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Time Varying Patterns of Organ Failure
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Abstract

We conducted a pattern analysis of the time evolution of organ fail-

ure (OF) in critically ill patients. We used the Sequential Organ Fail-

ure Assessment (SOFA) score to quantify OF in six organ systems in

a cohort of 1449 patients admitted to 49 intensive care units (ICU).

SOFA was obtained daily until the patient discharge from the ICU. By

recording only qualitative organ change, we constructed a model of time

evolution of OF, by which patient evolution trajectories are classified

based on their average SOFA score since admission and linear compo-

nent of the trend in SOFA for individual organ systems. To investigate

the dynamic interactions between patterns of OF, we estimated from

the model probabilities of transition between evolutionary classes on

each ICU day. The technique involves classifying the data into binary

patterns followed by the use of Chebyshev orthogonal polynomials to

further deliniate these patterns on an average plus trend basis.

PsycINFO Classification Categories and Codes: 2330, 2240
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1. Introduction

Critically ill patients that survive the initial insult to injury often proceed
to develop gradual dysfunction of multiple organ systems, generally starting
with lung dysfunction followed by liver, gut, and kidney dysfunction, organs
not necessarily involved in the primary disease; cf. [1], [5], and [9]. Multisystem
organ dysfunction syndrome (MODS), although recognized as a complication
of sepsis, also complicates conditions without a clear source of infection, such
as shock, massive transfusions, burns, and pancreatitis; cf. [8], [7], and [4].

Despite the heterogeneity of critically ill patient populations, mortality
prediction models based on relatively simple measures of severity based on a
limited number of physiologic variables appear to describe the outcome of co-
hort of patients well. However, accurate predictions for individual patients are
not possible from these models. Researchers have strived to integrate incre-
mental knowledge in prediction models with some success ( described in [2]),
but these efforts were not directly based on sound mechanistic understanding.

We hypothesized that the time dependent patterns of organ failure can be
grouped in a limited number of patterns and the description of those patterns
can be useful to gain insight into the mechanisms of MODS in critically ill pa-
tients and to provide improved individual prognoses. We therefore constructed
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a mathematical framework to describe and classify time dependent patterns
of organ dysfunction. We explored organ interdependence by describing the
relationship between patterns of organ dysfunction. We also explored the re-
lationship between individual outcomes and patterns of organ dysfunction.

The organ dysfunction is described using the Sequential Organ Failure As-
sessment (SOFA) score. The SOFA score, initially proposed by Vincent et al.
in [5] is composed of subscores for six organ systems, graded from 0 to 4 ac-
cording to the degree of dysfunction . The organs systems are the pulmonary,
cardiac, coagulation, neurologic, hepatic and renal systems, subsequently ab-
breviated as p, h, c, n, l, and r. The patient population and methods of
prospective data collection, data quality monitoring have been previously de-
scribed; cf [8]. Briefly, data was prospectively collected on a set of 1449 patients
from 40 intensive care units from 16 countries during the month of May 1995.
Demographic, physiologic and outcome variables were obtained on admission
and daily during the entire ICU stay in all patients 12 years of age or older.
Post surgical patients with expected lengths of stay of less than 48 hours were
excluded. The daily SOFA score for each organ system was calculated from
the worst value of the physiologic variable on which the score is based. The
attending physician assessed the presence or absence of infection on admission.
We assigned missing values by linear interpolation of preceeding and follow-
ing scores. If preceeding or following scores were absent, the SOFA score was
assumed to be the first or last recorded score.

2. Description of the data

The data, gathered by trained technicians, comes in the form of a matrix
with 11417 rows and 45 columns. Each row corresponds to a day in the inten-
sive care unit (ICU), during which time a total of 45 variables were measured
on the subject. These include the state of the major organs, the age, presence
of infection, temperature, survival outcome, and many other clinical measures.
General statistics on this data set appear in [8]. Since that time, however, the
database underwent some updating.

The main focus of this paper is on the six major organs. The organs are
(pulmonary, cardiac, coag, neuro, liver, renal) often abbreviated as (p, h, c, n,
l, r). They are always listed in this order. During each day a clinician ranks
the functionality of each organ by an integer between 0 and 4. The reading
represents a clinical assessment of the functionality of the organ at its worst
during that day. A reading of 0 indicates a perfectly functional organ, with
ordered dysfunctionality peaking at 4, which corresponds to an organ in the
worst form.
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General statistics

In terms of gender, the data involves 524 females, 909 males and 16 persons
of unknown gender. The overall death rate for females is 111/524=21.2%,
whereas in males it is 200/909=22%. The two ratios are not significantly
different. Unless there has been some gender filtering on admission of which
we are not aware, it is however interesting that males are nearly twice as likely
to land in emergency care.

On day 1, the day of admission, 407 were infected and 1042 did not show
signs of infection. The proportions for survivors among infected and nonin-
fected, respectively, are 246/407=60.4% and 867/1042=83.2%. A nonparamet-
ric test for equality of the two proportions, which is in fact a Gaussian test due
to the large sample sizes, informs us that the hypothesis of equality should be
rejected in favor of the alternative that the ratio of survivers is strictly greater
among the uninfected patients.

The median age for the entire data is 58, whereas among the patients that
die the median age is 65.

Basic daily dynamics

When sorted by patients, we have 1449 individuals each with a length of
stay ranging between 1 to 33 days. Of this total, 1131 survive, 313 die and
5 have an unknown survival status at the end of their stay in the ICU. We
display below the percentage of survivors during each day; specifically, beneath
day k is the ratio of patients that survived out of the total number of patients
that stayed exactly k days in the ICU.

Day 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Perc 74 76 87 83 84 80 80 81 82 71 64 70 68 81 76 68 63

Day 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33

Perc 92 60 60 70 67 82 83 50 50 100 50 100 100 75 82 50

The stay of a patient in the ICU until the day of release (or death) is
analogous to flips of a coin until a head turns up. The waiting time to the
first success can be modeled by a negative binomial distribution. In the next
section we shall investigate more closely the morbidity and the death patterns
that are found in the data.

Death patterns

Understanding the state of the organs on the day that a patient dies in
the ICU is of clinical interest, as expressed in [8]. We extend the univariate
statistics given there by a form of multivariate analogues. Multiorgan statistics



Time patterns of organ failure 2267

would highlight organ interdependence; however, due to the sparcity of the
data in its original coded system, such a study is not possible to make. To
circumvent this difficulty, at least in part, on the day of death we recode the
state of an organ by a 1 if its recorded reading is 2, 3 or 4, and by 0 otherwise;
this recoding registers only whether qualitatively an organ is in a diseased state
(1) or a healthy state (0). The organs are listed in the sequence (p, h, c, n, l,
r). If on the day of death a patient had the six organs in state (3, 2, 3, 0, 1, 4)
we record this as (1, 1, 1, 0, 0, 1) and furthermore translate it into decimal in
the form 1 · 20 + 1 · 21 + 1 · 22 + 0 · 23 + 0 · 24 + 1 · 25 = 39. We call 39 the death
class of (3, 2, 3, 0, 1, 4). There are 26 = 64 possible death classes within this
coding system.

Of the 313 patients who died two thirds fall within just 14 death classes.
The top row indicates the death class number, with the corresponding fre-
quency beneath it. Empty death classes are not listed. The 14 classes are:

34 39 59 41 3 55 0 35 11 47 9 63 8 43

8 9 9 10 12 13 15 15 17 17 18 19 23 24

These death classes, when expanded into their binary notation, tell us what
the most prevalent death patterns are. The highest probabilities of death, tied
at about 7.6% each, occur in organ pattern lung-heart-neuro-renal (pattern
43) and in critical neuro (pattern 8). Dying with all of the organs in critical
states (pattern 63) occurs also very frequently. Patterns 47, 11, and 35, all
describe multiorgan failure as the cause of death. The apparent exceptions
seen in patterns 8 and 9 involve neuro and neuro-pulm; these likely involve
patients that arrive in the ICU brain dead or become so shortly thereafter.

3. Trajectory trends

The problem we address regards the time evolution of the states of the
major organs, and the estimation of the probabilities of transition in the state
and trends of the organs over time. Specifically, knowing the evolution tra-
jectories of the organs of a patient to day k, can we (at least in broad terms)
predict what these trajectories will look like in the future? In particular, we
want to estimate transition probabilities of the following kind: given that by
day 7 a patient has critical pulmonary and heart problems, we estimate from
the data the chance that, for example, from day 8 to the end of his ICU stay
the patient will retain a critical heart condition, develop renal problems and
have the pulmonary condition downgraded to noncritical.
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The linear trend evolution patterns

Consider a patient that spends at least k days in critical care. Each organ is
represented by a time series sequence with 0, 1, 2, 3, 4 as possible entries. Fix
an organ and consider the time interval from day 1 to day k. To the resulting
time series trajectory of length k we associate either a 0 or a 1 to qualitatively
encapsulate the evolution of the organ during this time period. Intuitively a 1
indicates that the organ is in poor state on an average + trend basis; in other
words, when the average readings and the intuitive end minus beginning linear
momentum are added we obtain a high reading. A 0 indicates lack of such
a critical effect. This binary classification roughly separates trajectories that
show a critical average functionality of the organ with a potentially deterio-
rating upward momentum from other less critical evolution patterns. It is a
rough, but we feel useful, summary of the organ evolution during the first k
days of stay in intensive care. The reason we use a dichotomy to classify a
trajectory stems from the fact that the data is sparse and insufficient to allow
estimation of the many interorganic interactions that can occur over time. In
actuality the binary coding yields a quotient space for the data which carries
a lot fewer parameters, and each new coded data class is replicated as many
times as there are data points that carry the same binary code. By using such
binary coding of the data we shall be able to identify the largest and most
significant interaction effects, which we model as transition probabilities. For
the patient in question, at the end of day k we have organs (p, h, c, n, l, r)
described by a vector of four binary entries such as (1, 1, 0, 0, 1, 0). This
particular vector tells us that at the end of the k days in intensive care the pa-
tient has critical pulmonary, heart and liver conditions, with the other organs
in less critical form. Since each of the six entries can take two values (0 or 1)
we have 64 resulting classes.

It is worth observing that we can associate in this manner a class to any
patient over any contiguous time interval comprising at least two days. We
need at least two days in order to assess the two parameters, the average
reading and the linear trend. Our strategy is in fact as follows. For our data,
given a day k ≥ 2, and a patient that stays at least k + 2 days in the ICU, we
associate two classes to the patient: the class corresponding to the four organ
trajectories up to and including day k – which we call the before day k class, or
bk-class – and the class of the four organ trajectories from day k + 1 onward –
which is the after day k class, or ak-class. In this terminology, the problem we
address in this paper is to estimate the probability that a patient of a certain
bk-class evolves into an arbitrary ak-class for the remainder of his stay.

We now give a more detailed mathematical description of the nontechnical
explanation presented in the previous paragraphs. Our approach is to classify
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the evolution trajectories in each of the organs using Chebyshev orthogonal
polynomials before and after day k. This study uses a first approximation
which only includes the overall averages Ai and linear trends Li. A justification
for the selection of this model is based on clinical grounds. The state in
which an organ is found on arrival to the emergency care unit is perhaps the
most forceful determining factor as to how that organ evolves. Day 1 carries
therefore considerable weight in any model. The linear orthogonal polynomial
captures the linear trend by placing most weight on the first few days and
last few days (within the selected range of the trajectory) with the weights
diminishing as we approach the middle portion of the trajectory. The influence
that day 1 should exercise is thus captured in the linear effect of the model.

Focus attention on the period before day k. Meaningful classification of
trajectories proves a challenging task. As a start, for a trajectory of organ i,
on a given patient, we compute Ai + Li, where Ai is the mean value of the
state of organ i, and Li is the linear effect obtained upon fitting a regression
based on orthogonal polynomials with Ai and Li as effects. The trajectory of
the organ in question is now classified either as a 1, in case Ai + Li is greater
than 1.5, or 0, if it is less or equal to 1.5. Bin the resulting 4-tuples into the 64
classes mentioned before. We thus obtain the bk-classes. The ak-classes are
analogously obtained.

The full trajectory of a patient in our data set (if of length at least k + 2)
from day 1 to his release, has now a certain bk-class and a certain ak-class
attached. Consider, for example, surviving patient 601 who spends 9 days in
the ICU. For day k = 5, the patient’s bk-class and ak-class are obtained by
fitting a linear model of the type described above to each of the six organ
trajectories. Specifically, the time series trajectories for the nine days are:

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9

2 3 2 3 3 3 2 1 1

3 1 1 2 2 2 1 0 0

2 1 1 2 2 1 1 0 0

1 1 1 1 1 0 1 0 0

1 1 1 1 1 1 1 1 1

1 1 2 2 2 2 2 1 1

The corresponding orthogonal polynomial coefficients are:

Days 1-5 Days 6-9

A: 2.6 1.8 1.6 1 1 1.6 A: 1.8 0.8 0.5 0.2 1 1.5

L: 0.6 -0.3 0.3 0 1 1 L: -1.6 -1.6 -0.9 -0.2 0 -0.9
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It follows that the b5-class of patient 601 is (1, 1, 1, 0, 1, 1), and that the
a5-class in question is (0, 0, 0, 0, 0, 0). Patient 601 is a ”good news” patient.
He leaves the ICU with all organs in good condition.

Our aim is to use the data to estimate the bk-class and ak-class transfer
probabilities, that is, the probabilities that a patient with trajectories of bk-
class i will develop trajectories of ak-class j.

As a matter of notational convenience, associate to a patient trajectories a
binary vector, say (1, 1, 1, 0, 0, 1), to code his (bk- or ak-) class, then transfer
this into decimal to find the class 1·20+1·21+1·22+0·23+0·24+1·25 = 39 as it
appears on the charts and histograms. Class 39 contains therefore trajectories
that show pulm, heart, coag, and renal in bad shape in terms of state and trend,
with neuro and liver in relatively good form. [Clearly there are trajectories
that are exceptions to this rule, but hopefully not too many. A score of 0 could
occur with a high positive A and high but negative L, for example. There are
serious difficulties with meaningfully and effectively classifying trajectories by
the use of very few parameters.] Discrete data transforms, based on Welch
functions and related to the Hadamard transforms, have been used in [6] in
applications related to sleep patterns. The Chebyhev transforms are better
suited for use here since we want to extract low degree polynomial trends.
Nonparametric analyses of sequence data appears in [3], though in a rather
different context.

Before-after transition probability matrices

For a day k, k ≥ 2 , we use the data to calculate the before-after transition
probability matrix Tk. The matrix Tk has rows labeled by the 10 most signif-
icant bk-classes and columns labeled by the (usually not the same) 10 most
significant ak-classes. By the 10 most significant classes we mean the classes
that contain the 10 largest numbers of patients. The 10 most significant effects
encapsulate most of the relevant information, and the size of the matrices is
manageable for purposes of publication. For a detailed examination, the full
size 64-dimensional before-after transition matrices can be obtained from the
authors upon request. The entry of Tk corresponding to bk-class i and ak-class
j represents the probability that a patient who by day k has trajectories of
bk-class i, would subsequently evolve trajectories of ak-class j. Analysis of the
emerging bk- and ak-classes indicates that only a few ak-classes are probability
attractors. By that we mean that bk-classes transit with high probability only
to a few (attractor) ak-classes. The most prevalent attractor ak-classes are 0,
1, 8, 9, 32, followed by 11, 41, 3, 2, 63, by and large independent of the day
k; however the transition probabilities to these attractor states are specific to
the day. The attractors are easily recognized as 0 (complete cure), 1 (pulm),
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32 (renal), all stable post intervention states, with 2, and 3 (pulm-heart) less
so perhaps. States 8, 9, 41, 43, 63 are likely attractor death patterns.

The ak-classes we encounter with greatest frequency are 1, 0, 9, 8, 11, 3.
Class 19 (liver-heart-pulm) enters on day 8 and remains a significant presence
since day 18. From day 20 onward ak-class 32 (renal) sets in also. From about
day 23 onward the significant ak- and bk-patterns are virtually the same, as
one might expect for such long ICU stay. Below we include a 10 by 10 part of
the 64-dimensional Transition Probability Table associated with the 7th day of
stay.

0 1 8 9 32 43 17 11 2 63

0 23 20 2 2 2 53

1 25 11 2 2 3 1 48

9 8 3 9 11 1 1 38

3 10 8 1 2 28

8 5 2 8 3 1 22

55 1 2 13

11 4 2 3 1 12

15 1 1 1 1 1 2 1 10

7 2 2 1 10

35 1 1 2 9

116 65 36 29 20 10 9 9 9 8

In the above Table the rows are labeled by the 10 most prevalent bk-classes,
the columns are labeled by the 10 most prevalent ak-classes, the ith entry in
the column to the right of the Table is equal to the number of patients in bk-
class i, the jth entry in the row below the Table is equal to the total number
of patients in ak-class j, and the (i, j)th entry in the Table give the number of
patients that transit from bk-class i to ak-class j. Empty cells signify 0s. The
Table tells us that the probability of a patient with a pulm-heart condition
up to day 7 to evolve for the rest of the stay into condition pulm is equal to
8/28, or about 29%. Observe that the last column and last row of the Table
list the total number of patients in the respective bk- or ak-classes in the full
64-dimensional table, and not merely the totals that appear in the 10 by 10
subtable that we display.

Analysis of the transition tables allows us to inspect the time evolution
of probabilities of the following kind: Given that by day k the patient is in
state 3 (pulm-heart) what is the chance P (k) that from day k + 1 onward the
patient will evolve in either state 0 (healthy) or 1 (pulm)? We examine this
probability as a function of day k, 2 ≤ k ≤ 20 . In the specific case that we
focuss on, with P (k) expressed in percent, we obtain:
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k 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

P (K) 49 55 52 52 46 65 58 47 58 50 55 50 50 45 54 44 56

k 18 19 20

P (K) 62 60 67
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