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Abstract

Objectives: The current established mortality predictive models in the intensive care rely only on patient

information gathered within the first 24 hours of admission. Recent research demonstrated the added

prognostic value residing in the SOFA (Sequential Organ Failure Assessment) score which quantifies on

each day the cumulative patient organ derangement. The objective of this paper is to develop and study

predictive models that also incorporate univariate patterns of the six individual organ systems underlining

the SOFA score. A model for a given day d predicts the probability of in-hospital mortality.

Materials and methods: We use the logistic framework to combine a summary statistic of the historic

SOFA information for a patient together with selected dummy variables indicating the occurrence of

univariate frequent temporal patterns of individual organ system functioning. We demonstrate the appli-

cation of our method to a large real-life data set from an Intensive Care Unit (ICU) in a teaching hospital.

Model performance is tested in terms of the AUC and the Brier score.

Results: An algorithm for categorization, discovery, and selection of univariate patterns of individual organ

scores and the induction of predictive models. The case-study resulted in 6 daily models corresponding

to days 2 to 7. Their AUC ranged between 0.715 to 0.794 and the Brier scores between 0.161 to 0.216.

Models using only admission data but recalibrated for days 2 to 7 generated AUC ranging between 0.643

to 0.761 and Brier scores ranged between 0.175 to 0.230.

Conclusions: The results show that temporal organ failure episodes improve predictions’ quality in terms

of both discrimination and calibration. In addition, they enhance the interpretability of models. Our

approach should be applicable to many other medical domains where severity scores and sub-scores are

collected.

Keywords: Prognostic models, frequent episodes, temporal patterns, Intensive Care, organ failure scores.
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3.1 Introduction

The prediction of patients’ outcomes such as mortality and length of stay in the intensive

care unit (ICU) receives much attention in the medical as well as in the AI in medicine

communities. The importance of prognostic models stems from their usefulness in sup-

porting decision making at both the individual patient as well as the group levels [1]. The

established prognostic models, which are primarily used for quality of care benchmarking

among ICUs, predict the probability of patient death based on information collected within

the first 24 hours of patient admission. The summaries, such as the APACHE-II [2] and

SAPS-II [3], attempt to quantify the severity-of-illness of a patient and are used as covari-

ates in a logistic regression model to predict the probability of mortality (see appendix).

For example the SAPS-II model predicting the probability of mortality outcome is defined

in the literature as follows:

P (Y = 1|SAPS) = e−7.7631+0.0737·(SAPS)+0.9971·log(SAPS+1)

1+e−7.7631+0.0737·(SAPS)+0.9971·log(SAPS+1)

where Y = 1 indicates death, and SAPS is the SAPS-II severity-of-illness score ranging

from 0 to 163. The expression in the exponent, in the above model

−7.7631+0.0737 ·(SAPS)+0.9971 · log(SAPS+1), is called the linear predictor which

characterizes a logistic regression formula.

The introduction of electronic patient record systems, most pronounced in the last

decade, facilitated the collection of data during the patient’s stay in the ICU. In particular,

some ICUs started collecting the Sequential Organ Failure Assessment (SOFA) scores [4]

on each day of ICU stay. A SOFA score is an integer ranging from 0 to 24 that quantifies

the derangement of all organs of a patient on a given day, the higher the score the greater

the derangement. The SOFA score is calculated as the sum of 6 individual organ system

failure (IOSF) scores, each ranging between 0 and 4. These individual organ systems are:

respiratory, coagulation, hepatic, cardiovascular, central nervous system, and renal.

SOFA and IOSF scores were originally meant to merely describe a patient population,

although there is an emerging perception about the benefit in systematically analyzing

49



them. Such analysis should be assisted by a computer as there is much data and there is

evidence showing that physicians have problems in interpreting information residing in such

temporal data [5]. In our work we are particularly concerned with the use of such temporal

data in the following problem: for a given day d of ICU stay, predict for patients staying

at least d days, the probability of their eventual survival status at discharge from the

hospital1 (regardless of when this happens). Figure 3.1 illustrates the prediction problem.

Figure 3.1: One patient’s temporal data, SOFA and IOSF scores, used for prediction. Given prediction
day d only the data from the first d days, the boxed data, are used for prediction.

In recent work [6] we proposed a new method to address this problem in which SOFA

scores are integrated in a logistic regression model to generate daily predictive models,

one model for each day d. The method, more elaborated on in the next section, is

based on the idea of using frequent temporal patterns, called episodes, of SOFA cat-

egories as covariates in the logistic model. For inclusion in the prognostic model, an

episode will be represented by an indicator variable coding its presence in a patient data.

1hospital mortality includes deaths in the ICU and in the hospital after an ICU stay.
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For example, consider the episode <High,High,High> of categorized SOFA scores. It

corresponds to a pattern of high SOFA values in 3 consecutive days. An example of

a linear predictor of a logistic regression model using this episode is: LP=β0 + β1·

I[<High,High,High>] where I[<High,High,High>] represents the indicator variable of

the episode <High,High,High>. The variable will take the value 1 if the episode occurs

in the patient, and otherwise 0. For notational simplicity we will use in the sequel the

episode itself in the linear predictor instead of the indicator variable I(·).

Although the SOFA episodes improved predictions, the use of only SOFA scores gave no

insight into the qualitative and quantitative contribution of the individual organ systems to

mortality. In fact it is unclear whether the IOSF scores would further improve the quality of

predictions because these scores are correlated with the SOFA scores. For example, in our

case-study the correlation between the SOFA score and its IOSF components ranged from

0.45 (with the cardiovascular system) to 0.55 (with the coagulation system). Correlation

among the various IOSF scores ranged between 0.01 (the central nervous and the renal

systems) and 0.33 (the respiratory and the cardiovascular systems). A preliminary analysis

reported in [7] suggested that IOSF information has the potential to further improve the

predictive performance compared to the aggregate SOFA score alone. In this paper we

extend and elaborate on the work reported in [7] in terms of the method and the case-

study. The enhancements include using an improved SOFA summary statistic in the

models; the addition of a new kind of SOFA model; the application of a data-driven

discretization approach to the organ failure categories; the inclusion of ROC analysis for

investigating the discriminative ability of the models; the addition of a new dataset that

became available from the same ICU; and the extension of the analysis for predictions to

days 6 and 7, hence generating models for each day of prediction d, d ∈ {2, 3, ..., 7}.

In our approach we address the issue of correlation between the SOFA and IOSF

scores by summarizing the historic SOFA information in one statistic and by capturing

the evolution of individual organ system failure status (see below for the definition of

“failure” and “non-failure”) in frequent temporal patterns (called frequent episodes). We
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use a weighted mean of the SOFA scores where more weight is assigned to values closer to

day d providing them with larger influence since they describe the most accurate patient

condition known at that time. This summary statistic and the organ failure (OF) frequent

episodes are used as covariates in the familiar logistic regression framework. We report on

the application of our method to a large real-world data set and demonstrate the added

value in interpreting the models and in their improved predictive performance.

The rest of the paper is organized as follows. Section 3.2 describes the proposed

method to induce models based on the organ failure episodes and the data types it

operates on. It also reports on the results of the preprocessing stages such as the dis-

cretization of SOFA and organ failure scores. Section 3.3 describes the case-study used

for demonstrating the method and reports on the obtained prognostic models and their

performances. We discuss our method in Section 3.4 and put it in perspective by relating

it to other work.

3.2 Data and methods

3.2.1 Data

We deal with two kinds of data. The first concerns the static data collected during the

first 24 hours of admission. In this paper we will always summarize this information by

means of the score SAPS-II [3] (in short just SAPS). The second kind of data concerns

the temporal data represented by the SOFA score and its 6 components (IOSF scores)

each describing the organ dysfunction level in one of the following organ systems: respira-

tory (Resp), coagulation (Coag), hepatic (Hepa), cardiovascular (Cardio), central nervous

system (CNS), and renal (Ren). The SOFA score and its components are collected for

each patient in the ICU on daily basis.

Table 3.1 shows an example of data for a patient who stayed for 4 days in the ICU

before dying on the fifth day.
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Table 3.1: Example of available temporal data for an ICU patient admitted for 4 days. The SOFA scores
indicate a constant deterioration in organ functioning.

Day SOFA Resp Coag Hepa Cardio CNS Ren Outcome
1 10 4 2 0 0 1 3
2 12 4 1 2 1 2 2
3 14 4 2 2 0 4 2
4 15 4 1 2 1 4 3
5 – – – – – – – died

The available data used in our case-study originate from the adult ICU of the OLVG

hospital, a large teaching hospital in Amsterdam. In line with the established SAPS

exclusion criteria, patients admitted after cardiac surgery, patients admitted with severe

burns and patients younger than 18 years were excluded from the analysis (see details

about data preprocessing in [6]) where a smaller data set was used but without applying

these exclusion criteria. Applying the exclusion criteria resulted in a population of 2928

patients. Missing values occurred simultaneously for SOFA and its IOSF scores (in 226

cases) and were imputed using the maximum of the left and right adjacent SOFA or IOSF

score (28 cases), or the adjacent value itself when the first or last days are missing (198

cases). Ten cases were dropped since 2 or more consecutive values were missing. Table 3.2

summarizes the main characteristics of the available data included for the analysis.

The hospital mortality rate in the sample was 24% and the median length of stay

(LOS) in the unit was larger in the non-survivors. The descriptive statistics show in

essence that not only the static data represented by the SAPS and the SOFA score give

an indication about the mortality but also the IOSF scores. The mean values of the organ

failure scores, SOFA and IOSF, are to various extents larger in the non-survivors than

survivors. In medical terms the score values of 3 and 4 are regarded as organ failure.

The mean number of organ failures shown in Table 3.2 reinforces our expectation that

the non-survivors tend to have a more serious medical condition. However this does not

explain how to put the information residing in the IOSF scores into use for prediction and

how good can they perform this task. To this end we need to rely on prognostic models.
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Table 3.2: Descriptive statistics of the patient sample. The (C.I.) represents the 95% confidence interval
of the bootstrapped mean.

Survivors Non Survivors

N 2200 728

Admission Type (%)
Medical 55 77
Urgent 21 14

Planned 24 9

Mean age ± SD (years) 61 ± 17 68 ± 14.5

Sex
Male/Female (%) 60 / 40 62 / 38

Median LOS 1.75 3

Mean SAPS (C.I.) 39 (38.73, 40.01) 61 (59, 61.97)

Mean SOFA (C.I.) 7.3 (7.21, 7.32) 9.6 (9.5, 9.68)

Mean # org. fail. 4.4 9.8

Mean Resp (C.I.) 3.5 (3.48, 3.51) 3.75 (3.73, 3.77)

Mean Coag (C.I.) 0.8 (0.78, 0.83) 1.03 (0.99, 1.07)

Mean Hepa (C.I.) 0.26 (0.24, 0.27) 0.46 (0.43, 0.49)

Mean Cardio (C.I.) 1.61 (1.6, 1.63) 1.86 (1.84, 1.88)

Mean CNS (C.I.) 0.32 (0.3, 0.34) 1.11 (1.06, 1.16)

Mean Ren (C.I.) 0.76 (0.73, 0.78) 1.36 (1.32, 1.40)

3.2.2 Methods

In this paper we will refer to the following types of prognostic models, each will be trained

for any specific day of prediction:

• The static model : a model based only on the SAPS. The form of its linear predictor

= α0 + α1 (SAPS) + α2 log(SAPS + 1).
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• The SOFA-model : a model using the SAPS together with SOFA episodes (as de-

scribed in [6]).The form of its linear predictor =

αS,0 + αS,1 (SAPS) + αS,2 log(SAPS + 1) +
∑

i=1(βS,i SOFA.Episodei).

• The wSOFA-model : a model using SAPS and the a weighted average of SOFA

scores. The form of its linear predictor =

αwS,0 + αwS,1 (SAPS) + αwS,2 log(SAPS + 1) + αwS,3wSOFA.

• The OF-model : a model using all of the following three elements: SAPS, a weighted

average of SOFA, and organ failure episodes. The form of its linear predictor =

αF,0+αF,1 (SAPS)+αF,2 log(SAPS+1)+αF,3wSOFA+
∑

i=1(βF,iOF.Episodei).

The OF-models, which form the major interest in this paper, will be compared to the

other models for assessing the prognostic merits of the OF-episodes relative to the static

SAPS data, and SOFA summaries and episodes.

Previous work [6] introduced an approach for inducing SOFA-models using the logistic

regression framework. This method can be described as a generic process defined by the

following steps:

1. Categorization of scores

2. Discovery of frequent episodes in the categorized scores

3. Model fitting using the frequent episodes

4. Evaluation of the models

This generic process forms the backbone for the induction of the SOFA-models and

the OF-models in this paper and is described below. We will use the split-sample design

for training and testing. The original data set will be split once (in the ratio of two thirds

for training and one third for testing). Model fitting and hence the episodes discovery

are based on patient cases in the training set for the corresponding day of prediction

(i.e. patients that stayed in the ICU at least up to the day of prediction) and the model

performance will be evaluated on cases from the corresponding test set. For each day of
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prediction d there is one prognostic model. It is built in one run on the corresponding

training set and tested once on the test set to obtain the performance measures. The

training and test sets for day d are the sub-sets of records of length d for patients staying

at least d days. No temporal information is used beyond day d for training and testing

the models.

Categorization

The temporal data is transformed from its original quantitative representation to a qual-

itative one for better interpretability as well as for accommodating the next steps of the

method. In [7] we adopted an IOSF score categorization based exclusively on medical

knowledge. This resulted in two categories: non-failure (NF) for IOSF scores values

{0, 1, 2} and failure (F) for the values {3, 4}. In this work we opt for creating two cate-

gories for each organ system score based on the median value: values below the median

value of an organ system are assigned to the first category (c1) and those greater than

the mean are assigned to the second category (c2). This allows for a flexible cut-off point

depending on the availability of data so c1 and c2 can vary for the various organs systems.

The median of an organ system is calculated from the scores of that organ in all available

days. This means that once the categories are derived, their value is fixed across all days

to facilitate interpretation. We will still refer to the categorization as organ failure (OF)

categorization although the categories do not necessarily correspond to the {0, 1, 2} and

{3, 4} categorization.

In the OF categorization, all the training data, regardless of the day of prediction, were

used (see the Discussion section for an alternative approach in which the categorization

is performed per day). The resulting OF categories were:

1. Respiratory system - category 1 (c1) for values in {0, 1, 2, 3} and category 2 (c2)

for value 4

2. Coagulation system - category 1 (c1) for value 0 and category 2 (c2) for values in

{1, 2, 3, 4}
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3. Hepatic system - category 1 (c1) for value 0 and category 2 (c2) for values in

{1, 2, 3, 4}

4. Cardiovascular system - category 1 (c1) for values in {0, 1, 2} and category 2 (c2)

for values ∈ {3, 4}

5. Central nervous system - category 1 (c1) for value 0 and category 2 (c2) for values

in {1, 2, 3, 4}

6. Renal system - category 1 (c1) for values ∈ {0, 1} and category 2 (c2) for values in

{2, 3, 4}

The SOFA score values were categorized in three equal groups based on quantiles. The

SOFA transformation is reused from our previous work [6]. The cutoff points were {6, 9}

resulting in the three categories: Low (L) for values in {0, ..., 6}, Medium (M) for values

in {7, 8, 9}, and High (H) for values > 9.

Frequent episode discovery

The discovery of frequent temporal patterns called frequent episodes is performed on the

data in their qualitative representation (i.e. the categories obtained after discretization).

The discovery is data-driven and is performed on the training set using only the data

available until and for the day of prediction d. We mine for a specific kind of episodes:

those aligned to the day of prediction and including consecutive days. For example, given

the patient’s sequence c2,c2,c1,c2,c1 starting at admission day, then for d=2 the

episode <c2,c2> occurs in the patient data because aligning the episode at day 2 (i.e.

positioning the last c2 in the episode at the second element in the patient’s sequence) it

matches the subsequence c2,c2 in the patient sequence. However, for d=4 the episode is

not aligned to the patient’s sequence. The decision to use aligned episodes is motivated

by the belief that the days before prediction are more relevant than information at earlier

days.

The discovery procedure is based on the A-priori episode mining algorithm [8] that we

adapted to the problem of consecutive aligned episodes. An episode is said to consist
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of a sequence of events. The algorithm makes use of the downward closure property [9]

which implies that a length-N episode cannot be frequent if, in our case, its length-N −1

sub-episode is not frequent. For example if the OF-episode <c1,c2,c2,c1> is frequent

then <c2,c2,c1> must be frequent too because the occurrence of the first implies the

occurrence of the second. This is because the episode <c1,c2,c2,c1> is obtained by

extending backwards <c2,c2,c1> with the event c1. The downward closure property

allows the pruning of the search space. In general, an episode aligned to day d is said

to be frequent when its frequency rate in the subset of patients staying at least d days

exceeds a pre-specified threshold (e.g. 5% of cases) referred to as minimum support rate.

The discovery process continues until no more frequent episodes are encountered. The

procedure is an iterative process as formalized in Algorithm 3.

Algorithm 3 Discovery of frequent consecutive and aligned episodes, for SOFA and OF, given day d of
prediction

• d - day at which hospital mortality prediction is required

• E - set of frequent episodes - length 1 to d

• Ecurrent - set of frequent episodes discovered in the last iteration

• Events - set of events representing all possible values in an episode. For SOFA the set of events is
{L, M, H}. For OF the set of events for each organ system is {c1, c2}

• Cand - set of candidate episodes to be assessed for frequency

1: i ← 0, E ← {}, Cand ← Events
2: repeat
3: i ← i+1
4: Ecurrent ← all frequent episodes in Cand

/* SOFA example for i=2: Ecurrent = { < L, H >,< M, M >, ...} */
/* OF example for i=2: Ecurrent = {< c1, c1 >,< c2, c1 >, ...} */

5: E ← E ∪ Ecurrent
/*SOFA example for i=2: E = {<H>, <M>, <L>, <L,H>, <M,M>, ... } */
/* OF example for i=2: E= { <c1>, <c2>, <c1,c1>, <c2,c1>,...} */

6: Cand ← extend backwards each element in Ecurrent
/* Example: extending the SOFA episode <L,H> results in <L,L,H>, <M,L,H>, and <H,L,H> */
/* Example: extending the OF episode <c1,c1> results in <c1,c1,c1>, <c2,c1,c1> */

7: until (Ecurrent={} or i=d)

The frequent episode discovery strategy is used to obtain both SOFA and OF frequent

episodes. The SOFA events consist of L, M, and H and the events for the OF episodes
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consist of c1, and c2 (recall that c1 and c2 may refer to different organ scores depending

on the specific organ system).

Model fitting

Not all the frequent OF or SOFA episodes are relevant for prediction and their excessive use

can lead to overfitting. Our feature selection is founded on an iterative backward variable

elimination strategy where at each step the least predictive variable is removed from the

model’s covariate list. The decision on the least predictive variable in each iteration is

based on an information-theoretic measure, the Akaike’s Information Criterion (AIC) [10]

which avoids several drawbacks related to the common stepwise variable selection using

statistical significance testing based on p-values [11]. A strategy based on using p-values is

believed to be appropriate only for a pre-specified model. The problem is only exacerbated

when there is a large set of candidate covariates.

The AIC is defined as −2logL(θ) + 2k where L(θ) is the maximized likelihood [12] of

the model and k is the number of free parameters in the model. Hence the AIC trades off

predictive performance for parsimony by penalizing the number of variables included in the

model. Parsimony is important in order to avoid overfitting. The covariate subset resulting

in the best model (i.e. with minimum AIC) is searched for heuristically by fitting a model

including all candidate covariates and then eliminating the least predictive covariate – the

one associated with the highest AIC– one by one until the AIC cannot be decreased. In

the iteration with N variables, models based on all subsets of size N − 1 are considered

and the process continues only if at least one model with N − 1 variables further reduces

the AIC.

A problematic aspect during model selection is the phenomena of collinearity. This is

a situation where a covariate in the model can be well predicted by other variables of the

model [11]. This leads to instability of the model and jeopardizes the interpretability of the

β coefficients in the logistic model (see appendix) since the interpretation is based on the

idea of studying a change of a covariate while fixing the others. However, due to collinearity
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they cannot be considered as being fixed. While in [6] we embedded in the model selection

a strategy for eliminating a special case of collinearity called logical entailment, in the

current work we will make use of a simpler collinearity reduction plan both for the OF-

model and SOFA-model induction. We say that OF (aligned and consecutive) episode

<c1,c2,c2> logically entails episode <c2,c2> since the occurrence of the first in a patient

implies the occurrence of the second episode. To eliminate the logical entailment we

included a ranking step in the modeling stage. For each one of the six organ systems,

all its discovered frequent OF episodes are ranked, from those with smallest (best) AIC

value to the largest, based on an univariate analysis between mortality and the episode

as depicted in Algorithm 4. Given an organ system, for each of its frequent episodes, a

linear model for mortality prediction is fit using as independent variable the episode itself.

The AIC of the resulted model will be used for assigning a rank to the episode. For each

organ system we retain only its highest ranked frequent episode. This eliminates logically

entailed episodes and provides simple models. There is the risks of eliminating other

possibly useful episodes but with only 2 categories (c1 and c2) any two aligned episodes

are at least partially correlated. The retained episodes are then fed into the AIC-based

feature elimination strategy described above.

Finally, we use background (medical) knowledge to eliminate model’s covariates having

coefficients not compliant with clinical expectations. This is revealed by the association

between the episodes in a model and their coefficients’ signs.

For the OF episodes we eliminate those having:

1. a negative β for episodes ending in c2

2. a positive β for episodes ending in c1

For example the length 2 aligned episode <c2,c1> with a positive coefficient in a model

will be eliminated and so will be the episode <c2,c2,c2> with a negative coefficient in a

model.
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In the case of SOFA episodes we remove the episodes in the logistic regression model

described by:

1. a negative β for a SOFA episode ending in H or for episodes ending in a worsening

of the medical condition up to day of prediction (e.g. <L,M>)

2. a positive β attached to low (L) SOFA values or recovery up to day of prediction

e.g. <H,M>.

Keep in mind that a negative coefficient reduces the probability of mortality, and a

positive one increases it. A similar idea was introduced in [13] under the name “sign OK”

defining variable selection based on the plausibility of the sign of the regression coefficient.

In Algorithm 4 a summarized description of the above model fitting method is provided.

Algorithm 4 Description of the OF-model fitting strategy for day of prediction d.

• I[e] - indicator variable coding for the occurrence of episode e aligned to day d in the patient data

1: BestEpisodes← {}
2: for (organ system i; 1 ≤ i ≤ 6; i+ +) do
3: EcurrOrg ← frequent episodes of organ system i
4: BestEpisodei ← argmine∈EcurrOrg

extractAIC(LP = βi,0 + βi,1I[e])
5: BestEpisodes← BestEpisodes ∪BestEpisodei
6: end for
7: model ← fitLogReg (LP = SAPS+log(SAPS+1)+wSOFA+BestEpisodes, type =“backward

variable selection”,method =“AIC”)
/* fitting a logistic regression model for mortality using backward variable elimination with the AIC
criterion. The initial covariates are SAPS, log(SAPS+1), weighted SOFA and the best OF episodes
in BestEpisodes */

8: covariates← SelectVariables(model, type = “KB”, method =“signOK”)
/* Knowledge based elimination of covariates not complying with the “sign OK” criterion */

9: finalModel ← fitLogReg(SAPS + log(SAPS + 1) + wSOFA + covariates, type =“backward
variable selection”, method =“AIC”)

For each SOFA- and OF-model the corresponding static-model is fit by using the SAPS

as the only variable and the wSOFA-model is fit by using the SAPS and the weighted SOFA

as covariates. The weighted SOFA mean in a patient for the day of prediction d is given

by the following expression:
∑d

i=1(wi·SOFAi)

d
where SOFAi denotes the SOFA score value

of the patient at day i of stay and wi represents the weight associated with it. The used

weighting scheme establishes the following relations for day i, i ≤ d: wi = i · w1, and

w1 = 1∑d
i=1 i

.
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Evaluation

For each day of prediction d a test set for that day is created by selecting patients, from the

randomly drawn test set of patients, that stayed at least d days in the ICU. We evaluate

the model predictions on two aspects: the calibration of probabilities and discrimination

between survivors and non-survivors. Together they provide more insight than each of

these aspects alone.

We use the accuracy measure of the Brier score defined as 1
N

∑N
i=1(P (Yi =

1 | xi) − yi)
2, where N denotes the number of patients, and yi denotes the actual

outcome for patient i. The vector xi represents the covariate values for patient i. The

Brier score is sensitive to the calibration of the probabilities. It is a strictly proper scoring

rule [14] which, unlike measures such as the Area Under the (ROC) Curve (AUC), means

it is optimal only when the true probability of the event is predicted. The Brier score

ranges from 0 to 1 with lower values indicating more accurate predictions. A non-skilled

model giving all subjects a 50% chance of the event results in a Brier score of 0.25.

To test for statistical significance in performance differences between models we used

the non-parametric bootstrap [15] method with 1000 bootstrap samples of differences

in the Brier score for each patient. The 1000 mean differences generate a bootstrap

distribution. The approximate 95% confidence interval is obtained from the 2.5% and

97.5% quantiles. Hence, a statistically significant difference at the 0.05 level corresponds

to the case where the confidence interval excludes 0.

The AUC is the measure we use to characterize the discrimination performance of the

models. A non-discriminating model (e.g. giving all subjects the same probability) will

result in an AUC of 0.5. An AUC > 0.8 is considered good, and an AUC between 0.6

and 0.8 is considered moderate, a value below 0.6 is considered poor (for example when

the classes are hardly separable and/or the model is poor). Compared to the Brier score,

the AUC describes how good the model separates between the two classes of patients,
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the survivors and the non-survivors, in terms of assigning larger probabilities to the non-

survivors than to survivors. The statistical significance, at the 0.05 level, of the differences

in the AUC (one for each model) from different types of models was assessed using an

implementation of the non-parametric approach described in [16] by DeLong et al. This

test is based on the asymptotic convergence to the AUC of the U-statistic for comparing

distributions of values from two samples. For the statistical significance of the difference

between two AUCs a jackknife approach to estimate the covariance between them is

applied.

3.3 Results

Based on the method described above, OF-models corresponding to the ICU days 2–7

(day 1 can not show temporal evolution), were built for predicting hospital mortality. The

size of the training and testing sets decreases with the day of prediction (because patients

may die or leave the ICU on each day). In our setup we had for day 2 to 7 the following

sizes, respectively, of the training-testing sets:

{1281, 549}, {952, 408}, {702, 301}, {554, 238}, {431, 185}, and {349, 150}. Although

the original data set was split in the ratio of two thirds for training and one third for

testing (corresponding to 1952 and 976 patients) this ratio is not necessarily obtained for

the days from 2 to 7. The ratio per day is dependent on the number of patients in the

original split that happened to stay at least that number of days. The number of frequent

episodes, with a threshold of 5% for minimum support rate, of each type and for every

day of prediction is depicted in Table 3.3.

To illustrate the episodes, Table 3.4 shows the SOFA and OF frequent episodes dis-

covered for prediction day 4.

Each OF-model is to include the SAPS covariates (SAPS, log(SAPS+1)) from the

original SAPS-II models and, potentially, after variable selection the weighted average

SOFA and frequent OF episodes. For comparative purposes the same training set was

used to induce the static-, SOFA- and wSOFA-models for the given day.
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Table 3.3: Number of SOFA and OF frequent episodes discovered for each day of prediction. In episode
discovery only data til day d is considered of the patients staying at least d days.

Day 2 Day 3 Day 4 Day 5 Day 6 Day 7
SOFA 8 16 20 21 25 28
Resp 5 7 10 15 15 21
Coag 4 6 8 10 12 14
Hepa 3 4 5 6 7 8
Cardio 4 5 6 7 8 9
CNS 5 9 9 10 12 14
Ren 4 6 7 9 12 14

Table 3.4: Consecutive and aligned SOFA and OF frequent episodes for d=4. The episodes are discovered
from the first 4 days of data of patients with length of stay ≥ 4.

Episode Type Discovered episodes

<L,L>, <M,L,L>, <H,H>, <H,M>, <L,L,L,L>,

SOFA <H,H,H>, <H,H,M>, <M,M,M,M>,

<M,H>, <M,M>, <M,L>, <M,M,M>, <M,M,L>, <H,M,M>,<H>,

<M>, <L>, <H,H,H,H>, <H,H,H,M>, <L,L,L>

<c1,c1>, <c2,c2>, <c2>, <c2,c1>,

Resp <c2,c2,c2,c2>, <c2,c2,c2,c1>, <c1>,

<c1,c1,c1>, <c2,c2,c2>, <c2,c2,c1>

<c2>, <c1>, <c2,c2>, <c1,c1,c1>,

Coag <c1,c1,c1,c1>,<c1,c1>, <c2,c2,c2,c2>,

<c2,c2,c2>

Hepa <c1,c1,c1>, <c2>, <c1>,

<c1,c1>, <c1,c1,c1,c1>

Cardio <c1,c1>, <c2>, <c1,c1,c1>,

<c1>, <c2,c1,c1,c1>, <c1,c1,c1,c1>

<c2,c1,c1>, <c1,c1>, <c2>, <c1>,

CNS <c2,c2,c2>, <c1,c1,c1>, <c1,c1,c1,c1>,

<c2,c2>, <c2,c2,c2,c2>

Ren <c1,c1,c1>, <c2,c2>, <c1,c2>, <c1,c1>,

<c2>, <c1>, <c1,c1,c1,c1>
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Table 3.5: Temporal and static models for days 2–7 of ICU stay described by their linear predictors (LP s).

Day Model type Linear predictor

2 static -7.48 +0.038·SAPS +1.15·logSAPS
SOFA -6.03 +0.029·SAPS +0.87·logSAPS +0.69·<H,H> -0.45·<L>
wSOFA -7.96 +0.023·SAPS +1.12·logSAPS +0.3·wSOFA
OF -8.83 + 0.01·SAPS +1.60·logSAPS +0.19·wSOFA+0.90·CNS<c2,c2>

3 static -9.31 +0.022·SAPS +1.85·logSAPS
SOFA -8.33 +0.005·SAPS +1.77·logSAPS +1.06·<H> -0.54·<L>
wSOFA -10.82 -0.002·SAPS +2.02·logSAPS +0.72·wSOFA
OF -9.83 -0.003·SAPS +1.9·logSAPS +0.5·wSOFA +1.1·CNS<c2>

4 static -11.58 -0.003·SAPS +2.75·logSAPS
SOFA -9.07 -0.013·SAPS +2.43·logSAPS -1.82·<L> -0.8·<M,M>
wSOFA -13.67 -0.031·SAPS +3.09·logSAPS +1.04·wSOFA
OF -13.12 -0.039·SAPS +3.29·logSAPS +0.66·wSOFA

+1.28·CNS<c2> -0.37·Ren<c1,c1>

5 static -9.68 +0.0049·SAPS +2.21·logSAPS
SOFA -7.45 -0.001·SAPS +1.71·logSAPS +0.71·<H>-0.85·<L>
wSOFA -11.53 -0.02·SAPS +2.55·logSAPS +1.01·wSOFA
OF -11.27 -0.02·SAPS +2.76·logSAPS +0.66·Resp<c2,c2,c2,c2,c2>

+0.65·Coag<c2> -0.95·Cardio<c2,c1,c1,c1,c1> +1.25·CNS<c2> +0.76·Ren<c2>

6 static -8.38 +0.007·SAPS +1.84·logSAPS
SOFA -7.93-0.004·SAPS +1.64·logSAPS +1.01·<H>+0.76·<M,M,M>
wSOFA -10.79 -0.017·SAPS +2.35·logSAPS +1.15·wSOFA
OF -8.98 -0.024·SAPS +2.85·logSAPS+0.67·Coag<c2>

+1.46·Cardio<c2> -1.17·CNS<c1,c1> -1.05·Ren<c1,c1>

7 static -14.5 -0.034·SAPS +3.94·logSAPS
SOFA 12.27 -0.036·SAPS +3.39·logSAPS +0.86·<H> -0.80·<L>
wSOFA -16.47 -0.057·SAPS +4.24·logSAPS +1.57·wSOFA
OF -11.98 -0.031·SAPS +3.24·logSAPS+0.72·Resp<c2,c2,c2>

+1.01·Cardio<c2>+1.37·CNS<c2>-0.89·Ren<c1,c1,c1>

Table 3.5 shows the resulting models described by their linear predictor (LP ). The term

logSAPS represents log(SAPS + 1) (used in compliance with the original SAPS model)

and the wSOFA is the weighted SOFA mean as defined previously. The organ failure

episodes are labeled to identify their type of organ system. For example Resp<c1,c1>

represents a frequent episode containing 2 consecutive events from the first category of

the respiratory organ system (i.e. here c1 contains organ system failure score values < 4).
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The SOFA-models use the events L,M, and H to describe frequent SOFA episodes e.g.

<H,M>.

Table 3.6: Model covariates, their coefficients and odds-ratios (eβi) in the OF-models for day 2 and day
5 of ICU stay.

Day Covariate β eβ

2 SAPS 0.01 1.01
logSAPS 1.6 4.95
wSOFA 0.19 1.2
CNS<c2,c2> 0.9 2.45

5 SAPS -0.02 0.98
logSAPS 2.76 15.79
Resp<c2,c2,c2,c2,c2> 0.66 1.93
Coag<c2> 0.65 1.91
Cardio<c2,c1,c1,c1,c1> -0.95 0.38
CNS<c2> 1.25 3.49
Ren<c2> 0.76 2.13

Table 3.6 exemplifies the interpretation in terms of odds-ratios (equal to eβ) of the

OF-model coefficients for days 2 and 5. For example, for day 5, after adjusting for the

other variables, the odds of dying for patients with the episode Cardio<c2,c1,c1,c1,c1>

is 0.38 times the odds for those without it. The episode shows hence improvement in the

survival chance when there is a decrease from a higher value event (c2) to a lower one

(c1) which is then maintained over the next days. The OF-models shown in Table 3.5

were evaluated on an independent test set for day 2 till day 7 of ICU stay and compared

to the static-, SOFA- and wSOFA-models. The models’ evaluation using the Brier scores

(the lower the better) and AUC (larger area means better discrimination) are shown in

Table 3.7.

The statistical significance of the differences in performance was assessed for each pair

of models and is shown in Table 3.8 for the Brier score and in Table 3.9 for the AUC.

Note that discrimination becomes more difficult after the second day because most

patients either die or leave the ICU within 2 days. The rest includes many patients who

are neither too ill to die nor fit enough to leave the ICU within the first 2 days.
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Table 3.7: Prognostic models performance evaluation – Brier score and the AUC. Values showing better
prognostic performance are represented in bold.

Day Brier score AUC
static SOFA wSOFA OF static SOFA wSOFA OF

2 0.175 0.168 0.166 0.161 0.761 0.786 0.794 0.794
3 0.181 0.170 0.175 0.166 0.746 0.780 0.771 0.785
4 0.198 0.195 0.199 0.187 0.692 0.713 0.699 0.727
5 0.199 0.183 0.190 0.175 0.660 0.737 0.709 0.740
6 0.215 0.206 0.210 0.195 0.643 0.690 0.672 0.738
7 0.230 0.211 0.224 0.216 0.645 0.722 0.664 0.715

Table 3.8: The statistical significance of the difference in the Brier scores among models. A “Yes”
denotes a statistically significant difference at the 0.05 level.

Brier score static SOFA wSOFA OF
static - Yes (days 2,3,5 ) Yes (days 2) Yes (days 2,3,5)
SOFA - No (all days) Yes (day 2)
wSOFA - Yes (days 3,4,5)
OF -

3.4 Discussion

In this section we discuss the results, our approach in relation to others, delineate further

work, and conclude the paper.

3.4.1 Discussion of results

Table 3.3 illustrates the rapidly increasing number of found frequent episodes. This

stresses the necessity of applying an effective model selection strategy. A brute force

search through the space of all frequent episodes is not only computationally expensive

but may result in models overfitting the data. The increase in the number of discovered

Table 3.9: The statistical significance of the difference in the AUC. A “Yes” denotes a statistically
significant difference at the 0.05 level.

AUC static SOFA wSOFA OF
static - Yes (days 2,3,5-7) Yes (days 2,5) Yes (days 2,3,5-7)
SOFA - Yes (day 7) No (all days)
wSOFA - Yes (day 3,4,6)
OF -
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frequent episodes is explained by the increase in the number of candidates (possible fre-

quent episodes) with the day of prediction d coupled with the simultaneous decrease of the

minimal number of occurrences needed for a candidates episode to pass the 5% thresh-

old. Recall that there are less patients in day d of ICU stay relative to the populations

supporting a day i, where i < d.

In this paper we posed the central question whether OF information can improve

mortality prediction. This focus means that we left out many other risk factors that could

influence mortality such as blood glucose levels. Table 3.7 ascertains that the usage of

OF information in the form of episodes can indeed improve predictions: the OF-models

performed better than all the other models including the SOFA-models on all days except

the last one. Our hypothesis is that the result on day 7 is due to the relatively small

data set available for training and testing in patients staying at least 7 days (only 349

patients for training and 150 patients for testing). It is true that categorization of SOFA

in the SOFA-models has lead to information loss; this is the cost for increasing support for

the patterns and enhancing their interpretability. It is possible that other ways to exploit

the SOFA information in the SOFA-models could improve their performance. In any

case, both kinds of temporal models (SOFA and OF) were consistently better, sometimes

with statistically significant differences as depicted in Table 3.8 and Table 3.9, than the

traditional but recalibrated static-model (SAPS based model). This provides reasonable

evidence for the improvements in prognosis due to using the temporal patterns: not only

that the patterns survived a selection strategy that penalizes model complexity, but they

also improved performance on an independent test set. However, a limitation of our design

is that we do not control for the various sources of variation in the training and test sets.

Hence, although our findings do show evidence for the added prognostic value of temporal

information, there is a need for extensive testing based on resampling approaches before

we can claim that our method for model induction is superior to the static model induction

method. We are planning to conduct such stringent resampling-based evaluation methods

once we can obtain more data from the ICU.
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The results show the usefulness of the coefficients’ qualitative and quantitative interpre-

tations of organ derangement (see Table 3.5). The most dominant prognostic information

comes from the central nervous system, which is dominant in the models. The nervous

system scores are inherently subjective but patients in category c1 turned out to be those

with no derangement at all (SOFA score = 0) , and those in category c2 are those

with any derangement. This mitigates the sensitivity of scoring especially that there are

only few patients with Glasgow Coma Scale of 13 and 14 (corresponding to the adjacent

SOFA score of 1 point for the central nervous system). The renal and cardiovascular

organ systems were the next best predictors included in four, respectively three models.

In related work, when the central nervous system was considered for analysis [17, 18, 19]

it was indeed a good discriminator of mortality, otherwise, as in [20, 21, 22], the cardio-

vascular system emerged as a strong predictor. When considering the selected frequent

episodes we note that those denoting repeating values (e.g. Resp<c2,c2,c2,c2,c2> or

Ren<c1,c1,c1>) turned out to be dominant as covariates. Similar findings about such

patterns have been also reported by [23]. We hypothesize that the dominance of these

patterns is rooted in the high support they enjoy in the data: individual scores are not

likely to change often between the only two categories discerned.

Table 3.6 also provides quantitative and qualitative interpretations. For example, in the

model for day 5 the central nervous system episode <c2> is associated with the odds-ratio

of 3.49: the odds of dying given a dysfunction (score values > 0) of the central nervous

system on day 5 (day of prediction) is 3.49 times the odds of dying if the central nervous

system would have had a 0 score on that day. In the case of the cardiovascular episode

<c2,c1,c1,c1,c1> the odds-ratio is < 1 (corresponding to a negative coefficient in the

LP ) indicating a beneficial effect on the survival outcome. In particular, the odds to die

for patients having this episode is 0.38 times the odds for patients with it.

The models based on SOFA episodes include many episodes of length 1, describing

the SOFA score value at the day of prediction. This situation is probably due to the large

data support these episodes enjoy and also because of the collinearity reduction procedure
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with episode ranking based on univariate analysis. For example the episodes <H> and

<H,H,H,H> cannot occur in the same model. However the experimental results reveal

that the SOFA-models based on length one episodes had better prognostic performance

than the wSOFA-models when evaluated on both the Brier score and the AUC. This

can be explained by the fact that, unlike the SOFA episodes, the weighted SOFA mean

has a much limited ability to describe the evolution of medical condition in a patient.

For example, the same weighted mean value can be obtained from a multitude of SOFA

sequences regardless if some show recovery from high SOFA values and others present an

aggravation in patient’s health. While the summarized SOFA masks the daily development

in the patients health condition, the episodes have the ability to present more detailed

information on the health evolution which proves to have a higher prognostic value.

Another noteworthy finding is that, starting from day 5 of prediction, the models do

not include the weighted mean of the SOFA score anymore. A possible reason for this

is that the importance of the latest days is somehow “diluted” by the early days, which

might be less important for prediction, even if later days are assigned higher weights. In

contrast, the appearance of the OF episodes in the OF-models provides evidence for their

prognostic merits.

In sum, the OF-models seem to outperform the other temporal and static models

in terms of performance measures sensitive to calibration and discrimination. We note

that despite the superior statistical performance of the models, the implication for clinical

medicine is not necessarily significant and needs further work. Moreover, the IOSF (and

hence SOFA) scores are determined by the worst values of their underlying variables in

the last 24 hours, and hence are dependent on the sampling frequency. Some variables

are continuously measured (like blood pressure and inspiratory oxygen fraction) while lab

values are typically collected once to 8 times per day. Hence, the results may depend,

albeit weakly, on the sampling frequency of the respective variables.
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3.4.2 Related and future work

In this work we introduced a method for prognostic models induction using temporal data

described by frequent episodes. The paper extends the approach in [6] by incorporating

individual organ system failure scores, a new model fitting strategy based on univariate

episode ranking according to log-likelihood and the “sign OK” principle, and the use of

data-driven categorization of the individual organ failure scores.

The paper also extends the work presented in [7]. The main differences consist of: (1)

the availability of additional data for analysis; (2) the usage of a weighted SOFA mean to

summarize the aggregate temporal information where days closer to the outcome receive

higher weights in the computation of the summary; (3) the addition of models based only

on the weighted mean SOFA; (4) the inclusion in the analysis of models, of all types, for

days 6 and 7; (5) the use of a data-driven abstraction scheme for the transformation of

the data from the quantitative to the qualitative representation; and (6) the inclusion of

the ROC analysis investigating the discriminative ability of the models.

The categorization we adopted can be characterized as vertical (contemporaneous)

data abstraction [24] or State Temporal Abstractions [25]. The use of the median for

the categorization can result in flexible categories dependent on the data distribution but

they are not necessarily intuitive nor the most useful ones in prediction. The cutoff points

both for SOFA and IOSF scores are obtained from the whole population of patients (in

the training set) staying at least 2 days in the ICU. We also investigated the sensitivity of

the cutoff points in case categorization was repeated for each day of prediction d on the

data of patients staying at least d days in the unit. The results did not show any change

in the IOSF score cutoff points and only a very slight change in days 4 and 6 in one of

the cutoff points of the SOFA score: 7 instead of 6. The use of one set of cut-off points

for all days is hence robust and provides a uniform interpretation of the categories over all

days. Future work concerning categorization includes the use of the outcome (mortality)

information in choosing the categories, e.g. by using entropy-based categorization [26].
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The frequent episodes are discovered in a data-driven manner. In using these episodes

we are implicitly applying various non-stationarity assumptions: the episodes are aligned

to the prediction day, and can be of different lengths. These two properties distinguish

our work from the work appearing in the intensive care literature in which pre-specified

summaries (e.g. maximum value, average value during ICU stay) or qualitative trends

of IOSF scores are used [19, 21]. This is also in contrast to the methodological work

described in [27] which assumes a strict form of stationarity where the mean value of

adverse events (highly abnormal values of medical measurements in a patient) is used to

summarize the temporal process.

Valuable future work consists of investigating more expressive episodes like those described

in [28] where a pattern includes a multivariate set of attributes. This will allow one to

capture complex interactions between the IOSF scores in one pattern instead of having

various univariate episodes as describes in this paper.

In [23] patterns similar in nature to ours are discovered but instead of using frequency

for their selection their discriminative capabilities (Area Under the Curve) was used. This

idea forms an interesting future work in our approach. In [23] the most predictive patterns

were then used in a Naive Bayes Classifier method. Given the nature of our episodes, the

Naive Bayes approach combined with an assessment geared towards discriminatory model

capabilities does not provide incentive to predict reliable probabilities. This is because our

particular episodes are correlated and because of the overlap between SOFA and IOSF

information, clearly violating the conditional independence assumption used in the Naive

Bayes approach.

Our variable selection strategy relies on the AIC criterion, which has been advocated

in e.g. [10]. However investigating other model selection penalty schemes such as the

Bayesian Information Criterion (BIC) merits further research.

Making use of logistic regression allows a fair comparison between our method and that

currently used in the ICU. It also generates coefficients with meaningful interpretation as

demonstrated above. The coefficients’ interpretability is enhanced by the application of a
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logical entailment elimination step by means of the AIC based ranking procedure. In [27]

a comparison of various methods showed that in a given setting, different than ours, the

logistic regression model was slightly outperformed only by the neural network model in

terms of accuracy. Whether neural networks will lead to better calibrated results in our

case is unclear, but if one is also interested in the interpretability of the models then

the logistic regression model is a good choice. Future work could investigate how hybrid

methods can be employed in prognosis. For example in [29] a classification tree based on

baseline information was used to stratify patients into homogeneous subgroups, then on

each of these subgroups a logistic regression model was fit to predict mortality. A similar

idea could be applied for temporal data.

3.4.3 Conclusions

This paper proposed a method for inducing predictive models based on the integration of

the information residing in baseline data with the temporal information concerning organ

system functioning into the logistic regression framework. The results are encouraging as

the temporal organ failure episodes improve predictions’ quality and interpretability. The

ubiquity of scoring systems in medicine for baseline and repeated measurements suggests

the wider applicability of our approach to other domains.
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Appendix: Logistic Regression

A logistic regression model [30] specifies the conditional probability of a binary outcome

variable Y , given the values of the covariate vector x = (x1, ..., xm): p(Y = 1 | x) =

eLP (x)

1+eLP (x) . For m covariates the natural logarithm of the odds (logit) is equal to the linear

predictor LP (x): log( p(Y=1 | x)
1−p(Y=1 | x)) = LP (x) = β0 +

∑m
i=1 βi · xi where βi, i = 1, ...,m,

denote the coefficients of the m covariates. A coefficient (βi) can be interpreted in

terms of an odds-ratio. Suppose the linear predictor is β0 + β1 · SAPS + β2 · Ep where

Ep = 1 for patients having some specific episode and 0 for patients not having the

episode. The odds of dying for those having the episode, odds(Ep = 1) is P (Y =

1|Ep = 1)/P (Y = 0|Ep = 1) and for those not having the episode, odds(Ep = 0),

is P (Y = 1|Ep = 0)/P (Y = 0|Ep = 0). The quantity eβ2 is equal to the odds-ratio

odds(Ep = 1)/odds(Ep = 0). A positive coefficient corresponds to an odds-ratio > 1

and indicates that, when adjusting for all other variables (here SAPS), the odds of the

event is higher for those with the episode compared to those without it.
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