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temporal abstractions of repeated measurements 

as predictors 
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Abstract 

Objective: To compare different methods for abstracting repeated measurements as 

predictors for survival time and outcome in Acute Liver Failure (ALF) rats.  

Methods: Animal data from rats’ experiments conducted in the Academic Medical Center in 

2006-2007 and 2010-2011 for testing a bioartificial liver were retrospectively used for 

analysis. 32 rats were included. Variables measured were: ammonia, creatinine, hemoglobin 

(Hb), grade of hepatic encephalopathy (HE), mean arterial pressure (MAP), aspartate 

aminotransferase (AST), pre-treatment with antibiotic and added additional human 

pasteurized plasma solution (HPPS). 

Six different abstraction types to quantify change in repeated measurements (slope-based, 

mean, median, variance, and mean absolute change per time-unit (MAC)) were used in Cox 

regression analysis. Outcome was survival time. The abstractions were calculated for 3, 6, 9 

and 12 hours. Univariate models were constructed from the single variables: creatinin, HE, 

AST. In multivariate analysis all variables were included and then variable backward 

selection was performed using the Akaike’s information criterion (AIC). Predictive 

performance was measured by the C-index. 

Results: In univariate analysis the highest C-indexes were obtained by the MAC-based 

models for creatinine and HE, and by the median-based for AST. In multivariable analysis the 

most often selected variable after backward selection was HE. The C-index of the slope-

based methods ranged between 0.690 and 0.825; of the mean-based model between 0.752 

and 0.810; of the median-based model between 0.714 and 0.783; of the variance-based 

model between 0.693 and 0.779 and the MAC between 0.745 and 0.833. Only the MAC-

based models showed a monotonous increase in the C-indexes when more time was used 

for fitting the model. Those models also had the best AIC for each time point. Model 

performance using the various abstractions were not statistically significantly different.  

Conclusion: In this explorative analysis, the models based on various abstractions did not 

result in statistically different predictive performance for the C-index but the MAC-based 

abstractions seem to be promising also in terms of consistently providing better performance 

as time proceeds. The MAC and other abstractions should be tested in larger datasets.  
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Introduction 

Acute liver failure (ALF) is a rare disease with a very high mortality – up to 90% 1. Liver 

transplantation, often the only life saving treatment of irreversible ALF, is limited by the 

scarcity of donor organs, and it increases the survival rates to over 80% 2. Predicting further 

development of ALF, whether a patient will require transplantation or will recover with 

medical management alone is crucial. 

A number of prognostic models have been used for outcome prediction in ALF 

patients to select patients in need for LT. The most widely applied ones are the King’s 

College Criteria (KCC), Clichy criteria, and the Model for End-Stage Liver Disease (MELD). 

Prognostic models used in literature are mostly based on the variables measured at one time 

point, mostly at admission. ALF patients rarely show a static state: rapid progress to a life 

threatening situation occurs in the majority of patients. Since ALF is a dynamic process, 

admission values of prognostic variables change over time during the clinical course of the 

patient. Recent study of Kumar et al. 3 developed a prognostic model (ALFED) based on 

early changes (over 3 days of hospitalisation) of routinely available predictors and found that 

such model performed better than a model based on predictors at admission. This 

observation is supported by the systematic review of Minne et al. 4 that underlined the 

association between the dynamics of the SOFA score with hospital mortality in the intensive 

care.  

One way to incorporate dynamics into a predictive model is to abstract the temporal 

data in variables by means of e.g. a trend, or variance etc. This abstraction is then used as a 

predictor in a prediction model. The aim of our study was to investigate how the predictive 

performance of models is influenced by using different abstraction methods to construct the 

predictors. In this study we used retrospective animal data from rats. 

 

Methods 

Dataset  

We used two databases of rats’ experiments conducted in the Academic Medical Center in 

2006-2007 and 2010-2011 for retrospective analysis. The experiments were conducted for 

purpose of testing the bioartificial liver (AMC-BAL). A controlled rat model of complete liver 

ischemia (LIS) was used to induce ALF and subjects were treated as follow: acellular-BAL 

(47%), BAL with human hepatoma cell line (HepaRG) with presence (+) and absence (-) of 

2% dimethyl sulfoxide (DMSO) in series (16%), BAL with human fetal liver cell line (12%), 

BAL with porcine cells (3%), BAL with -DMSO and refreshment with -DMSO after 6 hours 

(19%), no BAL (3%); details are described in 5, 6. Blood parameters were registered every 

hour starting from start of LIS (t=0) to death. The subjects for which some variables were not 
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registered were excluded. Variables with more than 50% missing values were excluded from 

the analysis. 32 rats were used for analysis. Time of death was known for all rats and hence 

there is no censored data.  

 

Variables and outcome  

The continuous variables included were: ammonia, creatinine, hemoglobin (Hb), grade of 

hepatic encephalopathy (HE), mean arterial pressure (MAP), aspartate aminotransferase 

(AST). The dichotomous variables were: pre-treatment with antibiotic and added additional 

human pasteurized plasma solution (HPPS). The kind of the treatment was not taken into the 

analysis as we were interested in their effects on the other (physiological) variables.  

 Missing values were imputed using cubic spline interpolation except for the first 

missing value which was calculated as the average of known first values. The original and 

imputed values were compared using Student’s t-test.  

 Six time-dependent variables were abstracted using the abstraction methods 

defined in table 1. Each abstracted variable was constructed based on dynamic change of a 

variable from time t=0 to time tmax, where tmax was different in each step: 3 hours (h), 6h, 9h 

and 12h. The outcome was survival time.  

 

Table 1. Abstractions  

 Abstraction Definition 
1 Slope  

β 
Four linear models Time = β0 + β*X are fit to the variable from X=0h to 3h, from 
X=0h to 6h, from X=0h to 9h, and from X=0h to 12h and the slope (β) for each 
model is obtained as the abstraction 

2 Adjusted  
Slope  
β/(β0+1) 

Four linear models Time = β0 + β*X are fit to the variable from X=0h to 3h, from 
X=0h to 6h, from X=0h to 9h, and from X=0h to 12h and the slope (β) divided by 
the intercept (β0)+1 is obtained as the abstraction. The 1 is added to avoid 
division by zero.  

3 Mean Mean of a variable till tmax 
4 Median Median of a variable till tmax 
5 Variance Standard deviation of a variable till tmax 
6 MAC The mean change of the variable per hour calculated as the sum of absolute 

changes till tmax and divided by tmax. The MAC was inspired by the MAG (mean 
absolute glucose). 7 

tmax = 3h, 6h, 9h, 12h 

 

Models  

In the first step we constructed Cox regression univariate models. The following three 

variables were chosen based on clinical judgement: creatinine, HE, AST. A model was 

developed for each combination of a variable and a time point (3h, 6h, 9h and 12h). 

Next, for each abstraction method 4 multivariate Cox regression models were developed 

from all variables for each of the time points: 3h, 6h, 9h and 12h. The models were 
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developed by first including all abstracted variables and then using backward variable 

selection with the Akaike’s information criterion (AIC) 8.  

 
Performance  

The performance of a model was expressed in term of discrimination. Widely applicable 

measure of predictive discrimination is the C (concordance) index 9. For assessing 

discrimination of the Cox regression models we calculated Harrell’s C index, which is similar 

to the area under the receiver operating characteristic curve (AUROC) for binary data but it is 

more suited to survival analysis since it is threshold independent 10. The C index is defined 

as the proportion of all usable subject pairs in which the predictions and outcomes are 

concordant and it is calculated by considering all possible pairs of subjects, at least one of 

whom has died 11. 

To obtain (nearly) unbiased internal assessments of the C index of the model we 

used the standard bootstrap procedure 12 with 100 bootstrap samples. A bootstrap sample 

has the same size of subjects as the original dataset and is obtained by random resampling 

with replacement from the original dataset. Models were created in each bootstrap sample 

and were tested on the original sample. For each sample variable selection was performed 

using the same variable selection and stopping rules. To compare models we again used the 

standard bootstrap procedure with 100 bootstrap samples of two models.  

 Statistical significance was defined as p<0.05. Analyses were performed in the 

statistical environment R version 2.15.1 13. 

 
Results 

Maximal survival time of 32 rats was 19.1 hours, mean 11.2±3.0, median 10.85 (interquartile 

range IQR 9.375-12.625). Table 2 shows the median and IQR values of the relevant 

variables.  

 
Table 2. Median and interquartile range (IQR) of the candidate variables  
Variable Original values After imputation* 
Ammonia (Ammo) [µmol/L] 769 (656-866) 758 (656-838) 
Creatinine (Creat) [µmol/L] 36 (32-42) 35 (32-43) 
Hb [g/dL] 12 (11-13) 12 (11-13) 
Hepatic encephalopathy (HE) 2.5 (2.0-3.5) 2.0 (2.0-3.5) 
Mean arterial pressure (MAP) [mmHg] 116 (99-124) 115 (96-122) 
Aspartate aminotransferase (AST) [U/L] 15630 (12610-18110) 15730 (13330-20740) 
Additional human pasteurized plasma solution (HPPS) 12 (38%) - 
Pre-treatment with antibiotic rifaximin (Pre.treat) 10 (31%) - 
* p>0.05 for all variables: there was no statistically significant difference between the (known) original 
and the result after imputing the missing values. 
To asses the precision of imputation we compared the original and imputed values and the 

differences were not statistically significant. Categorical variable are presented in table 3. 
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Table 3. Categorical variables 
Variable Categories Interpretation 

HE 1,2,3,4,5 Clinical grading score of hepatic encephalopathy; 1 least / 5 most serious  

HPPS 0,1 Indication of additional HPPS; 1 present / 0 absent 

Pre.treat 0,1 Indication of pre-treatment with antibiotic was provided; 1 yes / 0  no 

 

C indexes with 95%CI calculated for each univariate model developed from single variable 

(creatinine, HE or AST) are presented in table 4 in columns C. Columns D of this table 

present the corrected C indexes of the bootstrap validation.  

 

Table 4. Results of Cox regression models with single variable 
A B C D C D C D 

  Creatinine HE AST 

Abstrac
-tion 

tmax

[h] 
C index (95%CI) C index

correct.
C index (95%CI) C index

correct.
C index (95%CI) C index 

correct. 

3 0.544 (0.454 0.633) 0.524 0.528 (0.415 0.642) 0.512 0.619 (0.484 0.754) 0.616 
6 0.649 (0.513 0.785) 0.648 0.718 (0.588 0.849) 0.710 0.532 (0.394 0.670) 0.500 

9 0.658 (0.524 0.791) 0.660 0.688 (0.601 0.775) 0.680 0.532 (0.390 0.675) 0.516 

β 

12 0.641 (0.502 0.780) 0.644 0.720 (0.640 0.801) 0.720 0.562 (0.427 0.696) 0.546 

3 0.522 (0.434 0.610) 0.500 0.516 (0.398 0.633) 0.508 0.530 (0.392 0.669) 0.518 
6 0.647 (0.508 0.787) 0.654 0.672 (0.564 0.781) 0.674 0.555 (0.413 0.697) 0.592 

9 0.645 (0.508 0.782) 0.638 0.572 (0.486 0.658) 0.568 0.537 (0.412 0.661) 0.528 

β/ 
(β0+1) 

12 0.599 (0.461 0.737) 0.586 0.529 (0.413 0.646) 0.514 0.603 (0.471 0.736) 0.592 

3 0.637 (0.550 0.723) 0.632 0.553 (0.451 0.655) 0.535 0.649 (0.520 0.779) 0.639 
6 0.706 (0.604 0.808) 0.702 0.665 (0.548 0.782) 0.664 0.576 (0.445 0.708) 0.562 

9 0.717 (0.613 0.821) 0.720 0.670 (0.553 0.788) 0.676 0.530 (0.402 0.658) 0.518 

Mean 

12 0.664 (0.537 0.790) 0.664 0.547 (0.412 0.682) 0.526 0.633 (0.505 0.760) 0.628 

3 0.614 (0.520 0.708) 0.610 0.569 (0.477 0.661) 0.547 0.662 (0.541 0.782) 0.652 
6 0.677 (0.589 0.766) 0.676 0.526 (0.422 0.630) 0.501 0.605 (0.476 0.735) 0.600 

9 0.692 (0.590 0.794) 0.692 0.633 (0.495 0.770) 0.627 0.509 (0.373 0.645) 0.546 

Median 

12 0.657 (0.544 0.769) 0.661 0.532 (0.397 0.668) 0.503 0.630 (0.502 0.759) 0.628 

3 0.608 (0.505 0.710) 0.602 0.573 (0.468 0.678) 0.558 0.618 (0.484 0.752) 0.603 
6 0.729 (0.638 0.819) 0.730 0.724 (0.592 0.857) 0.722 0.522 (0.389 0.655) 0.512 

9 0.731 (0.639 0.823) 0.734 0.693 (0.604 0.782) 0.696 0.568 (0.445 0.691) 0.546 

Varian-
ce 
 

12 0.635 (0.522 0.748) 0.632 0.592 (0.488 0.695) 0.578 0.595 (0.472 0.718) 0.574 

3 0.617 (0.529 0.705) 0.612 0.549 (0.441 0.657) 0.541 0.614 (0.481 0.746) 0.609 
6 0.744 (0.664 0.825) 0.757 0.708 (0.607 0.809) 0.708 0.521 (0.380 0.662) 0.511 

9 0.766 (0.691 0.841) 0.770 0.757 (0.685 0.829) 0.756 0.505 (0.362 0.649) 0.548 

MAC 

12 0.723 (0.640 0.807) 0.730 0.786 (0.716 0.856) 0.788 0.564 (0.430 0.698) 0.554 

 

Table 1 in the supplement presents results of model comparison. This table presents 

differences between C indexes of bootstrapped models with the associated 95% CIs. 

 
The results of the multivariate analysis of the models developed from all variables after 

backward selection with the AIC are presented in table 5. This table presents the variables 
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that stayed in the model (column C), C-indexes with 95%CIs (columns D), corrected C 

indexes of the bootstrap validation (columns E) and AIC (column F) of the models.  

 
Table 5. Results of Cox regression models after backward selection with AIC. 

 

In the supplement, Table 2 presents the results of the comparison of the Cox regression 

models. This table presents differences between C indexes of bootstrapped models with the 

associated 95% CIs. 

 
Discussion  

This study described methods for incorporating dynamics into a predictive model by 

abstracting the temporal data in candidate predictors. Our exploratory analysis showed that 

the performance of models based on the various abstraction methods did not statistically 

significantly differ and demonstrated different performance patterns.  

None of the univariate models constructed from single variable creatinine, HE, AST showed 

monotonous pattern in performance (a monotonous pattern implies that the more we sample 

in time the better the performance of the model).  

A B C D E F 

Abstrac-
tion 

tmax

[h] 
Models  C index (95%CI) C index 

corrected 
AIC 

3 HE + AST + Hpps + Pre.treat 0.690 (0.585 0.795) 0.646 156.80 
6 HE + MAP 0.752 (0.633 0.870) 0.748 144.31 
9 Ammo + Hb + HE + MAP 0.762 (0.658 0.866) 0.718 144.33 

β 

12 Ammo + Hb + HE + AST 0.825 (0.750 0.900) 0.793 132.61 
3 Hb + MAP + AST + Hpps + Pre.treat 0.737 (0.656 0.818) 0.685 156.35 
6 Hb + HE 0.695 (0.595 0.795) 0.679 156.81 
9 Ammo + Hb + MAP + Hpps + Pre.treat 0.735 (0.601 0.869) 0.686 154.39 

β/(β0+1) 

12 Ammo + Hb + AST 0.818 (0.742 0.895) 0.807 139.50 
3 Hb + HE + MAP + AST + Hpps + Pre.treat 0.752 (0.666 0.837) 0.694 153.66 
6 Ammo + Creat + HE + MAP + AST 0.810 (0.741 0.879) 0.767 145.60 
9 Ammo + Creat + Hb+ HE + MAP + Pre.treat 0.797 (0.731 0.864) 0.740 147.88 

Mean 

12 Ammo + HE + AST + Hpps + Pre.treat 0.754 (0.638 0.869) 0.702 152.80 
3 HE + AST + Hpps + Pre.treat 0.739 (0.648 0.831) 0.700 156.29 
6 Creat + Hb + HE + AST + Hpps 0.716 (0.633 0.799) 0.668 156.21 
9 Ammo + Creat + HE + MAP 0.783 (0.719 0.847) 0.746 146.20 

Median 

12 Hb + AST + Hpps + Pre.treat 0.714 (0.609 0.819) 0.662 157.77 
3 MAP + AST + Hpps 0.693 (0.561 0.825) 0.668 152.02 
6 Creat + HE 0.779 (0.681 0.877) 0.774 144.52 
9 Creat + HE 0.737 (0.666 0.808) 0.726 147.70 

Varian-
ce 
 

12 Ammo + Hb + HE + AST  0.747 (0.659 0.836) 0.720 152.80 
3 HE + MAP + AST + Hpps + Pre.treat 0.745 (0.626 0.865) 0.696 150.52 
6 Creat + HE + MAP 0.781 (0.694 0.867) 0.760 143.70 
9 Creat + HE + MAP 0.793 (0.720 0.867) 0.775 135.52 

MAC 

12 Ammo + Hb + HE 0.833 (0.763 0.903) 0.822 126.66 
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In multivariate analysis only the MAC-based models showed performance monotonously 

improving in time for the C-index (increasing) as well as the AIC (decreasing). The MAC-

based models also showed consistently better AIC compared to the other approaches (that 

is, for each time point their AIC was lower than any other model).  

It has been shown 3 that prognostic models based on early changes of variables 

performed better in comparison to models developed from static variables (measured at one 

time point). In additional analysis (data not showed) we analysed models built only on data 

from t-0 to those including also abstractions. After AIC-based variable selection for each time 

point and each abstraction method the model included abstracted variables. This 

demonstrates the utility of the abstraction in comparison to data collected at t=0.  

 Our study demonstrates how to incorporate time changes into the model, as has 

been done before in logistic regression models 4. Use of abstractions as candidate predictors 

allows for interpretation of such model as standard Cox model with fixed covariates. However 

our study is limited due to the small size of available sample and partly due to excluding 

subjects with too many missing values. The most plausible reason for missingness in this 

study was that a variable was simply not measured at certain time. 

For assessment of discriminatory power we used Harrell’s C index which indicates 

the proportion of all pairs of subjects who/which can be ordered such that the subject with the 

higher predicted survival is the one who/which survived longer. We did not have censored 

data in this study but in clinical practice censoring is common. It has been shown that 

censorship adversely affects the precision of Harrell’s C 14. In those cases one may use an 

analytical expression for concordance 15 which is asymptotically unbiased, unlike Harrell’s C 

index. Along with the C index one could use measures, such as the Net Reclassification 

Improvement (NRI) to check improvements, which has gain recently popularity among 

researchers 16-18. 

 On the whole we believe that using temporal abstractions of repeated 

measurements as predictors provides insights into the predictive behaviour of models in a 

specific domain. For our domain the models based on MAC abstractions seem to be the 

most promising, also in terms of consistently providing better performance as time proceeds. 

The MAC and other abstractions should be tested in larger datasets.  
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