development of high-quality automatic methods for time-series analysis that would offer a
possibility to the physicians for a more reliable evaluation of the individual patient treatment.
Kennedy and Turley [22] discuss the distinction between univariable and multivariable analyses
methods, which dominate the medical prediction scene, and time series analysis. While the
former aim to describe the static properties of a variable, the goal of the latter is to describe the
dynamic properties of variable(s) over time. While most medical models that use time series data
have restricted their focus to the time-series features of a limited number of independent
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variables [22], in our approach we will employ the expected high correlation between some
variables in the process of selecting and tuning an appropriate distance measure for time series.
The authors of this paper have past experience in applying various artificial intelligence techniques
in medical domains. During the last 15 years of research activities case-based reasoning (and
techniques involving similarity measurement in general) was recognized as very appropriate for
application in medical domains, since the knowledge of medical experts consists of a mixture of
textbook knowledge and experience, which are appropriate to store in the form of cases. The
German group of authors possesses experience in applying case-based reasoning within the
nephrology and pathology domains [1, 34–36]. The Serbian group developed a case-based
decision support system and applied it to the multiple sclerosis disease [37]. This group also
performed research in different fields of artificial intelligence, applicable to the medical domain,
including time-series analysis and analysis of high dimensional data [38, 39]. Based on previous
experience the two groups have joined efforts in the last two years, working together in the
domains of mining data from kidney biopsies, psychological experiments [40] and cohort renalfunction data reported in this article.
2. METHODS
The cohort renal-function data were collected at the Nephrology department of University
Hospital Charité. The data come from the web-based electronic patient record TBase, which was
developed by a cooperation project between the Humboldt University of Berlin and the
Nephrology department of University Hospital Charité. As result of the project the electronic
patient record TBase has been introduced to the daily routine in 1999. Since then more than 8.2
million of laboratory values, thousands of treatment data, diagnosis, hospitalization, and
transplantation data have been collected. At present, the database comprises records of nearly
5,800 transplant recipients and patients on the waiting list. Currently, TBase automatically
integrates essential data from the laboratory, clinical pharmacology, nuclear medicine, findings
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from radiology and administrative data from the SAP-system of the Charité. The combination of an
application for the daily routine and the structured research database TBase increases the quality
of the data. To ease the daily work of the users, it is possible to generate documents from the
electronic patient record via a script, which then automatically fills the gaps in the pattern with
values from the database. The user can edit the resulting document using the word processor or
send the document directly to his local printer [41]. The automatic generation of discharge letters
for the general practitioners of the patients serves for an additional cross check of data quality.
For the current project it was important to enhance the quality of the retrospective data. That led
to series of measurements performed on patients with functioning cadaveric or living donor
kidney transplants and on-going Tacrolimus medication (Tacrolimus is one of the most frequently
used immunosuppressive drugs). Data were collected at the scheduled visits in the outpatient
department (once per month to two times per year depending on the patient) and during stays at
the inpatient ward (during hospital stays, determination of the respective values is usually done 34 times per week). Measurements in the first two weeks after transplantation (before stable graft
function is established) and after graft loss or switch of immunosuppression were excluded from
the analysis. The data contain time-series for creatinine and eGFR as parameters for kidney graft
function and Tacrolimus trough levels. Overall, 761 patients were enrolled in this retrospective
data collection. The length of time series varies from 10 to 417 depending on the number of days
in which the corresponding patient has been tested for these parameters. The median time-series
length is 40. Our extracted database consists of 54,598 records, where each record contains the
values of creatinine, eGFR and Tacrolimus for one patient in one day. A part of the Tacrolimus,
Creatinine and eGFR time series of patient with ID 35 is shown in Figure 2. The values of Creatinine
are multiplied with 10 while the values of eGFR are divided by 10, only on this figure, to make
these time series and their trend clearer.
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Main demographic characteristics of our patient cohort were: 59.5% male (40.5% female)
patients; age 10–79 years (median 49 years); primary graft function: yes 69.8% (no 19.4%,
unknown 10.8%); cadaveric donor 86.9 % (living donor 13.1%).
During hospital stays, the laboratory parameters are recorded daily to three times a week.
Otherwise, the parameters are recorded during the patients’ visits to the outpatient department
of our clinic which are usually scheduled monthly to once quarterly. Depending on the occurrence
of complications, the patient is referred to clinical treatment. As a consequence, the time between
different lab measurements varies greatly (in some cases even several years in which a patient
does not show up at the outpatient department). Therefore, we applied two strategies for timeseries extraction (examples of both strategies are given in Figure 2):
Time-series extraction strategy A: Linear interpolation is used to calculate the values of
parameters on each day of the unknown period. This simple interpolation technique is
chosen as the most fair because the behavior of some parameter is totally unknown in the
period of home treatment (whether the values oscillated or stayed approximately flat for
the whole period). This approach boosted the length of time series up to 5481 points, but
these time series are equidistant with known values in each day.
Time-series extraction strategy B: Only the measured values are taken to be the points of
time series. This approach retained the length of time series to the previous level (10 to
417), but the information about the gaps is lost because all measured values represent the
consecutive points of time series no matter if they are really consecutive or if there is a
long time gap between them.
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Strategy A: interpolated
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Figure 2. Tacrolimus, Creatinine and eGFR time series of patient 35 generated with (A) and
without (B) interpolation.
We performed the evaluation with both strategies for time-series generation because each
strategy has its advantages and disadvantages. Results will be analyzed and presented for time
series with interpolation and without.
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3. RESULTS
In the kidney transplantation domain, creatinine serves as an indicator of the kidney function.
Tacrolimus is a drug that prevents the kidney from being rejected. It is assumed that the level of
provided Tacrolimus should directly influence the level of creatinine. The eGFR indicator is
computed by a formula from creatinine level, age, and gender of a patient and is expected to be
strongly correlated with creatinine for each patient [42].
Our main objective is to enable the identification of those patients where the creatinine/eGFR and
Tacrolimus values are not related in the generally assumed manner. For this reason we compare
the values of creatinine and Tacrolimus, and eGFR and Tacrolimus (since creatinine and eGFR are
expected to be correlated) using an appropriate similarity/distance measure for time series. The
presumption is that such patients are more sensitive to high Tacrolimus levels and should be
treated carefully in order not to overdose them with Tacrolimus, while others can be more
aggressively treated with the drug. However, this task is challenging since it is not clear which
similarity/distance measure for time series is appropriate for this domain.
3.1. Identification of Appropriate Distances
In the first phase of the experiments, we computed the distances between Tacrolimus and
creatinine time series; and between Tacrolimus and eGFR time series for each of the 761 patients
using various similarity/distance measures provided by the FAP system. The following
characteristic measures are used: L½, L1, L2, L∞, DTW, ERP, Pearson and Spearman. The mentioned
measures (except Pearson and Spearman) are sensitive to the length of time series since they are
accumulating the distances between containing points of time series. As a consequence, the
distance between two lengthy time series is proportionally higher than between shorter time
series, regardless of the actual similarity between time series. Since the length of time series for
different patients significantly varies in these experiments, we normalize the distances (for length-
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sensitive measures) by dividing them with the length of time series in order to make the obtained
results comparable.
Histograms of the obtained distances are given in Figures 3 and 4, both for the time series
generated with interpolation (strategy A, Figure 3) and without (strategy B, Figure 4). For all
distances except Pearson and Spearman, due to normalization the presented values can be
interpreted as the average distance between Tacrolimus and creatinine level (or Tacrolimus and
eGFR level) per day using the corresponding measure.
Strategy A: interpolated
L½ distance

L1 distance

L2 distance

L∞ distance

DTW distance

ERP distance

Pearson distance

Spearman distance

L½ distance

L1 distance

L2 distance

L∞ distance

DTW distance

ERP distance

Pearson distance

Spearman distance
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Figure 3. Histograms of computed Creatinine-Tacrolimus (top two rows) and eGFR-Tacrolimus
distances (bottom two rows) over time series with interpolation.
Strategy B: non-interpolated
L½ distance

L1 distance

L2 distance

L∞ distance

DTW distance

ERP distance

Pearson distance

Spearman distance

L½ distance

L1 distance

L2 distance

L∞ distance

DTW distance

ERP distance

Pearson distance

Spearman distance

Figure 4. Histograms of computed Creatinine-Tacrolimus (top two rows) and eGFR-Tacrolimus
distances (bottom two rows) over time series without interpolation.

On the basis of the obtained distances, further evaluation of the eligibility of the time-series
similarity/distance measures for this domain can be performed. Since the value of eGFR is
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computed from the level of creatinine it is expected that the creatinine and eGFR values are
strongly correlated. These values are inversely proportional [42] so it is expected that the
distances Tacrolimus-creatinine and Tacrolimus-eGFR should also be correlated in the sense of the
opposite trend: if the Tacrolimus-creatinine distance for some patient is relatively high compared
to Tacrolimus-creatinine distances of other patients then the Tacrolimus-eGFR distance of the
corresponding patient should be low compared to other patients, and vice versa. Therefore, it can
be concluded that if the distances computed by one distance measure follow this rule then the
corresponding measure is appropriate for this domain.
To verify these observations we calculated the Pearson product-moment correlation coefficient
between Tacrolimus-eGFR and Tacrolimus-creatinine time-series distances over all patients for all
considered similarity measures. The Pearson coefficient produces values between –1 and +1.
Positive values indicate positive correlation, while negative values indicate negative correlation,
and values above 0.5 and below –0.5 are usually interpreted as strong correlation. The results are
given in Table 1.
Distance
Pearson coef.
with Strategy A:
interpolated
Pearson coef.
with Strategy B:
noninterpolated

L½

L1

L2

L∞

DTW

ERP

Pearson

Spearman

0.740

-0.753

0.844

0.881

-0.291

-0.738

-0.974

-0.994

0.849

-0.786

0.639

0.731

-0.317

-0.731

-0.972

-0.996

Table 1. Pearson coefficients for different distance measures.
It is known that creatinine and eGFR values are strongly inversely correlated [42] so the negative
correlations between the Tacrolimus-creatinine and Tacrolimus-eGFR distances are expected. In
both time-series generation approaches the most prominent distance measures are Spearman,
Pearson, L1, ERP and DTW in descending order. Spearman, Pearson, L1 and ERP give strong
correlations below -0.5 while the DTW produces notable but weaker correlation. The other
measures (L½, L2 and L∞) produce positive correlations and should be discarded as inappropriate
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for this domain. The correlations are generally slightly stronger in the non-interpolated time
series, which suggests that the non-interpolated technique is the more appropriate approach for
our task.
The DTW and ERP measures are based on dynamic programming and research results report that
the introduction of global constraints can improve the quality of these measures [10, 15, 16].
Global constraints are initially introduced in dynamic programming algorithms to prevent the
pathological mappings between relatively distant points. Two most common global constraints are
Sakoe-Chiba band [20] and Itakura parallelogram [21]. These constraints narrow the path in the
search matrix and as a consequence prevent some bad alignments, where a relatively small part of
one time series maps onto a large section of another time series.
In order to further analyze the quality of dynamic programming measures, we performed the
same experiment with constrained DTW and ERP measures. We calculated Tacrolimus-creatinine
and Tacrolimus-eGFR distances with both of measures, for different values of constraint r, using
the Sakoe-Chiba band. The constraint r is given as the percentage of the time series length. When
r is equal 100%, it represents the unconstrained measure. It can be said that constrained
measures for different values of r represent qualitatively different measures [15]. We calculated
Tacrolimus-creatinine and Tacrolimus-eGFR distances and Pearson coefficients for each integer
value r between 0 and 100 for both measures. The results are given in Figure 5.
Strategy A: interpolated
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Strategy B: non-interpolated

Figure 5. The values of Pearson coefficients for different values of constraints.
It is evident that DTW significantly improves performance for the smaller values of constraints.
The Pearson coefficients reach the value of -0.836 for the interpolated version with the value of
constraint 1% (for constraint 0% the DTW distance is equivalent to the used L1 baseline). On the
other hand, the ERP measure behaves differently: it exhibits poorer performance for the small
value of constraint. In addition, ERP even reaches positive values of correlation for small values of
constraints.
Motivated by previous observations we investigated further the quality of constrained DTW
measure with really small values of constraints. In this phase we performed the same kind of
evaluation as before with constrained measures, but with absolute values of constraints.
Previously, the constraints were given as the percentage of the time-series length, causing
different time series to have different absolute values of constraints depending on their length. In
this phase, we observe the behavior of the CDTW (Constraint DTW) measure with absolute
constraints between 1 and 10. The results are given in Figure 6.
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Figure 6. The values of Pearson coefficients for the CDTW measure with absolute constraints
(given as the number of days).
Since the values of Tacrolimus, creatinine and eGFR are taken on the daily basis, the values of
absolute constraints can be interpreted as follows: the value of an absolute constraint represents
the allowed number of days for which the time warping can be performed by the DTW algorithm.
Again, very small constraints perform the best and the interpolation technique produces better
results than the non-interpolated approach. The best overall results are obtained when the value
of the absolute constraint is equal to 1 (that is, first day) and the Pearson coefficient reaches the
value of -0.964.
3.2. Interaction of Tacrolimus Levels and eGFR
Henceforth, we will adopt eGFR as the primary indicator of renal function, as it adjusts the value
of creatinine using other significant data about the patient (age, gender and race). Based on the
evaluation described in the previous section, we measure the distances between Tacrolimus and
eGFR time series using the three most promising metrics: Spearman, Pearson and CDTW (1 day),
with Spearman and Pearson applied to non-interpolated data and CDTW to interpolated data.
Figure 7 shows the obtained histograms for the three distances. Since our primary objective is to
identify patients who are most sensitive to Tacrolimus administration, the rightmost parts of the
histograms are of particular interest, as these are the patients whose worse renal function
(smaller eGFR) coincides most frequently with high Tacrolimus levels.
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Figure 7. Histograms of distances between eGFR and Tacrolimus time series for Spearman,
Pearson and CDTW (1 day) distance.
In spite of having very similar high values of correlation between eGFR-Tacrolimus distance and
eGFR-creatinine distance as described in the previous section, there may still be differences
between sets of patients determined to be most sensitive to Tacrolimus by the three measures.
For example, selected sets of 10% of patients determined to have the highest eGFR-Tacrolimus
distance overlap 68.42% for Spearman and Pearson measures, 47.37% for Spearman and CDTW,
and 44.74% for Pearson and CDTW. Although the overlap is far from insubstantial, additional
criteria need to be taken into account in order to select the most appropriate measure for
determining patients sensitive to Tacrolimus. This prompted us to examine the interaction
between Tacrolimus levels and eGFR in more detail.
First of all, it is known and established in medical practice that the Tacrolimus drug needs to be
administered carefully, in balanced doses, since high Tacrolimus levels can cause kidney damage
and numerous adverse side effects. It is considered best practice to keep Tacrolimus levels as low
as possible, just high enough to prevent acute rejection, that way avoiding nephrotoxicity to the
maximum extent possible. In order to confirm this view in our data and examine the interaction
between extreme Tacrolimus blood levels and extremes of observed indicators of renal function,
we computed, for portion p% of patients, the overlap between sets of p% of patients with lowest
average Tacrolimus levels and worst average eGFR, and lowest average Tacrolimus levels and best
average eGFR, and varied p from 1 to 20 (the averages were computed over the whole time series
for each patient). Figure 8 (left) shows the resulting plot, including the expected random baseline,
which indicates that there is significant overlap between the set of patients with lowest
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Tacrolimus level (Low T), and worst eGFR (Bad G), suggesting an adverse effect of low Tacrolimus
levels on renal function. On the other hand, there is less overlap than (randomly) expected
between patients with highest Tacrolimus levels (High T) and worst eGFR (Bad G), signifying that
higher Tacrolimus does not necessarily lead to impaired renal function.
Conversely, Figure 8 (right) depicts the overlap between sets of patients with highest/lowest
Tacrolimus levels and best eGFR, suggesting the same conclusions as above: that high Tacrolimus
levels are preferred since they tend to lead to good eGFR, and that low Tacrolimus levels should
be avoided since they may not lead to good eGFR.

Figure 8. Overlap between portions of patients, up to 20% of the whole patient database, with
lowest/highest Tacrolimus levels and worst eGFR (left), and with lowest/highest Tacrolimus levels
and best eGFR (right).
However, our findings favor higher Tacrolimus instead of lowering the drug dosing as far as
possible to keep a sustained good graft function. One possible reason for this disagreement
between expert medical knowledge and the indicators measured in our data is clinical practice
where Tacrolimus doses are reduced in patients with chronic allograft failure to avoid
nephrotoxicity at the cost of an increased risk of allograft rejection, leading to a bias in our data
towards patients who are more resilient to the effects of high Tacrolimus doses, and less
responsive to changes in Tacrolimus levels with respect to kidney function indicators. To test this
hypothesis, instead of considering the full patient database when constructing the sets of p% of
patients with extreme values of Tacrolimus and eGFR indicators, we restricted the patient
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database to the 10% of patients that exhibited most sensitivity (responsiveness) to Tacrolimus. We
determined this sensitivity by taking the patients with the highest distance between eGFR and
Tacrolimus time series, for the three candidate distances: Spearman, Pearson and CDTW (1 day).
Figure 9 (top charts) shows the resulting plots for Spearman distance. In contrast to the previous
figure, lowest Tacrolimus levels now do not tend to overlap with worst eGFR, and high Tacrolimus
can lead to bad eGFR for patient portions between 15 and 20% (Figure 9, top left). Furthermore,
Figure 9 (top right) is almost a complete reverse compared to Figure 8 (right): patients with lowest
Tacrolimus levels strongly tend to have among the best eGFR levels, while patients with highest
Tacrolimus do not overlap with patients with best eGFR at all up to the portion of 10%.
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Figure 9. Overlap between portions of patients, up to 20% of the set of patients most sensitive to
Tacrolimus, with lowest/highest Tacrolimus levels and worst eGFR (left charts), and with
lowest/highest Tacrolimus levels and best eGFR (right charts), where the set of patients most
sensitive to Tacrolimus (encompassing 10% of the patient database) is determined by highest
Spearman (top charts), Pearson (middle charts), and CDTW 1 day (bottom charts) distance
between Tacrolimus and eGFR time series.
Figure 9 (middle two charts) shows the corresponding plots for Pearson distance. It can be seen
that lowest Tacrolimus levels do tend to overlap with worst eGFR (Figure 9, middle left), as in
Figure 8 (left), meaning that Pearson distance did not isolate the patients who deviate from the
majority of patients in this respect, as did Spearman distance. On the other hand, Figure 9 (middle
right) shows the same trends as Figure 9 (top right) for Spearman distance, albeit somewhat less
pronounced regarding the overlap between low Tacrolimus levels and best eGFR values.
Finally, Figure 9 (bottom charts) depicts the analogous plots for CDTW (1 day) distance. Both
charts signify practically no notable change from the majority behavior illustrated in Figure 8.

4. DISCUSSION
4.1. Identification of Appropriate Distances
Several conclusions can be drawn from experiments presented in Section 3.1, which were
performed for the purpose of evaluation of different time-series distance measures:
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Spearman and Pearson give the most promising results when observing unconstrained
distance measures;



In addition to producing data of smaller size, the non-interpolated approach generally
performs better or the same as the interpolated approach with unconstrained measures,
hence it is to be preferred in such cases;



Constrained DTW performs very well for relatively small values of constraints, while
constraining ERP does not produce useful results;



For the constrained DTW measure and for the relatively small values of the constraint
(less than 26%) interpolation time-series generation technique gives better results.

Further investigation of constrained DTW measure showed that very small constraints perform
the best and the interpolation technique produces better results than the non-interpolated
approach. The best overall results for constrained DTW measure are obtained when the value of
the absolute constraint is equal to 1 (the Pearson coefficient reaches the value of -0.964). This
observation suggests that if patients react to a change of Tacrolimus level, they tend to react
promptly, rather than with a time delay of more than one day. However, more accurate
estimation of reaction time is not possible at this moment since the data are collected on daily
basis.
4.2. Interaction of Tacrolimus Levels and eGFR
Based on the experiments and analysis presented in section 3.2, it can be said that the expected
patterns of interaction between Tacrolimus and eGFR were masked in our data by the abundance
of cases where patients were not sensitive to the drug (including cases of intentional stoppage of
Tacrolimus administration) , creating a bias in our data towards patients who are more resilient to
high Tacrolimus dosing, and less responsive to changes in Tacrolimus levels with respect to kidney
function indicators, as illustrated in Figure 8. The following examination summarized in Figure 9
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attempted to overcome this bias by locating that small portion (10%) of patients that are most
responsive to changes in Tacrolimus levels, and repeating the experiment only on that patient set.
We were most successful in detecting the “correct” patterns of interaction between Tacrolimus
and eGFR in the data using Spearmen distance when isolating the 10% of patients most sensitive
to Tacrolimus, where the behavior expected according to expert medical knowledge was
confirmed. Pearson distance had somewhat less success in this regard, and CDTW showed least
deviation from the majority “masking” behavior. Based on this evaluation we consider Spearman
distance to be the best candidate for fulfilling our primary objective of determining which patients
are most sensitive to Tacrolimus. Final judgment of whether Spearman, Pearson or CDTW distance
(or a combination thereof) is finally adopted will be made after careful manual inspection of
individual patient medical records and histories.
The medical hypothesis about the correlation between Tacrolimus-creatinine and TacrolimuseGFR distances, respectively, assumes a consistent distance between these time series. From the
medical point of view it is of crucial interest to investigate and find out why some distances of
time series of some patients differ from the hypothetical presumption, and particularly why some
patients’ renal function is very sensitive to Tacrolimus levels, while others’ is not. In this context, it
seems very promising to analyze other demographical parameters (e.g. surgery complications,
cold ischemia, infection episodes etc.) of the relevant patients determined by the distance
functions found to be most suitable. The aim is to identify patients that are at risk for calcineurin
inhibitor nephrotoxicity and might benefit from alternative treatments such as mTOR-inhibitors.
However, in most patients, we did not find a close association between impaired graft function
and higher Tacrolimus dosing. This indicates that in most patients, higher levels do not
automatically lead to a drop in renal function and the substance can safely be administered.
However, due to the observatory nature of our data, this finding is subject to some limitations.
First of all, overall Tacrolimus levels in our study population are reasonably low, so nephrotoxic
levels of Tacrolimus might be rare in our study population. Additionally, there are changes in the
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drug dosing during the last decade. As newer randomized-controlled studies suggest lower drug
trough levels [43], the clinical routine changed accordingly. In parallel, donor age has increased
during the last decade in the EUROTRANSPLANT region, which is known to be a strong predictor
for eGFR after transplantation [44]. Nevertheless, backed up by recent findings on the relevance
of donor specific antibodies in chronic graft failure [45], our observations do not support an
excessive calcineurin inhibitor avoidance strategy.
5. CONCLUSION AND OUTLOOK
It is known from clinical experience that kidney transplant patients’ sensitivity to adverse
immunosuppressive drug effects can vary greatly – from an immediate drop in renal function after
increased drug exposure to stable graft function over a long period of drug intake. In order to
enable effective determination of patients who are sensitive to the immunosuppressive drug
Tacrolimus, in this study we evaluated different similarity measures for comparing time-series of
drug trough levels and renal function. To achieve this goal we determined the appropriateness of
various time-series distance measures to the domain based on two criteria: preserving the
expected correlations between Tacrolimus-creatinine and Tacrolimus-eGFR distances, and ability
to detect the expected patterns of interaction between Tacrolimus levels and renal function, by
demonstrating from the data that Tacrolimus-sensitive patients tend to favor low Tacrolimus
levels and disfavor high levels, which is opposite from the pattern exhibited by the majority of
patients. Based on these criteria we identified Spearman, Pearson and DTW (constrained to 1 day)
distances as the most successful ones for the task of detecting Tacrolimus-sensitive patients, in
decreasing order of confidence.
Besides identifying useful distance measures, the results suggest that the majority of renal
transplant patients are not at risk of renal failure due to high Tacrolimus dosing. On the other
hand, our analysis revealed the existence of a relatively small proportion of patients whose
indicators of renal function are highly sensitive to Tacrolimus levels, with these patients exhibiting
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a stronger preference for low Tacrolimus dosing opposed to the majority sample. In future work, it
seems promising to analyze other demographical parameters of these patients in order to
determine the factors that lead to higher Tacrolimus sensitivity, with the ultimate aim of
identifying predictive rules based on these factors.
In future work it would also be interesting to consider the approach to processing time-series data
suitable for medical domains is presented in [46]. The authors propose solutions for a new
problem of finding time-series discords: subsequences of longer time series that are maximally
different to all the rest of the time series subsequences. Discords are particularly attractive as
anomaly detectors as they only require the length of the subsequence, in contrast to most other
anomaly detection algorithms that usually require many parameters. In future research it would
be interesting to apply these techniques on the renal-function cohort data to identify patients
whose creatinine, eGFR and Tacrolimus indicators deviate from those of others at a local level, as
opposed to the work presented in this article which considers distances and averages with respect
to whole time series.
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