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Introduction
 Traumatic Brain Injury (TBI) occurs when blunt forces to the cranium accelerate/
decelerate the brain, resulting in mechanical insults that cause a host of disruptions to this 
highly complex organ, both on a macroscopic scale (for example: cerebrovascular structures) 
and on a molecular processes scale (for example: a shift towards anaerobic metabolism). 
Worldwide, the mortality rate for severe TBI is ~40% (3.0-3.6 million deaths), irrespective of 
age [1]. The disruptions from TBI lead to dysfunctions [1], such as a reduction in Mean Arterial 
Pressure (MAP) and an Increase In Intracranial Pressure (ICP). Maintaining an adequate 
difference between MAP and ICP, called Cerebral Perfusion Pressure CPP (CPP=MAP-ICP) in 
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Abstract 

Traumatic Brain Injury (TBI) is a serious injury of the brain, caused by blunt forces to the cranium (as, for 
example, in traffic accidents). Severe TBI is life-threatening and clinicians in Intensive Care Units (ICUs) 
strive to avert death, minimize long-lasting damage, and enable the restoration of as many brain functions 
as possible post release from the ICU. In TBI patients, the difference between Mean Arterial Pressure 
(MAP) and Intracranial Pressure (ICP) should be above a threshold in order to maintain adequate oxygen 
supply to the damaged brain. One possible intervention to achieve this involves thermoregulation, often 
via hypothermia: cooling the body so as to increase the temperature gradient between oxygen-supplying 
blood and the febrile, damaged brain. Here, we investigate whether (or: to what extent) this strategy is 
successful, not restricting ourselves to cases of hypothermia alone.

Our analysis of the 5 vital parameters MAP, ICP, TEMP (core body temperature), etCO2 (end-tidal Carbon 
Dioxide, a proxy for oxygen metabolism) and HR (heart rate) of 32 TBI patients during their stay in an 
Intensive Care Unit (ICU) showed that relying on TEMP values for thermoregulation is not warranted.

We discovered that the above parameters are interdependent, and TEMP is not a predictor in 50% of 
the 12 models that were eligible as predictor models (5 further models were also examined and were 
excluded for statistical reasons). We also considered the possibility that the reliability of TEMP as a 
predictor may depend on the anesthetic agent (15 patients were administered propofol; 17 patients 
sevoflurane; assignment was random); we found that the unreliability does not depend on the anesthetic 
used. Because the interdependence of vital parameters is so high, we conclude TEMP should not be used 
as a predictor variable.

Keywords: TBI (Traumatic Brain Injury); ICP (Intracranial Pressure); CPP (Cerebral Perfusion Pressure); 
Thermoregulation; Propofol; Sevoflurane; KDE (Kernel Density Estimation) algorithms; AICc (Akaike’s 
Information Criterion)
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TBI patients during their stay in an Intensive Care Unit (ICU) is a 
primary concern for clinicians caring for them [1-4]. Only if CPP is 
high enough can an adequate rate of oxygen supply to the brain be 
maintained [2]. Two issues are: 

A. What treatment strategies are available? and 

B. Which of these treatment strategies can be employed?

The brain functions optimally when there is a slight 
temperature gradient between brain temperature and core (body) 
temperature TEMP [2-5]. ICU clinicians infer (via TEMP) the 
frequent occurrence of elevated brain temperature in TBI patients, 
occasionally ascribing it to a fever [5-7]. The elevated brain 
temperature reduces the cooling ability via the cerebral blood flow 
and, it can be argued, increases ICP. The challenge is to reduce 
ICP so that CPP is high enough (the recommended level is above 
60mm Hg [3,8] to ensure adequate oxygen supply to the (damaged) 
brain. One possible intervention strategy is to lower TEMP, 
thereby increasing the temperature gradient, hoping that this will 
improve the cooling of the brain and, in turn, expecting that this 
cooling will reduce ICP. Another strategy could be to increase the 
cerebral blood flow, perhaps by moderately increasing the Heart 
Rate (HR). One publication [9] deals with the possibility that the 
thermoregulatory centers in the hypothalamus may be resistant 
to such strategies. It is hypothesized that these centers may, via 
feedback cycles, counter-react to the clinician’s intervention by 
changing other processes so that the brain is forced to return to its 
previous (unhealthy, precarious) state. 

We know of no publication that has shown how to externally 
drive these thermoregulatory centers into a desired state of 
(chaotic) equilibrium. We approach this physiological issue in TBI 
patients by investigating phenomena that may indicate that there 
is indeed an underlying mechanism which potentially frustrates 
several intervention strategies, primarily those listed above. 
Further details are presented below.

This paper investigates two topics that relate to the issue of 
maintaining CPP at a high enough level [2]. One topic is the question 
whether there is an observed difference in thermoregulatory 
interventions when propofol or sevoflurane is used as an 
anesthetic agent. The other is whether there exist vital parameters 
(in statistical parlance: predictors) for CPP as a dependent variable 
that might perhaps help clinicians maintain it at, or above, the 
recommended level. While TBI patients are being treated, clinicians 
monitor many vital parameters, intervening wherever necessary 

[2,4,10]. Some studies have researched whether controlling other 
vital parameters in addition to temperature-in particular oxygen 
metabolism [11-13] can prevent ICP from rising above safe levels 
[14].

Consequently, this paper investigates (1) whether-and, if 
yes, how-CPP and other vital parameters interdepend or (2) CPP 
depends on only some or all vital parameters as predictors. In 
the first case, all vital parameters interdepend with no single one 
dependent on the others; in the second case, CPP is predicted 
by other vital parameters. Not only do we analyze putative 
interdependencies, but we also investigate which-if any-vital 
parameters model dependencies of CPP on predictors (namely 
each vital parameter individually) and then calculate various 
algebraic combinations (including algebraic products, often called 
interactions). CPP implies a linear combination of MAP and ICP, so 
neither MAP nor ICP can be included in the modelling. If the vital 
parameters as predictors are not interdependent, then the inclusion 
of interaction terms must exhibit a superior predictability. We test 
such predictions.

We also look at the distribution of CPP entries, patient by 
patient, in order to quantify differences-if there are any-in modes 
and expectation values and test whether such differences are due 
to administering propofol or sevoflurane as anesthetic agents. 
Finally, we look for those interdependencies that must be excluded 
from the analysis because they are attributable to statistical noise.

Materials and Methods
Patients

32 patients treated for TBI in an ICU were included in this study: 
6 females and 26 males. For each patient, the date of birth, the date 
and time of the event that led to TBI, as well as the time of release 
from the ICU (the latter two to the nearest hour) were registered. 
The age of each patient at the time of the TBI event was calculated 
to the fraction of a day, using an algorithm that implements the 
Gregorian calendar. These ages were then converted to centuries, 
scaling ages to the interval 0-1. Likewise, each patient’s Length 
of Stay (LoS) in the ICU was calculated to the nearest 1/4 day. 
LoS varied considerably Figure 1 & 2. However, as elaborated in 
the Discussions section, the variability of LoS among patients is 
of lesser concern because in this paper we analyze dependencies 
patient by patient. Patients’ attributes, such as (biological) sex, age 
ranges in fractions of years, ranges of LoS in the ICU, etc. are listed 
in Table 1.

Table 1: Patient data. The age of each patient at the time of the event that led to a TBI has been calculated to the 
nearest day, using date of birth, date of TBI event and a Gregorian calendar algorithm. Ages for each (biological) sex are 
Beta distributed, as are the ages with both sexes combined. Maximum likelihood ratio and Wilks’ Theorem shows that 
it is improbable that the male and female samples are drawn from different (statistical) populations. Hence the males 
together with the females can be considered a homogeneous sample for the analyses in this paper. Because the ML Beta 
distributions are asymmetric about the mode, we use the ±34.1%-quantiles about the mode to estimate the uncertainty 
of the mode. Expectation is the expectation value of the ML Beta distribution for patient ages of each sex.

Sex N Mode (years) Expectation (years) ±34.1% Interval about the Mode (years) Min-Max (years)

Male 26 45.1 46.1 28.8-61.2 21.0-80.0

Female 6 61.5 60.5 51.6-71.6 45.0-73.2
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Figure 1: A grid showing the duration (length of stay, LoS; d…days, h…hours), the number of complete quintuples 
(‘registrations’), the number of missing registrations, the fraction of missing registrations, as well as the fraction (in 

%) 

2
1

2 2 2 2
1 2 3 4

λ
λ λ λ λ+ + +  of the square of the Frobenius norm explained by the first singular value. The patients with a large 

fraction of missing quintuplets have an about one-week length of stay; this is an indication that these patients had 
a need of many interventions with a non-registration as a consequence. The fraction of the square of the Frobenius 

norm explained by the first singular value ranges from 97.9% to 99.6%.

Figure 2: The 32 CPP samples and the modes of their ML distributions that have been analyzed in this paper. Data 
for patients treated with sevoflurane are color-coded brown with gray background, those with propofol blue with 

pale yellow background. The red vertical lines with orange background mark the ranges when the registrations are 
less than 60mm Hg; the percentages labeled in red are the percentages of the registrations when CPP was less than 
60mm Hg for the patient during his/her stay in the ICU (mean percentages in Table 2). The short horizontal lines 

show the modes of the distributions of CPP for each patient; these are drawn as stacked in the pastel blue rectangle 
on the right, which includes the boxplot. It is visually evident that the distributions of modes overlap and therefore 
there is no significant difference between CPP modes for patients treated with propofol versus those treated with 

sevoflurane; indeed, a rigorous statistical test shows there is no significant difference (result of log-likelihood test in 
Table 2).
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Patients arriving at the emergency room were alternately 
assigned to propofol or sevoflurane. Since emergency room 
admissions (no two of them were on the same day) depended on 
external events (such as, but not restricted to, traffic accidents), 
the assignment to either of the two anesthetic agents must be 
considered to be adequately random [15-20].

Measurement of vital parameters
For each patient, the five vital parameters MAP, ICP, TEMP, 

etCO2, and HR were registered at the beginning of their stay in the 
ICU and thereafter every 1/4 day (6am, noon, 6pm and midnight). 
TEMP was measured by using a RüschTM sensor (Teleflex Medical, 
Ireland) with a catheter for urinary drainage. ICP was measured 
with a Spiegelberg parenchymal catheter utilizing an air bladder 
technology (Spiegelberg GmbH & Co.KG, Hamburg, Germany). MAP 
and HR were measured using the MIRUS System [20]; etCO2 was 
measured with an Option Capnoplus*/CO2** device (Drägerwerke 
AG & Co, KGaA, Lübeck, Germany). The data was stored in a data 
management system (PDMS COPRA®). Occasionally, when one of a 
patient’s vital parameter registrations is missing (most often due to 
a patient being in an operating theater); the quintuple is incomplete. 
For the subsequent analysis, we excluded incomplete quintuples. 
The grid Figure 1 shows each patient’s number of registrations as 
well as his/her number of incomplete quintuples. For the analysis 
of interdependencies, the gaps do not matter, because the entries 
are indexed in the matrix matP (see Appendix); one matrix for each 
patient P.

Statistical methods
The methods of analysis we use in our investigations 

necessitate a toolkit of advanced statistics. Although all statistical 
tools we used are well established and their descriptions have been 
published [16,17], reading these sources is challenging as they 
include detailed mathematical formalisms. We therefore supply an 
Appendix with a simplified description of these tools. 

Test for homogeneity of the sample
We use Maximum Likelihood (ML) methods [18,19] to estimate 

the most likely Beta distributions of patient ages, by each sex 
separately and by sexes combined, in order to test whether the 
sample of patients is sufficiently homogeneous. If so, our sample 
of TBI patients can be considered as a sampling from one statistical 
population [15].

Comparing anesthetic agents: propofol versus 
sevoflurane

Patients were either sedated with propofol or with sevoflurane. 
Fully aware of published findings that contribute to the debate [21-
24] as to which is the more advantageous anesthetic agent and 
which has potential drawbacks, we compare all interdependencies 
of the vital parameters CPP, TEMP, HR, and etCO2 (end-tidal Carbon 
Dioxide, as a proxy for cerebral oxygen metabolism)-patient by 
patient during their stay in an ICU. We then investigate whether 
there is some distinguishing aspect between those patients 

that have been anesthetized with propofol versus those with 
sevoflurane.

 Distribution tests
For each patient, we calculate the CPPs from the registered 

MAPs and ICPs and look for the Most Likely Distribution (ML 
distribution), its mode and its expectation value. We then find the 
ML distributions of the modes for patients treated with propofol 
and modes for those treated with sevoflurane. We use the maximum 
likelihood ratio test and Wilks Theorem [15,18,25,26] to find 
the probability that the distributions of modes have been drawn 
from one population or two statistically distinct ones. We repeat 
the above analysis for LoS, likewise comparing propofol patients 
with sevoflurane patients. Interdependencies of vital parameters. 
Each patient’s vital parameters were scaled; we calculated the 
SVD (singular value decomposition; [27]) of the patient’s data 
matrix matP. The singular values were used to statistically estimate 
interdependencies and the extent of statistical noise.

Models predicting CPP
If CPP depends on other vital parameters, CPP must be some 

function (here: polynomial) of these. We regressed 17 polynomials 
with various combinations of the other vital parameters as 
predictors. We used AICc (Akaike’s Information Criterion, corrected 
for finite sample size; [28,29]) to determine which model had the 
most predictive power without modelling noise and to prevent 
overfitting [30].

Bayesian probability for predictor models per anesthetic 
agent

As shown in the Results section, not all models of CPP with 
minimum AICc included TEMP as a predictor. The counts of how 
many models do and how many do not are the parameters in a Beta 
distribution of the Bayesian probability. We construct a confusion 
matrix (true versus false positives, see Appendix) derived from 
these distribution parameters; one for propofol, one for sevoflurane. 
We find the ML Beta distribution of LoS for each anesthetic 
agent. We use KDE (kernel density estimation; see Appendix) to 
estimate two non-parametric pdfs in 2D (TEMPMAX versus time of 
TEMPMAX); one for propofol, one for sevoflurane. We use the same 
Bayesian analysis to determine the confusion matrix of whether the 
TEMPMAX versus time of TEMPMAX depends on which anesthetic 
agent was administered.

Results
Modes of CPP

Table 2 lists the frequencies of ML distributions of CPP 
registrations for each patient; modes are graphically displayed 
in Figure 2 Only a small fraction (propofol: 26.7%; sevoflurane: 
17.6%) of CPP registrations is symmetrically distributed about the 
mode. The 15 modes for propofol and the 17 modes for sevoflurane 
are each Beta-distributed, albeit with different parameters α and 
β (Table 2). The log-likelihood ratio test, together with Wilks’ 
Theorem, shows that the probability that the modes are drawn from 
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the same population is reasonably high, namely 9.1%-indicating 
that the modes for propofol and for sevoflurane are not significantly 
different. (Note, however: one publication [31] rejects choosing 
a specific significance level, preferably choosing none at all). We 
conclude that the modes of registrations of CPP for the patients do 
not depend on whether they were treated with propofol or with 
sevoflurane.

Table 2: The distributions of CPP registrations of TBI 
patients, depending on whether they were treated with 
propofol or with sevoflurane, together with the mean 
percentage of registrations below 60mmHg. For both 
anesthetic agents, most (more than half) CPP registrations 
were log-normally distributed. The modes of the modes 
(Figure 2) were Beta distributed, yet the modes of these 
Beta distributions were not significantly different.

Propofol Sevoflurane

Mean percentage below 60mm Hg 9.1% 7.7%

Beta distribution n=1 (6.7%) n=3 (17.6%)

Normal distribution n=4 (26.7%) n=3 (17.6%)

Lognormal distribution n=8 (53.3%) n=9 (52.9%)

Weibull distribution n=1 (6.7%) n=1 (5.9%)

Gamma distribution n=1 (6.7%) n=1 (5.9%)

ML distribution of modes Beta 
distribution

Beta 
distribution

Scaled mode of ML distribution of 
modes modeML=0.7950 modeML=0.8122

Significance of difference of ML 
modes n.s. (sig=9.1 %)

Interdependencies of the vital parameters
We exemplify the results of SVD-1 smoothing by displaying 

the outcomes for Patient No. 17 and No. 30 (Figure 1, Figure 3a 
& Figure 3b). The fractions of the squares of the Frobenius norms 
Figure 1 explained by SVD-1 smoothing are 99.2% and 99.3%, 
respectively. The local spikes and local minima of the variability 
of the vital parameters CPP, TEMP, etCO2 and HR are partially 
suppressed by the smoothing. We postulate that the differences 
between the observed registrations and the SVD-1 smoothed values 
are arguably attributable to noise (to some extent) but most likely 
attributable to clinicians’ interventions shortly before, or at, an 
anticipated imminent steep increase or decrease. In any case, the 
deviations from smoothing are very small (0.8% overall), despite 
their deceptive largeness in the graphs.

The visual inspection of the graph is only suggestive, as we have 
smoothed the scaled vital parameter registrations; consequently, 
the unscaled peaks appear exaggerated. We have neither smoothed 
MAP nor ICP directly, as they are not linearly independent; only 
CPP has been included in the smoothing. This procedure has been 
adopted because SVD ensures that none of the four vital parameters 
is a predictor of the other three. In Patient No. 17 Figure 3a and 
Patient No. 30 Figure 3b, ICP stays below the 13 to 20mm Hg 
threshold [32] throughout their stay in the ICU. A comparison of 
spike behavior of CPP (raw values) occurring in these two patients 
shows that some of these spikes occur along with spikes in other 
vital parameters-yet not always. As we elaborate below, using the 
results provided by multi-variable regression machinery Table 3, 
this spike behavior indicates that there is no single vital parameter 
that always predicts spikes in CPP.

Table 3a: Listing of the 17 predictor models for CPP as a dependent variable. (a) The models that include temperature 
(TEMP) as one of the predictors have been highlighted with a gray background; for these, the Model Nos. and their 
frequencies of occurrence are in bold typeface. AICc is needed to determine which model minimizes the Kullback-Leibler 
distance, as well as to prevent overfitting [30]. Based on this analysis, five models are excluded (Nos. 4, 6, 7, 14, 15) and 
three are sparse models of patients’ CPP response with only one predictor. (b) The coefficients ak are estimated using 
oLSq regression. Eight (out of 15, 53.3%) patients treated with propofol had a CPP response independent of temperature, 
and seven (out of 17, 42.2%) patients treated with sevoflurane did. The confusion matrix (see text) shows that these 
differences are not significant.

Model No. Model
Frequency

Propofol Sevoflurane

1 CPP= a0+a1×TEMP 5 4

2 CPP= a0+a1×CO2 1 1

3 CPP= a0+a1×HR 1 3

4 CPP= a0+a1×TEMP+a2×CO2   

5 CPP= a0+a1×TEMP+a2×HR  1

6 CPP= a0+a1×HR+a2×CO2   

7 CPP= a0+a1×TEMP+a2×HR+a3×CO2   

8 CPP = a0+a1×TEMP+a2×TEMP2  1

9 CPP = a0+a1×HR+a2×HR2 2 1

10 CPP = a0+a1×CO2+a2×CO2
2 2 2
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11 CPP = a0+a1×TEMP+a2×HR+a3×(TEMP×HR) 1  

12 CPP = a0+a1×TEMP+a2×CO2+a3×(TEMP×CO2) 1 2

13 CPP = a0+a1×HR+a2×CO2+a3×(HR×CO2) 2  

14 CPP = a0+a1×TEMP+a2×HR+a3×CO2+a4×(TEMP×HR)   

15 CPP = a0+a1×TEMP+a2×HR+a3×CO2+a4×(TEMP×CO2)   

16 CPP = a0+a1×TEMP+a2×HR+a3×CO2+a4×(TEMP×HR)  1

17 CPP = a0+a1×TEMP+a2×HR+a3×CO2+a4×(TEMP×HR×CO2)  1

Table 3b:

Sevoflurane Propofol

with TEMP as a predictor 10 7

without TEMP as a predictor 7 8

Figure 3: The progression in time of the vital parameters for (a) Patient No. 17 and (b) Patient No. 30 during their 
stay in the ICU. The green rectangle shows the region where CPP is considered satisfactorily high by clinicians 

(above 60mm Hg; [2]); the pale red rectangle shows the region where intervention is warranted. The gray band marks 
the region where ICP is in the region of surpassing intervention threshold (between 13mm Hg and 20mm Hg; [32]). 
All ordinate values are in actual units of registration; the results of SVD-1 of the scaled entries in the data matrix 
(yielding the smoothed polygons) have been rescaled back for these graphs. The fluctuations above and below the 
SVD-1 smoothed polygons are, we argue, random fluctuations or results of clinicians’ interventions. The SVD-1 

smoothing shows how the vital parameter scores move almost in ‘parallel’; this is the consequence of only the first 
singular value being significant (compare Figure 1). (a) For Patient No. 17; only two gaps (midnight from Day 8 to 

Day 9 and also midnight from Day 9 to Day 10) occur. ICP spikes above threshold have not been observed, so spikes 
in CPP occur in phase with spikes in TEMP, HR and etCO2. The SVD smoothing shows, however, that clinicians’ 

interventions have successfully controlled the events that have led to these spikes; they disappear within less 
than two days. (b) Patient No. 30; three gaps occur (Figure 1, row 4): two at the beginning of stay in the ICU and 

one at midnight from Day 3 to Day 4. The temporal progression of raw ICP shows that clinicians’ interventions are 
not based on ICP levels exceeding threshold. We note that frequently very high CPP events occur along with local 
peaks in TEMP and HR (indicating that surges in TEMP are not the sole predictor of surges in CPP), and the time 

progressions of smoothed CPP almost parallels that of smoothed HR.
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 Predictor models
Table 3 & Figure 4 show which models are the most likely 

models that predict CPP as a dependent variable. Of the 17 models 
for 32 patients: (a) only 9 patients (28.1%, roughly one fourth) have 

TEMP as a sole predictor of CPP; (b) 15 patients (46.9%, slightly 
less than one half) do not have TEMP as a predictor. Although CPP 
could not be best predicted for all patients by including TEMP, no 
single other vital parameter was a superior predictor of CPP (Table 
3).

Figure 4: The calculated posterior likelihoods of the Bayesian probability s that TEMP alone or an algebraic 
expression involving TEMP is a predictor for CPP. One likelihood curve is for propofol, the other for sevoflurane. The 
most likely probability that TEMP is included in the predictor model for propofol is 47%; for sevoflurane it is 58%. 

These deviations from 50% are insignificant, however, as demonstrated by the large areas of false attributions (false 
positives) for each anesthetic agent. The confusion matrix shows that models that include TEMP as a predictor 

insignificantly differ with the choice of anesthetic agent; furthermore, the probability of predictor models that include 
temperature deviate insignificantly from pure chance (50%).

Independence of models on choice of anesthetic agent
Of the 15 patients treated with propofol, models for 7 patients 

(46.7%) included TEMP as a predictor variablene, 10 models 
(58.8%) included TEMP as a predictor variable (Table 3b). The 
confusion matrix below (derived from Figure 4) is evidence that 
the predictor models that include temperature for sevoflurane and 
those for propofol are not significantly different:

(in%)                      TRUE   FALSE
69.730.3

Sevoflurane propofol  
65.734.3

 
 
 

In summary, the best predictor models for CPP (for 17 out 
of 32 patients: 53.1%) include temperature as a predictor, but 

they are not significantly different regarding the use of propofol 
versus sevoflurane as an anesthetic agent. There is no significant 
difference between the distributions of patients’ LoS dependency 
on the applied anesthetic agent (Table 4; Figure 5). Furthermore, 
the bivariate non-parametric distribution (estimated via KDE) of 
maximum core body temperature (TEMPMAX) versus the time when 
TEMPMAX occurred during the patient’s stay in the ICU Figure 6 
shows no significant difference between the anesthetic agents, as 
evidenced by the confusion matrix.

(in%)                      TRUE   FALSE
76.523.5

Sevoflurane propofol  
73.326.7
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Figure 5: The probability density distributions, the boxplots and the rug plots of propofol (blue) and sevoflurane 
(brown) of LoS (in days). Some of the small vertical lines of the rug plots have a multiplicity (Figure 1). The mode of 
LoS for propofol and sevoflurane are projected as dashed lines onto the boxplots; these modes are always less than 

the medians and the expectation values (Table 4). The ML distributions are not significantly different ( 29%sig >  Table 4).

Figure 6: A contour plot resulting from using KDE (kernel density estimation) of the maximum TEMP observed 
versus the time when it occurred. Color-coded contours show constant pdfs. The comparable, observed scatter 
indicates that there is no significant difference between the contour plots for the two sedation substances. The 

confusion matrix confirms this observation. Regression would only be permissible if one assumes that the time of 
the occurrence of TEMPMAX is a predictor of TEMPMAX; it clearly isn’t (the residuals would have to be much smaller).
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Table 4: The point estimators for the length of stay of the 
patients, depending on whether they were administered 
propofol or sevoflurane. Apart from the maxima and 
minima, the displayed estimators have been calculated 
using the ML distributions (which are Beta distributions; 
Figure 5), not the raw data (furthermore, we note that 
modes can never be estimated from raw data). Wilks  
shows that the probability that the two samples have 
been drawn from the same statistical population is high; 
in other words, the ML distributions are not significantly 
different, implying that length of stay is independent of the 
anesthetic agent administered.

Length of Stay (days)

Propofol Sevoflurane

Minimum 4.5 5.25

1st quartile 5.68 6.86

Mode 6.88 8.02

Median 7.12 8.25

Expectation 7.53 8.57

3rd quartile 8.92 9.93

Maximum 13.5 13

Wilks  2.45747…

significance 29.30%

Discussion
Relevance of statistical methods

An issue of utmost importance when comparing effects in 
medical fields is the issue of randomness in assigning a patient to 
either one or another group [19]. Strictly speaking, TBI patients 
cannot be assigned randomly, as this would require close to infinitely 
large sample sets. Therefore, the more appropriate question is 
whether a pseudorandom assignment is sufficiently random 
for an analysis. In our case, the issue of sufficient randomness is 
moot; since we do not detect any significant differences in the 
two patient groups, it does not matter whether randomization 
is adequate [15,33]. We do, nonetheless, argue that alternately 
assigning patients to each group by the sequence in which they 
were admitted to the emergency room after a TBI event is very 
close (indeed: adequately close) to being pseudorandom [15]. 
Furthermore, the argument about adequate randomness is only 
relevant when discussing whether putative differences between 
the two anesthetic agents include sufficiently small entries in the 
off-diagonal of the confusion matrix.

Communicating null results is difficult (especially in a way 
that will satisfy peer reviewers). We challenge any objection that 
suggests we have not found an effect because we did not use 
the appropriate analysis. We address why such objections are 
unwarranted in our subsequent arguments. SVD is a method that 
is a blanket method; if there is an effect that separates groups, it 
will be detected, albeit not necessarily in a graphical rendition. 
We also showed that we investigated more predictor models 
than needed (arguably far more than suspected by clinicians) and 
therefore discovered, using AICc, that some (five out of seventeen 

models, 29.4%; Table 3) were to be eliminated; they were clinically 
irrelevant for our TBI patients. The methods we applied are deeply 
investigative; we insist that our claim that the lack of an effect 
between using propofol versus using sevoflurane is rigorously 
supported.

There are two reasons why scaling the parameters is necessary

A. Pending numerical analysis, the units of registrations may not 
be included in the random variable realizations being analyzed 
with statistical methods, and 

B. The numerical ranges of the scaled registrations should be 
comparable, because many numerical algorithms (also the 
ones used in this paper) include calculations of squares of 
realizations and large discrepancies would suppress the 
contributions of some or many other realizations. We suspect 
that several inconsistencies in published findings may be 
due to inappropriate scaling or outright absence thereof. In 
any case, the mean of a sample, being a good estimator of the 
expected value of the distribution from which the sample has 
been drawn, is a suitable scale.

SVD-smoothing [27] is an extraordinarily powerful tool to 
analyze interdependencies. As noted earlier, in an ICU, clinicians 
constantly intervene in order to, among other therapeutic goals, 
maintain an adequately ‘safe’ CPP level. We find the clinicians’ 
therapeutic interventions do not necessarily change vital 
parameters that are intended to readjust CPP to ‘safe’ levels. For 
some patients, intervening via hypothermia [34] may alter CPP 
levels; however, the statistical strengths of the relevant predictor 
models are not known to the intervening clinician - the best 
predictor models are only known in hindsight. In some models we 
find TEMP levels as possibly being a predictor variable (albeit with 
high likelihood), but rarely in others. The predictor HR, for example, 
is a predictor for ‘only’ four patients (12.5%) and the best predictor 
model was Model No. 3 Table 3. SVD is an analysis that overcomes 
the cause↔effect dilemma by determining interdependencies 
and not ascribing one variable as being caused/predicted by one 
or several others. What must be noted: the (perhaps random) 
fluctuations about the SVD-1 smoothed time progressions of the 
vital parameters are only a small fraction (frequently less than 1%) 
of the square of the Frobenius norm (Figure 1). The fluctuations 
about the SVD-1 smoothed signal may not be solely noise. Since 
clinicians are constantly intervening, a large fraction of the (small) 
fluctuations may be due to their efforts to keep the values of the 
vital parameters within acceptable bounds. As temperature was 
perceived by clinicians as a predictor variable, changing it via 
intervention should have changed-in their assessment-MAP (and 
CPP). This was not always the case, we discovered.

Our predictor models are linear models, so called because they 
are linear in the estimated coefficients ka  [35]. They need not be 
linear in the predictor variables. In many of the linear predictor 
models we used, registrations of the vital parameters themselves 
are included nonlinearly. Since the number of complete quintuples 
N_P varies from patient-to-patient Figure1, we need to assess, in 



10

Dev Anesthetics Pain Manag    Copyright © Hermann Prossinger

DAPM.000538. 2(3).2022

addition to the number of degrees of freedom in the models we 
are comparing, the number of quintuples included in each penalty 

term for each patient. The ‘penalty term’ [30] ( 1)
Npk

Np k− +  in the 
calculation of AICc is more severely penalizing for a patient with 
a smaller number of complete quintuples. As a consequence, the 
number of parameters K in each predicted model will be more 
severely limited for patients with a small number of quintuples. In 
cases of small NP, complicated predictor models (such as Model No. 
16) may be more severely penalized and therefore excluded. 

The patient with the smallest number of complete quintuples 
is 16, so even for the most complicated predictor model, 

16(df 4)penalty 4 4 1.45....
16 (4 1)

= = ≈ ×
− +  For the patient with the largest 

number of complete quintuples (55) and an equally complicated 

model 55(df 4)penalty 4 4 1.10...
55 (4 1)

= = ≈ ×
− +  The increase in penalty 

for the smaller N_P is not overly large. If, on the other hand, 
one assumes that the model with the second largest number of 
degrees of freedom for small Np ‘wins’ against the model with 
the largest number of degrees of freedom with large NP NP (for 
K=3, 163 ~ 4.00

16 (3 1)
penalty =

− +
and for K=4, 554 ~ 3.24

55 (4 1)
penalty =

− +
, the relative change in penalty is ~10 %. Consequently, we are 
in the position to argue that each patient’s number of complete 
quintuples minimally skews (if at all) the determination of the most 
likely predictor model. 

The application of Bayesian probability avoids two problematic 
applications of Frequentist statistics; namely comparing the point 
estimators-such as averages and standard deviations-of the 
samples and using (questionably estimated) confidence intervals 
about these point estimators. Jaynes [36] has elaborated rigorously 
why using these point estimators is misguided: there is no 
guarantee that a data set will reveal the true differences between 
populations from which the data sets have been drawn. Bayesian 
inference avoids the Prosecutor’s Fallacy [37] and stringently 
compares hypotheses.

Implications for clinical practice in an ICU
The (retrospective) study we present here is a novel approach 

to this issue of clinicians monitoring vital parameters; we looked for 
possible vital parameter interdependencies rather than predictor 
functions. That is to say, when clinicians alter one vital parameter 
they may-and, as we show, often do-uncontrollably alter the others, 
but not in the same way in every patient, and not necessarily 
always in the direction desired to achieve the treatment strategy. 
Presenting an analysis of summary statistics of a group of patients 
is therefore futile. The possible interdependencies occasionally 
include second-degree polynomials, demonstrating that there exist 
feedback mechanisms within the (damaged) brain and therefore 
making clinical interventions so challenging.

We Tested How Medically Relevant TEMP is as a predictor 
for MAP intervention by using a suite of 11 models that include 
temperature or an algebraic expression involving temperature 
as a predictor versus six models that exclude temperature as a 
predictor. Of the 11, five had to be excluded, based on the AICc 

not being a minimum Table 3. We found regression evidence for 
six models that include TEMP and six models that exclude TEMP. 
Since TEMP is a predictor only half of the time, the strategy of using 
hypothermia as a means to lower ICP is not always warranted (if at 
all). Our findings help to clarify why there are no definitive evidence-
based recommendations regarding the use of hypothermia to 
control for ICP swings [38]: prospective multicenter trials have 
not found any benefit [39]. We thus provide further evidence that 
predictor models for CPP are insufficiently verified in the published 
literature. Huschak et al. [39] found no support for the hypothesis 
that brain temperature correlates with ICP. Our findings suggest 
why: TEMP is not always a predictor of MAP. The insufficient 
evidence documented in the publications [38,39] concerning 
predictor models corroborates our finding that, by using SVD, CPP 
is interdependent with (and not dependent on) the other vital 
parameters TEMP, HR and etCO2. This interdependence is equally 
valid for both anesthetic agents.

Our statistical analysis does not use summary statistical 
estimators of all the patients together as one sample. Rather, 
we extract the statistical parameters, one distinct set for each 
patient. Using this intra-patient analysis, we find a mosaic of vital 
parameter interdependency patterns, but also a general theme: as 
the centers of temperature regulation within the brain are involved 
in feedback cycles, lowering TEMP results in a response that may 
or may not lower CPP. Clinicians cannot always control CPP by 
direct manipulation of TEMP. One possible scenario involving 
these temperature-regulating centers is perhaps the following: the 
patients for whom TEMP is predicted by a function (polynomial) of 
other vital parameters are those with intact temperature regulating 
centers (i.e., centers not under duress due to high ICP). We do not, 
however, have direct measurable evidence for this hypothesis and 
it may be impossible to obtain such evidence directly in an ICU 
setting. Based on our analyses, we can confirm and clarify why 
Huschak et al. [39] did not find a clinically useful correlation: other 
vital parameters ‘interfere’. That is to say, they become clinically 
more relevant during intervention.

Diringer et al. [40] found that elevated body temperature 
independently contributes to increased LoS in ICU patients. They 
support their claim of independent contribution by constructing a 
path analysis; it shows that elevated body temperature couples to 
other variables (severity, number of complications, and LoS). Of all 
the couplings in their published pathway model, one coupling-LoS 
with elevated body temperature-is remarkably small. So small, in 
fact, that we question its relevance-especially when the coupling 
between LoS and the number of complications during an ICU stay is 
around 200 times higher. Our analysis here deals with parameters 
not studied by Diringer et al. [40]. We studied feedback between 
physiological parameters of the patients individually during their 
stay, whereas Diringer et al. [40] studied population effects. 

Our findings of couplings between physiologically vital 
parameters Table 3 are evidence of the existence of physiological 
feedback cycles which are ‘at the mercy’ of the (largely robust?) 
temperature regulating centers in the human brain. Indeed, we 
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are tempted to interpret our findings in the following manner: 
because not all feedback models include temperature as being a 
statistical signal, perhaps in only some patients one or several of 
the temperature regulating centers have been damaged during 
TBI. In any case, the effect of increased LoS found by Diringer et 
al. [40] is an uncannily indirect support of our findings, because 
the number of complications that couple with LoS may indicate 
damage to these temperature regulating centers. Interventions that 
include HR and etCO2 may also be necessary [41]. The predictor 
models show that some patients respond to some degree of 
thermoregulation interventions. Further research is warranted to 
find clinical indicators and strategies when thermoregulation is 
employed to no avail [42-46].

Conclusion
Our findings show that employing thermoregulation in 

an ICU setting is beneficial to only some patients, if at all. The 
interdependencies of the vital parameters CPP, TEMP, HR, and 
etCO2 are highly significant, so using thermoregulation to control 
TEMP may change the other parameters, with the attendant risk 
of frustrating the effects of thermoregulation. Our findings show 
that there is no marked (significant) difference between the use 
of propofol or sevoflurane as an anesthetic agent for TBI patients 
while they are in an ICU.
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