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CHAPTER T

1.1 The role of clinical che mistry in medicine

Medicine is an art and a science in the service of fellow human beings {1]. On the ba-
sis of collected empirical data and information, clinicians select specific diagnoses, rule
out other differential diagnoses and eventually make decisions about which and how
specific therapeutic interventions are made for the benefit and healch of their patients.
For a proper interpretation, collected data and information must be compared with
other, already existing, data and information to assess the exact value of the clinician’s
tindings, Moreover, a clinician compares observed medical dara of a patienc with
knowledge obtained during his or her training as a clinician and with the experience
obtained by working with other patients,

A prerequisite in this paradigm, however, is that collected empirical data on which the
diagnoses of a clinician are based must be as objective as possible. Clinical chemistry
takes a pivotal role in this in the sense that the chemical characterisation of a patient’s
body fluid is one of the ways in medicine that can provide such objective data. Since
the beginning of this century, clinical chemistry has evolved into a separate and inde-
pendent discipline in the field of medicine [2-4]. Nowadays, most often a single cen-
tral clinical chemistry laboratory takes care of the ‘analytical needs’ of one or more
hospitals.

Tasks of the clinical chemist eypically include the improvement of existing methods of
chemical analysis, the development of new analytical methods and providing the clini-
cian with as much information as possible on the basis of chemical analyses, Especially
this fast task forms the basis of what has become known as chemometrics, a branch of
clinical chemistry that uses mathematical and stacistical methods to extract a maxi-
mum of information from chemical analyses [5, 6].

This thesis presents a multivariate chemometric approach to the problems that are
currently associated with the interpretation and evaluation of those laboratory meas-
urements that are used to assess the arterial acid-base status of a patient in an intensive
care unit (IC1).

1.2 Arterial acid-base measurements in the ICU

The TCU of today is a highly specialised ward in which expert medical, nursing and
technical staff provides medical services to severely ill patients. It is characterised as a
high-tech environment in which the real-time monitoring of vital functions plays a
central role. The origin of the ICU can be traced back to the second half of the 19"
century when special rooms, adjacent to the operating room, were used primarily for
the purpose of postoperative care [7]. In the course of time, these recovery rooms
evolved into specialised respiratory care units and shock and trauma units, eventually
leading to the present day ICU. The modern ICU provides integrated cardiopuimon-
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{(GENERAL INTRODUCTION

ary support for both medical and surgical patients suffering from severe respiratory
and / or cardiac problems as a result of disease or trauma.

The most frequently ordered chemical test in the ICU is the arterial blood gas meas-
urement [8]. Arterial blood gas measurements comprise those measurements of the
patient’s arterial blood that are used for the evaluation and interpretation of the pa-
tient’s oxygen and acid-base status. Basic arterial blood gas measurements include: the
partial pressure of oxygen (Pa0,), the oxygen saturation of haemoglobin, the pH of
arterial blood, the partial pressure of carbon dioxide {PaCO,} and the bicarbonate-ion
concentration (Al HCO;]). The first two measurements (PaO, and oxygen saturation)
are used to evaluate the oxygen status, while the other three are used for the interpre-
tation of the arterial acid-base stacus.

In a strict sense, the term blood gas measurements is incorrect, since only Pa0O), and
PaCQ, are true gas measurements and in modern chemical analysers al HCO] ] is not
measured but calculated from measured pH and PaCQO,. Moreover, two other derived
acid-base parameters are generally considered part of the set of arterial blood gas
measurements. These parameters are the standard bicarbonate-ion concentration (SB)
and the base excess (BE). Their derivation and rationale are described in section 1.4.3
in more detail.

Since the second half of this century, the analysis of arterial blood for the purpose of
acid-base characterisation has become a vital part of intensive care medicine. The im-
portance of the acid-base characterisation of arterial blood is illustrated by the severe
polio epidemic that struck Copenhagen (Denmark) in 1952 [9]. During this epi-
demic, hospitals in Copenhagen had to cope with 2 large number of patients needing
intensive artificial respiration as a result of paralysis of the respiratory muscles. For a
proper setting of the artificial respiration, the complete acid-base status of the patient
had to be known. At that time, arterial blood of patients was seldom sampled for the
purpose of performing blood gas measurements [10}. Arterial blood gas measurements
were mainly performed in physiological [aboratories and were not part of daily clinical
practice. Techniques of measurement were cumbersome and needed large equipment,
The clinical necessity of quickly knowing the patient’s arterial acid-base status for the
purpose of a proper adjustment of the artificial respiration inspired Poul Astrup to de-
velop his equilibration method [9]. This method allowed a relatively quick determi-
nation of the three basic acid-base parameters by only measuring the pH of an arterial
blood sample and the pH of the sample equilibrated at two known PaCO, gas ten-
sions. The original PaCO, is calculated by interpolation {11, 12]. Since then, tech-
niques of analysis developed and arterial acid-base measurements have become routine
and indispensable in the daily clinical care of intensive care patients.
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CHAPTER 1

1.3 Basic acid-base physiology

In chemical terms, acids are substances that are capable of donating hydrogen (H")
ions while bases are substances capable of accepting H* ions. The amount of H' ions
in the arcerial blood determines its actual acidity. Acidity is measured as pH, which is,
according to the definition of Sérensen, the negative logarithm of the H* concentra-
tion ([H']) [9].

The regulation of the amount of H" ions in the arterial blood and consequently its pH
is one of the most powerful controlling mechanisms in the human body. Under nor-
mal physiologic conditions, the pH of arterial blood is kept within well-defined limits.
This tight regulation of the H' concentration in arterial blood is essential since H"
ions are highly reactive with negatively charged parts of molecules. Changes in H”
concentration (intra-cellular as well as exera-cellular} therefore have a profound influ-
ence on the molecular configuration and consequently on protein function [13].
Hence, maintaining a constant pH ensures an optimal working condition for enzymes
and other proteins. Moreover, large deviations in pH may have effects on the nervous
system. If the body becomes too acidic, the nervous system can become so depressed
that death can occur. On the other hand, if the body becomes too alkaline, the nerv-
ous system can become overexcited, resulting in death from tetanus of the respiratory
muscle [14],

Two mechanisms exist to regulate pH of arterial blood: long term physiological buff-
ering and short term chemical buffering. Physiological buftering is the rediswribution,
production, excretion and/or retention of (non-)volatile acids and bases by means of
physiological processes. Chemical buffering is the result of the presence of weak acids
and their conjugated bases in the arterial blood. Examples of chemical buffers in arte-
rial blood are: inorganic phosphate, organic phosphate and haemoglobin.

One of the most important chemical buffer systems in the blood, however, is the bi-
carbonate fon (HCO; )/carbon dioxide (CO,) buffer system. It is mainly the presence
of this buffer system that makes it possible for the human body to cope with the con-
stant load of exogenous acids and bases and the vast amount of both volatile and non-
volatile acids that are continuously generated as a result of normal metabolism.

The equation describing the HCO, /CO, bulfer system in blood is:

CO, +H,0 & H,CO, & H' +HCO, (1-1)

"T'he lefe-hand side of this chemical reaction represents the formation of carbonic acid
(H,CO,) from CO, and H,O. Therefore, although CO, itself is not an acid, an eleva-
tion of the CO, in the blood increases the acidity of the blood through the formation
of H,CO, which immediately dissociates into protons (H") and bicarbonate ions

(HCO,).
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GENERAL IN'TRODUCTION

Since the concentration of H,CO, is so low in relation to the concentration of dis-
solved CO, and the concentration of HCQ;, the law of mass action for the
HCO;, /CO, buffer system is:

(1-2)

where K is a constant,

Because [H,0] is relatively constant in body Huids, it can be omitted from the equa-
tion and incorporated into the constant K, further indicated as K' [13]. Rewriting the
resulting equation to solve [H"] yields the equation that Lawrence Joseph Henderson
(1878-1942) first described in 1909 [10]:

[co,]
[HCO; ]

[ ]=K'x (1-3)
The concentration of dissolved CO, in blood ([CO,]) is proportional to the partial
pressure of CO, (PCO,) in the gas with which the blood is in equilibrium. Therefore,
[CO,] can be replaced by the partial pressure of CO, in the blood. Partial pressures are
either measured in millimetres mercury {mmHg) or kilo-Pascal (kPa) where 1 mmHg
= 0.133 kPa. The constant relating [CO,] in mmol/l to the PCO, is called the solu-
bility constant. The solubility constant for [CO,] in plasma is 0.03 mmol per litre per
mmHg or 0.225 mmol per litre per kPa.

Moreover, applying the pH concept of Sbrensen, in 1917 Karl Albert Hasselbalch
(1874-1962) introduced the Henderson-Hasselbalch equation:

. [HCO; |
pH=pK +loga PCO, , (1-4)

where pK' = 6.10 and @ is the solubility constant for [CO,] in plasma,

From equation 1-4 it is apparent that pH is the resultant of the ratio
al HCQO, )/PCO,. Both PCO, and a[ HCO,] can effectively be regulated by lungs and
kidneys, respectively [15]. This feature in particufar makes the HCO,/CO, buffer
system so effective in maintaining a constant arterial blood pH. Knowing pH, PCO,
and al HCO[ ] in the arterial blood of a patient is vital when interpreting the acid-base
status of arterial blood. It gives information on both the respiratory and metabelic
component of an acid-base disturbance and their joint effect on the acidity of the arte-
rial blood.

Although Sérensen introduced the electrochemical measurement of H* ions as early as
in 1909, it was not until 1932 that pH glass electrodes were produced commercially
and used on a regular basis. Before that time, pH of blood was indirectly obtained
from measuring total CO, and PCO, in the blood with the manometric Van Slyke
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CHAPTER 1

apparatus that Donald Dexter van Slyke (1883-1971) introduced in 1924 [9]. Around
1960 the CO, electrode was introduced into clinical chemistry. Today, chemical ana-
lysers measure pH and PCO, and calculate [HCO; | with the use of the Henderson-
Hasselbalch equation (see Equation 1-4).

1.4 The clinical interpretation of acid-base parameters

An impairment in ecither the respiratory or metabolic function (or both) of the body
may result in so-called acid-base disturbances [13], For a proper treatment of these
disturbances it is essential for an ICU clinician to be aware of the exact acid-base
status of the arterial blood of an ICU patient. With the analysis of measured and cal-
culated arterial acid-base parameters, the ICU clinician aims to find the underlying
cause(s) of one or more acid-base disturbances in order to remove it with specific
therapeutic interventions. Moreover, for patients receiving artificial respiration, the
acid-base analysis of arterial blood is essential for setting che kind and degree of artifi-
cial respiration.

1.4.1 General nomenclature and terminology

Acid-base disorders can be divided into primary, secondary and combined acid-base
disturbances. Primary acid-base disturbances are the result of impairment of either the
respiratory function or the metabolic function of the body. Impairments of the respi-
ratory function result in primary respiratory acid-base disturbances, whereas impair-
ments in metabolic function result in won-respiratory or metabolic disturbances. Both
respiratory and metabolic disturbances can be further divided into disturbances that
tend to lower the pH, resulting in acidemia, and disturbances that tend to raise the
pH, resulting in alkalemia. These acid-base disturbances are called acidoses and alkalo-
ses, respectively, Hence, the terms acidosis and alkalosis refer to underlying pH-
deranging physiologic processes, whereas the terms acidemia and alkalemia merely in-
dicate the actual acidity of arterial blood. Multiple single primary acid-base distur-
bances can be present at the same time, resulting in combined acid-base disturbances.
Moreover, as a response to primary acid-base disorders, the human body is capable of
initiating compensating mechanisms. Primary respiratory disturbances trigger mecha-
nisms in the kidneys that actively regulate the reabsorbtion of excreted HCO] ions,
thereby inducing metabolic compensating effects. Also, primary metabolic dysfunc-
tion eventually triggers the breathing centre, resulting in an adjustment of the respira-
tion and consequently the PaCO,. These compensating processes result in secondary
acid-base disturbances. The capability of the body to compensate for primary acid-
base disturbances prevents large changes in the pH of arterial blood even though
pathological processes may be present.
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(GENERAL INTRODUCTION

Respiratory compensations are very rapid and effective within minutes, while meta-
bolic compensations can take up to three days to be fully effective. A metabolic com-
pensation can, however, when in full working order, completely compensate a primary
respiratory disturbance, while a respiratory compensation can only partially compen-
sate primary metabolic acid-base disturbances.

It is apparent that for a proper treatment of an acid-base disturbance, the complete
acid-base status of a patient should be known to a clinician. Alchough the body can
compensate primary acid-base disturbances to a certain extent, therapeutic measure-
ments must be taken as soon as possible to eliminate any primary acid-base distur-
bance. Moreover, severely ill patients on the ICU most often receive some form of ar-
tificial respiration. Being on mechanical ventilation means that the body cannot fully
employ respiratory compensating mechanisms, making the ICU clinician even more
responsible for keeping the pH of the arterial blood within acceptable boundaries.

For most ICU patients, an arterial blood gas analysis is performed on a routine basis,
for instance every 3 or 6 hours. However, the interpretation of acid-base data is still
regarded as difficult since several pieces of information must be evaluated at the same
time in their clinical context. Multiple primary disturbances can be presenc at the
same time, concealed by various degrees of compensation, making the diagnosis and
monitoring of acid-base data a complex task.

This complexity is illustrated by the coexistence of two distinct methods for inter-
preting arterial acid-base parameters. One method uses /n vivo information to inter-
pret pH, PaCO, and a[ HCO; |, while the other method makes use of pH, PaCO, and
a calculated 7n vitro parameter called base excess (BE). This latter method was devel-
oped around 1960 by Poul Astrup and Ole Siggaard-Andersen from Denmark and is
therefore also known as the Scandinavian view {16].

Schwartz and Relman of the Tufts University School of Medicine in Boston (USA)
criticised the in vitro approach and made a case for pH, PaCO, and a[HCO;] {17].
This method is therefore also known as the North American view. The controversy
berween the two schoals, which Bunker called “The Grear Trans-Adantic Acid-Base
Debate’, still exists today, although many attempts were made to bridge the gap [16,
18-22}.

1.4.2 The North American view; af HCO, ] and in vive CO, buffer lines

In the North American view, a high value of PaCO, indicates a primary respiratory
acidosis or a respiratory compensation for a metabolic alkalosis, while a low value of
PaCO, indicates a primary respiratory alkalosis or a respiratory compensation for a
primary metabolic acidosis. The metabolic component of an acid-base status is as-
sessed with af HCO; 1. A high value of al HCO, ] indicates a primary metabolic alkalo-
sis or a metabolic compensation for a primary respiratory acidosis while a low
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CHAPTER 1

Table 1-1. Compensations to primary acid-base disturbances in the North American view [13].

disorder primary COMPENSatory response
change
metabolic acidosis | a[ HCO;] 1.2 mmHg decrease in PaCO, for every 1
mmol/l fall in af HCOY ]

metabolic alkalesis T a[ HCO;] 0.7 mmHg elevation in PaCQ, for every 1
mmol/l rise in af HCO; ]

respiratory acidosis T PaCO,

acute 1 mmol/l elevation in a[ HCO]] for every 10
mmHg rise in PaCQO,
chronic 3.5 mmol/l elevation in a| HCO, ] for every 10

mmHg rise in PaCO,
respitatory alkalosis | PaCO,

acute 2 mmol/l decrease in al HCO, ] for every 10
mmHg fall in PaCO,
chronic 5 mmol/l decrease in a| HCO, ] for every 10

mmHg fall in PaCO,

al HCO;] indicates a primary metabolic acidosis or a metabolic compensation for a
primary respiratory acidosis. However, al HCO; ] cannot be used as a true metabolic
parameter, since changes in PaCO, also effect af HCO; ).

The concept of the North American view is that /n vive data is used to calculate the
expected rise or fall in al HCO,] and/or PaCO, that occur in specific acid-base disor-
ders. The empirically derived in vive information has been compiled from a large
number of clinical studies in which the normal compensatory reactions to each of the
primary acid-base disorders has been investigated and quantified [23-30]. An observed
value of a[HCO;] or PaCO, below or above the expected value of af HCO;] or
PaCO, is an indication for the presence and nature of a metabolic component or res-
piratory component of an acid-base disorder. Table 1-1 presents the empirically
found expected compensatory rise and fall in al HCO;] and PaCO, for the primary
acid-base disturbances.

1.4.3 The Scandinavian view; standard bicarbonate and base excess

The North American view requires calculations to be performed at the bedside of a
patient. Moreover, to predict the amount of rise or fall in primary acid-base values,
the acid-base disturbance of a patient should be known & priori. To overcome the
‘problems’ of bedside calculations and the paradox of classifying an already known
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GENERAL INTRODUCTION

acid-base disturbance, Astrup and Siggaard-Andersen developed the concept of the
standard bicarbonate and the base excess as true metabolic acid-base parameters [11].
In 1960, Astrup described his equilibration method for the rapid measurement and
calculation of the primary acid-base parameters pH, PaCO, and ol HCO,] [12, 31].
In a microtonometer a blood sample is equilibrated with two known CO, gas mix-
tures, one with a high PaCO, and one with a low PaCO,. Plotting PaCO, and meas-
ured pH at both PaCO, values in a log PaCO,—pH diagram, and connecting the two
points with a line yields the in vitro CO, equilibration curve. By measuring pH of the
original blood sample and putting it in the plot, the actual PaCO, of the blood sample
can be read from the CO, equilibration curve, With the Henderson-Hasselbalch
equation a[ HCO] ] can be calculated.

With the log PaCO,~pH chart and the in vitro CO, equilibration curve of a patient,
a[HCO]] can be calculated at any desired PaCO, value. Astrup proposed to use the
a[HCO] of a blood sample at a PaCO, of 40 mmHg as a true metabolic paramerer,
since this would be the concentration that would have been found in the blood sample
if the influence of the respiration was climinated. He called it the standard bicarbon-
ate concentration or SB.

At the same time, Siggaard-Andersen completed his titration experiments in which he
determined the CO, equilibration curves of normal blood and blood with known
amounts of non-volatile acids and bases at a fixed PaCO, of 40 mmHg, Based on
these experiments he added to the log PaCO,-pH diagram of Astrup a curved line
representing the amount of non-volatile acid or base needed to titrate the blood sam-
ple at a PaCO, of 40 mmHg to a pH of 7.40 at a temperature of 37 °C. Astrup and
Siggaard-Andersen called this the base excess or BE. Positive base excess values indi-
cate a relative deficit of non-volatile acids while negative base excess values indicate a
relative surplus of non-volatile acids. A base excess of 0 means that there is no meta-
bolic component in the acid-base disorder. In modern analysers, BE is calculated from
pH, PaCO,, a[ HCO,] and the haemoglobin concentration of the arterial blood sam-
ple at hand.

'The most important argument against the use of standard bicarbonate and base excess
is that they are determined /n vitro. The in vitro CO, equilibration curve is the equili-
bration curve of whole blood in a tube or syringe. It has been shown that in vive buft-
ering of protons is different from the in vitro buffering of protons {17]. This is mainly
because in vive buffering takes place in the extracellular fluid in which the haemoglo-
bin concentration {(a powerful chemical buffer) is lower than in whole blood. Both
Siggaard-Andersen himself and Severinghaus proposed to calculate BE not with the
measured haemoglobin concentration of the sample, but with a haemoglobin concen-
eration of 5 gfdl, which is the Hb concentration relative to the total volume of extra-
cellular fluid of the body [32, 33]. This BE is also known as BEecl (Base Excess of ex-
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Figure 1-1. Areas of acid-base classification according to the method presented in
Table 1-2. Combinations of low, high or normal abserved values yield 12 specific
acid-base disorder vegions. In the normal region, all values are within their stan-
dard 95% novinal reference intervals. The % regions ave formally not classifiable
[34]. In these regions, one of the three observed acid-base values is outside ivs 95%
univariate reference interval,

tracellular fluid), SBE (Standard Base Excess) and BES (Base Excess at a haemoglobin
concentration of 5 g/dl.

With BE as a true metabolic parameter, classifying acid-base disturbances is now
straightforward. Figure 1-1 and Table 1-2 show all possible acid-base classifications
based on pH, PaCO, and BE. To determine whether an observed value for an acid-
base parameter is too low, normal or oo high, standard univariate 95% reference in-
tervals are used. Table 1-3 presents the associated upper and lower cuc-off values for
the univariate 95% reference intervals of arterial pH, PaCO,, BE and a[ HCO; ],

1.5 Objective and scope of this thesis

Two main problems are currently associated with the interpretation and evaluation of
arterial acid-base measurements in an intensive care setting.

The first problem occurs when classifying the acid-base variables pH, PaCO, and BE
according to the method described in section 1.4.3, A strict adherence to the classifi-
cation rules as described in Table 1-2 reveals that some combinations of observed val-
ues for the three acid-base variables can formally not be classified. This was found
when an attempt was made to computerise the classification scheme of Astrup and
Siggaard-Andersen in a rule-based expert system [34]. Typically, the wnclassifiable
situation occtrs when only one of the three observed acid-base values is outside its
95% univariate reference interval, while the other two are within their 95% univariate
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GENERAL INTRODUCTIGN

Table 1-2. Classificasion of acid-base disorders in the Seandinavian view. The signs <, v and *=" indi-
cate an observed value being respectively below, above or within its 95% normal veference interval. See
also Figure 1-1.

pH PaCO, BE classification

- + = respiratory acidosis
2 - + +  partly compensated respiratory acidosis
3 = + + compensated respiratory acidosis OR compensated meta-

bolic alkalosis OR combined respiratory acidosis and meta-
bolic alkalosis

partly compensated metabolic alkalosis

metabolic alkalosis

combined respiratory and metabolic alkalosis

il
+ + +

respiratory alkalosis

- - partly compensated respiratory alkalosis

- - compensated respiratory alkalosis OR compensated meta-
bolic acidosis OR combined respiratory alkalosis and meta-
bolic acidosis

10 - - - partly compensated metabolic acidosis

It - metabolic acidosis

12 - + - combined respiratory and metabolic acidosis

= normal

X unclassifiable

(G- RN - N N
4 4+ 4+ o+
1

intervals. In Figure 1-1, this situation is represented by the triangular regions denoted
by ‘%’.

The second problem originates from the use of the 95% univariate reference interval
as the standard statistical model for evaluating the ‘normalcy’ of observed arterial acid-
base values from intensive care patients.

A first critical note on the use of 95% reference intervals is that the determination of
the respective reference intervals and the characteristics of the reference population are
completely unknown. In general, reference intervals are derived from a representative

Table 1-3. Upper and lower limirs of the standard 95% novmal veference intevoals for the acid-base vari-
ables in artevial blood,

Acid-base variable lower limit upper limit
pH 7.35 7.45
PaCO, 35 mmHg 45 mmHg
BE -3 mmol/l 3 mmol/i
a[HCO; ] 21 mmol/l 27 mmol/l
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sample of a (often) ‘healthy’ reference population [35]. The process of defining the
reference criteria, the selection of reference individuals, analytical considerations and
the use of statistical techniques for defining valid 95% univariate reference intervals
are described in detail [36-40]. Nothing is known, however, about the determination
of the 95% univariate reference intervals that are presented in Table I-3. If we assume
that the intervals are defined on a ‘healthy’ reference population, what is the value of
these intervals in an intensive care setting where it is to be expected that most of the
observed acid-base values will be outside these ‘health’-based intervals?

A second critical note concerns the number of reference intervals used. Traditionally,
the interpretation of the acid-base status involves the use of three separate 95% refer-
ence intervals for evaluating the acid-base variables: pH, PaCO, and a| HCO] in the
North American view, or pH, PaCO, and BE in the Scandinavian view. From the
Henderson-Hasselbalch equation (Equation 1-4), however, it is apparent that the re-
lationship between pH, log PCO, and log [HCO,] is a linear one. This can best be
appreciated when Equation 1-4 is rewritten as:

pH - log al HCO;] + log PCO, = pK' - log 0, (1-5)

with pK' and log . both being constant.

Moreover, in Chapter 2 it will be demonstrated that the relationship between pH,
PaCO, and BE is also (almost} linear. Consequently, as Madias [41] already pointed
out, it is illogical and fundamentally wrong that three separate 95% univariate refer-
ence intervals are used, while only two of the three variables can change independ-
ently.

A third critical note on the use of univariate 95% reference intervals is that the 95%
univariate interval is not the proper statistical model for evaluating arterial acid-base
values, Theoretically, the use of more than one 95% univariate reference interval in
case of a simnultaneous evaluation of multiple variables — which is the case when inter-
preting arterial acid-base values — is prone to error and leads « priori to more false
positive and false negative observations [42-44]. This will be illustrated in detail in
Chapter 4,

This thesis describes a new multivariate statistical reference model for evaluating and
classifying arterial acid-base variables in an intensive care environment that addresses
all of the above mentioned problems. The essence of the model is that a single 95%
multivariate statistical reference region is defined on a large reference population con-
sisting of acid-base data coming from intensive care patients themselves. Furchermore,
the multivariate reference model is not defined on the original acid-base measure-
ments buc rather on the values obtained after applying a mathematical data reduction
transformation procedure. Finally, based on the outcome of this transformation, a
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new way of classifying pH, PaCO, and BE values will be proposed that will have no
unclassifiable categoties, unlike the method described in 1.4.3.

The outline of this thesis is as follows. In Chapter 2, the mathematical data reduction
technique will be introduced, together with the results of various transformed large
acid-base data sets coming from several ICUs. In Chapter 3, a two-dimensional
graphical representation of the three acid-base variables will be presented, based on the
mathematical transformation as described in Chapter 2, Also, the new classification
model for pH, PaCO, and BE combinations will be described. Then, in Chapter 4,
the technique for defining a 95% multivariate patient-based reference region for the
acid-base variables will be described. Chapter 5 presents the computational methods
involved in the data reduction transformation procedure and the construction of the
multivariate reference model. It also presents the prototype computer programs that
were built for defining multivariate acid-base reference regions and describes their use
in daily clinical practice. Chapter 6 exemplifies the use and practicability of the pro-
posed graphical representation of acid-base data using measurements from three inten-
sive care patients. In Chapters 7 and 8, the results of the clinical evaluation of the
multivariate acid-base reference regions and classification model can be found. The
thesis is concluded with a general discussion.
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CHAPTER 2

2.1 Introduction

In clinical practice, the interpretation of the arterial acid-base status is performed by a
simultaneous evaluation of three acid-base laboratory parameters; pH of arterial blood,
the partial pressure of carbon dioxide (CO,) in arterial blood (PaCO)) for the evalua-
tion of the respiratory component, and either the arterial bicarbonate-ion (HCO;)
concentration (af HCO; ) or the base excess (BE) for the evaluation of the metabolic
component [1, 2]. Arterial acid-base values, however, are linearly related [1]. This
means that if two of the three parameters are known, the third can be calculated.
Thus, clinicians use three acid-base parameters to assess the acid-base status of a pa-
tient as if they were independent of each other, although only two of the three vari-
ables can change independently,

Although a strict linear relationship is not self-evident for pH, PaCO, and BE, an al-
most linear relationship is also present between these three variables. This was discov-
ered during an earlier scudy [3] in which the distributions of large collections of pH,
PaCO, and BE values were explored, using graphical software with capabilities of on-
line three-dimensional rotation. During these explorations it was realised that, when
plotting the combinations of the three variates as they occur in practice in three-
dimensional space, the points are located on a surface with only a slight curvature.
Figure 2-1 displays such a pH, PaCO,
and BE distribution in three dimen-
L sions. The distribution is rotated in
C o such a way that the curved plane of
measurements can be easily viewed.
The cube in the middle is the volume
in three dimensions that represents the
standard reference volume, as built
from the three standard univariate 95%
reference intervals for pH, PaCO, and
BE of Table 2-1.

Having observed that the relationship
between the arterial acid-base variables
{both for combinations of pH, PaCO,
and BE and pH, log PaCO, and log
a HCQO, ]} is an almost linear one, the
- goal is to arrive at a mathematical de-
Figure 2-1. Three-dimensional view of a rotated pH, scription of this relationship and to in-
PaCO, and base excess (BE} data set. The cube repre- vestigate its departure from linearity.

sents the 95% reference velume as defined by the 95% . .
e 959% refe ! a ofined by the 95% e mathematical technique to be used
univariate vefevence intevvals of Table 2--1.
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Table 2-1. Means (1) and standavd deviations (5) as devived from the standard 95% reference intervals
Jor the arterial acid-base vaviables. The standuvd deviations ave caleulated by assuming the 95% reference
Fntervals to be 4 standard deviations wide.

95 9% reference w $
interval

pH 7.35-7.45 7.40 0.025

PaCO, (mmHg) 35 - 45 40 2.5

PaCO, (kPa) 4,7 - 6.0 5.33 0.325

BE {mmol/l) -3-3 0 1.5
a[HCO,] (mmol/l) 21-27 24 1.5

log PaCO, (mmHg) log 35 — log 40 log 40 (log 35 - log 40) / 4
log PaCO, (kPa) log 4.7 — log 6.0 log 5.33 (log 4.7 — log 6.0) / 4
log a[HCO;] log 21 - log 27 log 24 (log 21 —log 27) / 4

for such an investigation is a principal component analysis (PCA). PCA is a multivari-
ate statistical technique for the compression of large data matrices [4, 5], In this
chapter, the results of a PCA of several distributions of acid-base data, coming from
various ICUs, are described.

2.2 Materials and methods

2.2.1 Pattent data

Six acid-base data sets from four different intensive care units were submitted to PCA.
Data set AZRbe contains 1500 unselected combinations of pH, PaCO, and BE values
from patients of the respiratory ICU of the Dijkzigt academic hospital, Rotterdam,
The Netherlands. The term unselected means that no specific selection criteria were
applied. In fact, all data sets are constructed by sampling the acid-base data as con-
sectitively measured in the respective clinical laboratories. Data set OLVGbe contains
1500 unselected combinations of pH, PaCO, and BE values from patients of the gen-
eral ICU of the OLVG hospital, Amsterdam, The Netherlands, Data set OLVGab
comprises the 1500 combinations of pH, log PaCO, and log a[HCO, ] values from
the same patients as the OLVGbe data set. Darta set SKZbe contains 1500 combina-
tions of pH, PaCO, and BE values from patients of the neonatal ICU of the Sophia
Children’s hospital, Rotterdam, The Netherlands. The data set is composed of equal
numbers of data in three age groups: new-borns younger than five days, infants be-
tween five days and one month of age, and infants aged between one month and one
year. Data set ELIbe contains 1500 unselected combinations of pH, PaCQO, and BE
values from the general ICU of the St. Elisabeth hospital, Tilburg, The Netherlands.
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Data set ELlab comprises the 1500 combinations of pH, log PaCO, and log
a[ HCO, ] from the same patients as the ELIbe data set.

2.2.2 Standardisation
Prior to the principal component analysis of an acid-base data set, each variable in the
data set was standardised with fixed means and standard deviations according to:

X, = .
Z =, i=1,.,V (2-1)
s
where m and s are, respectively, the mean and standard deviation for the respective
acid-base variables as presented in Table 2-1, while IV is the total number of cases in
the data set. The z-values are therefore the deviations from the mean m, measured in

units of the corresponding standard deviation s.

2.2.3 Principal component an alysis

The standardised data sets were then subjected to PCA. PCA is a mathematical trans-

formation that enables the reduction of the number of variables in a multivariate data

set whilst preserving as much of the original information as possible [4, 5]. Assuming

a mulrivariate data set with p variables (x,, x,,..., x}, PCA finds 2 new set of derived

variables (2, z,,...,2) that are linear functions of x,, x,,..., x, with the following proper-

ties:

® z, has maximum possible variance among all possible lincar functions of ¥, x,..., x,.

¢ z, has maximum possible variance among all possible linear functions of x,, KpernsXs
subject to z, being uncorrelated with z, z,,...z, ,, for 2 < £ < p [4],

The derived variables z, z,,...,2, are called the principal components or PCs,

In linear algebraic terms, PCs are determined with an eigenvalue transformation of che

variance-covariance matrix as derived from the multivariate data set. For a set of V

vectors x, (7 = 1,..., V) in a p-dimensional data set, the variance-covariance marcrix V is

defined as:

A
Z(X; —m)(x, ~m)"
V== (2-2)
NN -1)

where m is the vector of the mean of the set x, (7 = 1,..., N} and the superscripe T indi-
cates transposition of a vector, in the convention that an untransposed vector is a col-
umn vector. The eigenvalue transformation yields a transformation matrix U, which
transforms the original vectors x into vectors y, according to y = U x, such that the
variance-covariance matrix W = UVU" of the transformed vectors y is a diagonal ma-
trix. If U is constrained to be a unitary matrix, the component variances of the trans-
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formed vectors y appear as eigenvalues (A) in the analysis and are found as the diago-
nal elements of W.

Since the eigenvalue transformation diagonalises the variance-covariance matrix, the
total variance in the set of original vectors x is decomposed into p orthogonal direc-
tions, Thus, for a set of p-dimensional vectors x for which it is observed char most of
the variance is confined to a subspace of dimension / < p, it is expected that the com-
ponents 1 through / of the transformed vectors y contain most of the useful informa-
tion. The components / +1 through p have only a small variance, and thus convey
(almost) no information. In the present situation, p = 3 and due to the (almost) linear
relationships between the variables in the standardised data sets, it is expected that
[=2,

2.3 Results

Table 2-2 presents the results of the principal component analysis of each data set.
The eigenvalues A are shown for each of the three principal components (hereafter re-
ferred to as PC1, PC2 and PC3). The eigenvalues A explain the contribution of each
of the principal component to the total variance in the data set prior to PCA. For in-
stance, in the AZRbe data set, PCI, PC2 and PC3 explain 62.37%, 36.91% and
0.71% of the total variance in the initial data set, respectively. From Table 2-2 it can
be concluded that for each data set, the percentage of variance exphained by the third
principal component (PC3} is only small compared to the variance explained by the
first two principal components (PC1 and PC2) together. The explained variance by
PC1 and PC2 for each data set is more than 99%. The data sets OLVGab and ELIab
show the smallest explained variance by PC3; 0.03% and 0.09%, respectively, This is
not surprising since these data sets consist of pH, log PaCO, and log al HCO, ] values
and these variables are linearly related according to the Henderson-Hasselbalch equa-
tion (see Chapter 1) [1].

Table 2-2. Eigenvalues % and contributions to the total variance in the initial data set (in brackets) for
each principal component.

PC1 PC2 PC3
AZRbe 20,54 (62.37%)  12.16 (36.91%) 0.235 (0.719%)
OLVGbe 26.04 (69.70%)  11.22 (30.03%) 0.101 (0.27%)
OLVGab 25.52 (74.30%) 8.82 (25.67%) 0.009 (0.03%)
SKZbe 21.09 (78.01%) 5,87 (21.72%) 0.072 (0.27%)
ELIbe 23.62 (64.55%)  12.83 (35.07%) 0.137 (0.37%)
ELIab 20.36 (58.91%) 1417 (41.00%) 0.032 (0.09%)

31



CHAPTER 2

For each data set, a matrix U can be built from the three separate normalised eigen-
vectors €, which are used to calculate the associated principal component values from
a combination of standardised original acid-base values, Table 2-3 shows the normal-
ised eigenvectors € of each principal component for all data sets. With the macrices U,
new trivariate distributions of principal component values were calculated from the
original standardised acid-base data sets.

Table 2--3. Normalised eigenveciors € of each principal component as obtained after PCA. The eigenvec-
tors for PCI, PC2 and PC3 ave columns 1, 2 and 3, respectively of the eigenmatrix matris U. The ei-
genmatix U witl be the input of calculations to be presented in the next chapters.

PC1 PC2 PC3
AZRbe (0.297, -0.885, -0.358)  {0.709, -0.046, 0.703) (0.639, 0.463, -0.614)
OLVGbe (-0.039, -0.777, -0.628) (0.742, -0.444, 0.503) (0.669, 0.446, -0.594)
OLVGab  (0.044, 0.686, 0.727)  (-0.839,0.420,-0.346) (0.542, 0.594, -0.594)
SKZbe {0.635, -0.757, 0.153)  {0.425, 0.508, 0.749) (0.645, 0.411, -0.649)
Ellbe (0.732, -0.184, 0.656) (-0.184, 0.874, 0.450) (0.656, 0.450, -0.605}
ELlab (0.734, -0.012, 0.679) (-0.391, 0.811, 0.436) {0.556, 0.585, -0.590)

Table 2-4 presents the characteristics of the resulting principal component value dis-
tributions. For each data set, the standard deviation of the PC3 distribution is small
compared to the standard deviations of the PC1 and PC2 distributions, Data set
OLVGab and ELIab have the smallest standard deviations for the third principal com-
ponent value distribution: 0.097 and 0.178, respectively. This is in accordance with
the resules presented in Table 2-2.

Table 24, Characteristics (wt is wiean and s is the standeavd deviation) of the principal component value
distributions.

PCI PC2 PC3
m $ i 5 w s
AZRbe 1.282 4,532 0.695 3.487 0.177 0.485
OLVGbe  -0.773 5.103 -0.315 3.349 -0.215 0.317
OLVGab 0.357 5.052 0.250 2.969 -0.282 0.097

SKZbe -3.358 4.593 -2.676 2.423 -0.109 0.268
ELIbe -1.025 4,860 0.062 3.582 -0.005 0.370
ELIab -1.008 4.513 -0.038 3.765 -0.071 0.178

Since for each data set the amount of explained variance is more than 99% when only
PCl and PC2 are considered, there is no significant loss of information when the
acid-base values are projected onto the plane spanned by PC1 and PC2. Hence, any
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Figure 2-2. Prajections of the 1500 acid-base observations on the plane spanned by the first two principal
components (PCI and PC2).

quantitative analysis based on PC1 and PC2 addresses the complete acid-base status.
In Figure 2-2, scatterplots of PC2 versus PC1 are shown for all data sets.

Since the plane of measurements in case of a pH, PaCO, and BE data set is slightly
curved (see Figure 2-1), it is interesting to investigate the effect of the curvature on
the distribution of PC3 values. Therefore, the PC3 diseribution characteristics of two
data sets were investigated, This was done by constructing box-whisker plots of groups
of PC3 values that are increasingly further away from the bivariate PC1-PC2 mean. As

33



CHAPTER 2

1'51 ' a cut-off point, a distance of 1 standard
1.0 deviation score was chosen with a maxi-
P mum of 10, yielding 11 groups of data. A

] box-whisker plot provides a graphical rep-

8 004 resentation of the distribution of values in
sl $$$$$ Q a given data set. The outer top and bot-
tom horizontal lines of the box-whisker

0] : plots indicate the 95™ and 5" percentiles
15 — of a distribution, respectively. The top and

0 1 2 a3 4 6 6 7 B8 9 10 ) . .
bottom horizontal lines enclosing the box

Distance fo bivariate mean in SDS & )
denote the 75" and the 25 percentile, re-

Figure 2-3. Box-whisker plots as a function of the
distance from the mean in the PCI-PC2 plane for
data set OLYGbe. SDS stands for ‘standard devia-

tion score’

spectively. The horizontal line inside the
box denotes the median.
Figure 2-3 shows the box-whisker plots

for the OLVGbe data set, In Figure 2-4
the box-whisker plots are shown for the

" OLVGab data set. Comparing both fig-
101 | ures, it is apparent that with increasing
05 ] o ~ distance from the mean in the plane

: B I spanned by the first two principal compo-

g o0 N : nents PC1 and PC2, the variance in the
- 06 $$$$$$$$$$$ PC3 distribution increases for daca set
' o . OLVGhe, while the variance in the PC3

0 ' distribution of data set OLVGab remains
AF A the same for all distance strata, These fig-

ures illustrate the slight curvature of a
PCA transformed pH, PaCO, and BE
data set which is absent in a PCA trans-
formed pH, log PaCO2 and log a[ HCO;, ]
data set.

Figure 2—5 presents a histogram of the 1500 calculated PC3 values of the transformed
OLVGab distribution. The straighc line in the normal probability plot in the upper
part of Figure 2-5 indicates that the 1500 PC3 values are normally distributed, This
was confirmed with a Kolmogorov-Smirnov distribution fic test (D, of 0.03 with a p-
value of 0.118). Since these PC3 values are normally distributed, a parametric 95%
reference interval may be derived from this distribution as m * 25, resulting in a refer-
ence range of -0.472 to -0.092. The calculated PC3 value of a pH, log PaCQ,, log
a[HCO;,] combination from an ICU patient of the OLVG hospital, transformed with
the corresponding eigenvectors of Table 2-3, will have a probability of 95% of being

Distance to bivariate mean in SDS

Figure 2—4. Box-whisker plots as a finction of the
distance from the mean in the PCI-PC2 plane for
data set OLVGab,
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located within this interval. A similar
analysis, however, on the 1500 PC3 values
of the transformed data set ELIzé showed
a bimodal distribution of PC3 values
{(Figure 2-6). Consequently, the distribu-
tion was found to be significantly deviat-
ing from a normal distribution (D__ of
0.263 with a p-value < 0.01).

2.4 Discussion

In 1979, Madias er al. [6] already noted
that, when evaluating an acid-base status,
it is illogical and fundamentally wrong to
use pH, PaCQ, as well as al HCO; ], while
only two of these three variables are free to
change independently. He proposed to
evaluate acid-base disorders with only two
of the three basic acid-base variables. This
means, however, that clinicians are de-
prived of one of the three variables on
which the interpretation of the acid-base
status is traditionally based.

It this chapter, a solution is proposed that
allows a quantitative analysis of all three
basic acid-base variables while being
faithful to the interdependence between
them. A multivariate statistical technique
called principal component analysis (PCA)
was used to reduce the dimensionality of
large trivariate distributions of acid-base
variables. Results show that the acid-base
status can be faithfully represented in a
principal component subspace defined by
the principal components PC1 and PC2,
without significant loss of information.
The distortion, measured as a percentage
of variance not represented, is shown to be
less than 0.7% for all the data sets investi-
gated, The (small) percentage of explained

99.9+
99 " 1
95 ut
80+ u"

20 "

Cumulative Counts

Counts

Figure 2-5. Histogram and novmal probability
plot of the 1500 third principal component values
(PC3) of the OLYGab data set.
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Figure 2-6. Histogram and norinal probability
plot of the 1500 third principal component values
(PC3) of the ELIab dutet set.
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variance by PC3 in data sets of pH, log PaCO, and log a] HCO, ) (data sets OLVGub
and £LIzb) may be attributed to rounding effects and analytical imprecision. For the
other data sets, consisting of pH, PaCO, and BE values, the curvature of the plane of
measurements is an extra source of variance resulting in larger percentages of variance
explained by PC3. However, this source of variance is only minor and for each data
set it is therefore justified that quantitative analyses of acid-base disorders be based on
PC1 and PC2 values after a PCA transformation, rather than on the original acid-base
values. Furthermore, projection of the original points onto the PC1-PC2 subspace is
(almost) distortionless. In Chapter 3, this characteristic is used to define a sound way
to graphically represent all three acid-base variables in a single two-dimensional repre-
sentation.

The minor variance in PC3 may also serve as a plausibility check for acid-base labo-
ratory values; each transformed combination of pH, PaCO, and a| HCO,1/BE must
lead to a small PC3 value, For 2 pH, log PaCO, and log 2] HCO, | data set, PC3 must
be within the 95% reference interval for PC3 as obtained from the PC3 values after
PCA of an acid-base data set. For instance, the 95% reference interval for PC3 of the
OLVGab data set was found to be -0.472 to 0.092. If a transformed combination of
acid-base measurements is not within the interval, then it may be concluded that this
specific combination of pH, PaCO, and a[HCQO;] is not valid. Note that the interval
is not equally centred around zero. From the definition of PCA one would expect
that, when calculated means and standard deviations are used, the mean value for all
principal component values would be zero. However, for the standardisation proce-
dure the fixed means and standard deviations of Table 2-1 were used, leading to the
observation that the mean values of the principal components are different from 0 for
the various data sets, since they have different means and variances for the original
acid-base values.

Checking whether the PC3 value of a transformed acid-base observation is within the
95% reference interval is only possible for data sets of pH, log PaCO, and log
a[HCOY ], since the variance in PC3 is independenct of the distance of an observation
to the PC1-PC2 bivariate mean (see Figure 2-6). Observations in a data set of pH,
PaCO, and BE are located on a slightly curved plane of measurements, resulting in
the effect that with increasing distances from the PC1-PC2 bivariate mean, the vari-
ance in PC3 increases (see Figure 2-3). To check the plausibility of a transformed pH,
PaCO, and BE combination one could either use the variance in PC3 as found for
data with distances larger than or equal to 10 standard deviations scores (2 10), or use
the variance in PC3 in the associated distance group.

One could argue that the relationship between the acid-base variables could be de-
scribed by studying the formula used in acid-base analysers to caleulate a{ HCO,] or
BE from measured pH, PaCO, and haemoglobin. The advantage of the approach pre-
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sented in this chapter, however, is that no prior knowledge is needed about the for-
mula with which the alHCO;]] or the BE are calculated. The method, thercfore,
adapts itself o the instruments used.

2.5 Acknowledgements

I am indebted to dr. RN.M. Weijers and dr. D. Zandstra for making the data sets
OLVGhe and OLVGab available. Dr. B. van der Berg and dr. RW. Wulkan contrib-
uted similar material: the data sets AZRbe and SKZbe, respectively. Finally, dr. J.E. van
Puyenbrock and dr. B. Speelberg provided the data sets ELIbe and ELIab.

37



CHAPTER 2

2.6 References

1.

2,

38

Rose BD. Clinical Physiclogy of Acid-Base and Electrolyte Disorders. 4th Edition, New York:
MeGraw-Hill, Inc., 1994; 853.

Ascrup P, Jérgensen K, Siggaard-Andersen O, et al. The acid-base metabolism, a new approach.
Lancet 1960;1035-1039.

Gelsema ES, Leijnse B, Wulkan RW. A multi-dimensional analysis of three chemical quantities
in the blood. Afed Inform 19915 16:43-54.

Jolliffe I't, Morgan BJT. Principal component analysis and exploratory factor analysis. Srer
Meth Med Res 1992; 1:69-95,

Jolliffe I'T. Principal Component Analysis. New York: Springer-Verlag, 1986, Springer Sevies in
Statistics; vol 12,

Madias NE, Adroqué HJ, Horowitz GL, et al. A redefinition of normal acid-base equilibrium in
man: Carbon dioxide tension as a key determinant of normal plasma bicarbonate concentrarion,
Kidney Int 1979; 16:612-618,



The graphical representation and classification of arterial acid-
base data in a principal component subspace

Marcel Hekking, Edzard S. Gelsema, Jan Lindemans

Parts are published in: International Journal of Bio-Medical Computing 1994; 209 —
221

39




CHAPTER 3

3.1 Introduction

Numerous methods, nomograms, charts and graphics for the representation and
evaluation of the primary acid-base variables have been developed since Henderson
first demonstrated the importance of the afl HCO, ]/CO, buffer system for the acid-
base equilibrium in human blood [1-7]. In 1921, Van Slyke published one of the first
acid-base charts which was a plot of the bicarbonate-ion (HCO]) concentration ver-
sus the pH of blood [8]. Later he altered this chart by adding iso-carbon-dioxide
(CO,)} lines [9]. In 1931, Peters and Van Slyke published a plot in which the loga-
rithm of the total plasma CO, content was plotted against the logarithm of the CO,
tension. Many other charts developed since then are merely variations on the original
acid-base charts introduced by Van Slyke.

In the 1950’s, Davenport popularised the plot of the arterial bicarbonate-ion concen-
tration {2l HCOL]) versus pH with curved isopleths of partial pressures of carbon-
dioxide in arterial blood (PaCO),) for the representation and evaluation of acid-base
disorders {10]. The ‘followers’ of the in vivo approach (see Chapter 1) mainly use this
type of chare. When in 1960 Astrup and Siggaard-Andersen developed the concept of
the base excess (BE) and the accompanying classification scheme, they proposed a
chart for the representation of pH, PaCO, and BE values. The Siggaard-Andersen
chart is a plot of logarithmic PaCO, versus pH in which equal BE values are repre-
sented by straight isopleths running form north-west to south-east [11, 12].

However, a major disadvantage of most acid-base representations, whether based on
BE or a[HCO, ], is that they try to represent three variables with only two coordi-
nates. Representing three variables in only two dimensions leads to the phenomenon
that equal changes in the acid-base status as measured with the three acid-base vari-
ables may not be displayed as equal distances in such a two-dimensional representa-
tion. These charts are therefore less suitable for the representation of consecutive acid-
base observations from a single patient, As Siggaard-Andersen observed of his own
chart: ‘A major disadvantage of the chart is that the rate of changes is not easily visu-
alised’ [12].

To be useful in critical care situations, where serial analyses and interpretations of arte-
rial blood gas values are crucial, an acid-base charr should represent all three acid-base
variables in such a way that changes in any direction can be equally appreciated. Ide-
ally, a graphical representation of three acid-base variables allowing the clinician to
monitor the acid-base status over time would require the use of three-dimensional
graphical software with options of on-line rotation. It is unlikely that a clinician will
use such software in a clinical setting,

In this chapter, a standardised way is proposed, based on the data reduction method
introduced in the preceding chapter, to represent pH, PaCO, and a[ HCO, ]/BE val-
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ues in a two-dimensional chare exploiting their intrinsic two-dimensionality. The
method allows a faithful graphical representation of all three basic acid-base variables
in two dimensions. Moreover, for pH, PaCO, and BE values, a new way of classifying
acid-base disorders is presented as a solution to the problem of ‘unclassifiable’ classes
that occurs when classifying acid-base observations according to the Astrup and Sig-
gaard-Andersen method as described in Chapter 1.

3.2 Methods

3.2.1 Construction of the chart

In the preceding chapter it was demonstrated that a standard mathematical wansfor-
mation procedure called principal component analysis (PCA) of a trivariate acid-base
dara set results in a distribution of principal component values PC1 and PC2 that has
almost the same information content as the original acid-base data set. Hence, the
plane spanned by the PCI and PC2 axes after PCA ensures a graphical representation
of the complete acid-base status in two dimensions withour significant loss of infor-
mation. However, according to the definition of PCA, principal components are al-
ways uncorrelated [13]. This means that the projection of the original acid-base axes
in the PC1-PC2 subspace is entirely dependent on the observed covariances in the
ariginal acid-base data set. As a result, PC1-PC2 subspaces of various PCA trans-
formed acid-base data sets are not comparable. Figure 3-1 illustrates this by showing
two PCA transformed trivariate acid-base distributions from the preceding chapters;
AZRbe and OLVGbe. The original acid-base axes are projected onto the plane spanned
by PC1 and PC2. It can be clearly seen that the projection of the original acid-base
axes is different for the two data sets.

To obtain a standard appearance of the PC1-PC2 subspace, an extra rotation in this
plane is added in such a way that the original pH-axis is always presented horizontally

Pc2
PC2

i5
‘zuj . T —— . — 20 ; g )
-20 -15 -10 -5 0 5 10 15 20 20 -15 -10 -5 1] ) 10 15 20

PC1 PC1
Fignre 3-1. Original acid-base axes, projected on the PCI-PC2 subspaces for data sers AZRbe (lefl) and
OLVGbe (vight). The placement of the original avid-base axes is diffeveni as u resulr of different covar i-
ances in the oviginal distributions.
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with low pH values on the left and increasing values on the right, To do so, the ei-
genmatrix U of Chapter 2 is multiplied by a rotation matrix, yielding a final transfor-
mation mattix T;
cos0 sino 0
T=|-singt coso. 0|*U, (3-1)
0 0 I

in which o is the angle between the projected original pH-axis and the PCt-axis line
in the PC1-PC2 subspace (see Figure 3-2 for an example). The transformation matrix
T calculates rotated PC1 and PC2 values (hereafter referred to as PCH' and PC2")
from original standardised acid-base values. PC1" and PC2' values are in fact the co-
ordinate values of the acid-base observation in the proposed acid-base chart.

154 oH

-\\

Figure 3-2. The angle o between the projected
original pH-axis and the PCl-axis in the PCI-PC2
subspace of data ser AZRbe.

Having found the final transformation matrix T, the outlines of the acid-base chart
can now be drawn. First, original acid-base axes are drawn into the chart as follows.
Since the acid-base data set is standardised (see Equation 2—1), each acid-base axis in
the original coordinate system can be represented by a unit vector. For example, the
unit vector representing the positive PaCO,-axis {values = 40 mmHg) is [010] since
this vector points into the direction of equal pH (first element of the unit vector is 0),
positive PaCQO, (second element is 1) and equal BE or al| HCO;,] (third element is 0).
Multiplying this vector by matrix T yields PCI' and PC2' values that indicate the ex-
act direction of the unit vector representing the positive PaCO,-axis in the proposed
chart. This procedure is performed for the three original acid-base axes. Then, the
standard 95% univariate reference intervals {(see Table 1-3) are drawn into the chare,
In three dimensions, the univariate intervals of the three acid-base variables form a
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95% univariate reference cube. Figure
3-3 shows the intersection of a PCI- Q) e :
PC2 subspace with such a 95% uni- (1 ‘
variate reference cube, Each side of the :
reference cube corresponds to a stan-
dard 95% lower upper cut-off value or
upper cut-off value, Since the cube is
represented in a standardised meas-
urement space, and a 95% univariate
interval is defined as m * 25, each side
has a value of -2 (lower cut-off value) et
or 2 (upper cut-off value). For each of ] )
the six intersection points (points 11, PaCO,
8,4, 10, 5, 1 in Figure 3-3), two of the A :
three cut-off values are known. For ex- 5
ample, point 11 is located on the side i ©

representing the 95% lower cut-off  BE/AB
value for pH, on the side representing Fignre 3-3. Intersection of a PCI-PC2 subspace with

r4 5 g, " . ~ g 4 ; ; ;-

the 95% upper cut-off value for PaCO, ;,fef?;;::F;:‘J;::::;;ﬁfﬁfg:_”&& shrous point into the
but between the sides representing the

upper- and lower cut-off values for the

metabolic parameter, Let x, y and z be the 95% cut-off values for respectively pH,
PaCO, and the metabolic parameter. Since principal components are orthogonal and
the three variables are assumed to be lincarly related, the third principal component
value (PC3) must be 0 {13];

EXte,y+e,2= 0, (3—2)

where e, e,, and ¢, are the three elements of the normalised eigenvector of the third
principal component as listed in Table 2--3. With this equation, any third component
of each of the six intersection points can be calculated. An intersection point must
subsequently be multiplied by transformation matrix T to obtain its exact location in
the proposed chart. The six transformed intersection points together yield the inter-
section with the 95% reference cube in the proposed chart,

3.2.2 Vectorial classification system for pH, PaCO, and base excess values

As described in Chapter 1, classifying acid-base disorders according to the Astrup and
Siggaard-Andersen method is based on the simultaneous evaluation of observed pH,
PaCO, and BE values. A specific combination of observed values for the three acid-
base variables below, above or within their respective 95% reference intervals corre-
sponds to a specific acid-base disorder classification (see Table 1-2). However, the ex-
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istence of non-classifiable combinations is inherent to a systematic use of these classifi-
cation rules. As 2 solution to this problem, Gelsema ¢ 4/ [14] proposed to represent
cach of the 12 acid-base disturbances as used in the Astrup and Siggaard-Andersen
classification scheme with a specific disorder vector. For instance, in the standardised
measurement space, the unit vector [—110] represents a respiratory acidosis (fow pH,
high PaCO, and a normal BE).

This vectorial classification scheme can be made visible in the proposed chart for pH,
PaCO, and BE values. Multiplying all 12 unit acid-base disorder vectors by the
transformation matrix T yield PC1" and PC2' values that indicate the exact directions
of the 12 disorder vectors in the proposed chart. Determining all angles that a patient
acid-base vector makes with each of the 12 disorder vectors in the proposed chart pro-
duces a classification. The acid-base disorder vector yielding the smaller angle is sub-
sequently used for the actual classification of the observed patient acid-base values.

3.3 Results

3.3.1 The proposed chart for p H, PaCO, and af HCO; ] values

Figure 3-4 shows the proposed chart for the £L7ab data set. The chart is based on the
PCA transformation of 1500 pH, logarichmic PaCO, and logarithmic al HCO; ] val-
ues coming from patients of the ICU of the St. Elisabeth hospital. The hexagon in the
middle is the two-dimensional representation of the standard 95% reference cube of
Figure 2-1. Note that the original acid-base axes are no longer perpendicular as seen
in other familiar acid-base charts. In

6460P3002 — % o0 mon) Figure 3-4, the pH axis runs along

3 the abscissa, while the PaCO, and
a[HCO; ] axes are placed at an angle
close to 60° resulting in a wi-axial
placement of the original acid-base

axes.
It may be argued that in this tri-axial
configuration, information on the

values of the original variables is lost.
Indeed, the rotated principal compo-
nents PC1" and PC2' are linear com-
binations of the original variables.
Nevertheless, although the projected
original acid-base axes are no longer

Figure 3—4. The proposed chart for pH, PaCO, and perp endicular, cach condition as fep-

af HCO, ], as built from the data in the ELInb data set, resented by a point in the tri-axial
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chart may still be interpreted in terms of the values of each of the original variables, by
(mentally) projecting the point perpendicularly onto the respective axes.

3.3.2 The proposed chart for p H, PaCO, and base excess values

Figure 3-5 shows the proposed chart for the EL/be data set. This chart is based on

1500 pH, PaCO, and BE values coming from patients of the ICU of the St. Elisabeth

hospital, The regions corresponding to the 12 acid-base disorders of the Astrup and

Siggaard-Andersen classification method are displayed. Based on this classification

scheme, four types of regions can be seen in the chare:

e All variables within their respective standard reference ranges. This is the standard
95% reference volume. In the chart, this volume appears as the hexagonal shaped
figure at the centre of the chart,

e One variable outside its 95% univariate reference interval. These regions appear as
triangles sharing one side with the standard normal region. There are six such re-
gions, since each of the three variables may be outside its reference interval either at
the high or at the low end. These regions are ‘non-classifiable” in the classification
method of Astrup and Siggaard-Andersen.

o ‘'wo variables outside their 95% univariate reference intervals. These appear as re-

=+ +

80 +++
‘PaC02 (mmHg)

ks

BE {mmet)
12

=

52

Figure 3-3. The proposed chart for pH, PaCO, and BE as built
Sromr the data in the ELIbe data set. The classical acid-base classifi-
cation from Table 1-2 are plotted in (dotted lines).
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gions, each sharing only one point with the border of the standard normal region.
There are six such regions, each touching a different poine of the normal hexagon.
The region ‘= + +’ is such a region; it contains cases for which pH is within refer-
ence, PaCQ, and BE are outside, both at the high end. Depending on the history
and status of the ICU patient, this region indicates either a fully compensated res-
piratory acidosis, a fully compensated metabolic alkalosis or a combined respiratory
acidosis and metabolic alkalosis.

All three variables are outside their 95% univariate reference interval. These appear
as triangular regions with one side of the wiangle in infinity and with no point in
common with the border of the normal reference region. Again, there are six such
regions, The region “+ + +’ is one of these. It contains cases with all three variables
outside their reference intervals at the high end: partly compensated metabolic al-
kalosis.

In Figure 3-6, each of the 12 acid-base disorder regions of Figure 3--5 is represented

by

a corresponding vector. The 12 vectors enable the classification of acid-base disor-

ders according to the method of Astrup and Siggaard-Andersen without the disad-
vantage of having an wnclassifiable class. There are two types of vectors:

46

Vectors that are (more or less) perpendicular to an original acid-base axis. There
are six such vectors and they correspond to the regions in Figure 3-5 that share
only one point with the border of the standard normal region. Vector - + =" is

BE [mmoll)

Figure 3—6. The ELIbe charr with the new vector classification
scheme plotted in (dorted lines).
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such a vector; it is almost perpendicular to the original BE axis and points towards
low pH and high PaCO, values, Hence, this vector represents a pure respiratory
acidosis.

e Vectors that are between the above mentioned six vectors. They represent the tsi-
angular regions of Figure 3-5 that have one side of the triangle in infinity and with
no point in common with the border of the hexagon. There are six of these vec-
tors. Vector - + + is such a vector. This vector points into the direction of low
pH, high PaCO, and high BE: a partially compensated respiratory acidosis.

3.4 Discussion

Intensive care medicine of today is characterised by a voluminous production of
measured and calculated variables. Continuous monitoring of vital signs, laboratory
values and ventilator settings generates a vast and never ending stream of data to be
evaluated and interpreted by ICU personnel. Since there is such an overload of infor-
mation on the ICU there is a great need to develop decision aids to enable ICU per-
sonnel to become quickly orientated in the pathophysiological state of the patients
under their care [15].

The traditional method of communicating medical quantitative information is the
numerical display of data. However, a number of studies show that the graphical rep-
resentation of medical data greatly improves human information processing. For in-
stance, Cole found that the graphical representation of ventilator data led to a faster
interpretation of these data as compared to the traditional numerical display, while
Elting demonstrated that the assimilation of information was significantly faster and
more accurate when time-dependent information variables are displayed graphically
rather than in a tabular manner [16, 17). In simulated sessions of anaesthesiology
monitoring, Gurushanthaia demonstrated a significant improvement in accuracy and
speed in detecting changes in the values of physiologic variables when a graphical dis-
play of the data was used rather than a texcual one [18].

Numerical interfaces make the data, required to complete tasks of diagnosing and clas-
sifying, available but often do not provide the information necessary to support a phy-
sician in his decision making [19]. The advantage of graphical displays over numerical
representations probably lies in the exploitation of the still unsurpassed pattern recog-
nition capabilities of the human mind. Regular use of graphical displays by physicians
may induce a fearning effect so that specific pathophysiological states of a patient are
recognised in a single glance. Because it is difficult for the clinician to memorise all the
data, especially the display of previous data together with the current data is very use-
ful in an intensive care setting [20]. Therefore, plotting consecutive data in charts and
time trend plots may be of high value in such a setting,
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In this chapter, a two-dimensional chare is described for the represencation of trivari-
ate acid-base data sets. ‘The chart is useful for the graphical monitoring of the acid-
base status of a patient, since acid-base changes between consecutive observations are
faichfully displayed. The rationale of the chart is based on multivariate statistical prin-
ciples.

Only after the development of this chare it was found that as carly as in 1931, Hast-
ings and Steinhaus proposed a chart that has a striking similarity to the one developed
here [21]. This kind of acid-base charting was mainly used in a research environment
since analysing the acid-base status of arteral blood was far from a routine process
around 1930. Only a [imited number of studies referred to the original publication of
Hastings and Steinhaus [22-24]. The Hastings and Steinhaus acid-base chart gradually
sank into oblivion, despitc some attempts to revive it [25-27]. The similarities of the
Hastings and Steinhaus chart with the chare described in this chapter and the advan-
tages of a tri-axially configured acid-base chart will be further discussed in Chapter 6.
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CHAPTER 4

4.1 Introduction

A central question in clinical chemistry is ‘Is the observed laboratory value for this per-
son acceptable or not?’. The standard procedure for answering this question is to
compare the observed laboratory value with a relevant univariate reference interval for
that particular analyte [1-3]. The univariate reference interval has served for years as a
standard for the judgement of ‘normalcy’ of laboratory values [4]. Many different ap-
proaches exist to determine a univariate reference interval [5-7]. In general, a reference
interval is constructed by taking a random sample from a specific {(often healthy) ref-
erence population. New observed values are then compared with the values of the
sample. Obviously, if the observed value is clearly not within the range of the sample
values then one can safely assume the observed value to be abnormal with respect to
the chosen reference population, However, with observed values coming closer to the
range of values in the sample, there has to be some decision point as whether to con-
sider the observed value to be typical for the reference population or not. This deci-
sion point has been arbitrarily set at 5%; when a decision is made one accepts a 5%
probability of erroneously classifying an observed value as not typical for the chosen
reference population (in hypothesis testing known as a type I error) {8]. It has been
shown that, in case the values of the sample follow a normal (or Gaussian) distribu-
tion, a parametric reference interval may be constructed by taking 2 standard devia-
tions around the mean of the sample.

With respect to the statistical determination and the application of 95% univariate
reference intervals for arterial pH, PaCO,, al HCO; ] and BE on an intensive care de-
partment, the following problems exist.

First, there is no clear consensus about how to define a useful reference population. If
a population of healthy persons is taken as a reference population, reference intervals
may be too narrow to be of practical use in clinical situations. Moreover, for quantities
that are obtained by invasive procedures, the use of healthy volunteers may be ethi-
cally unsound [9].

A second problem stems from the intrinsic two-dimensionality of a trivariate arterial
acid-base data set. 'The relationship between pH, logarithmic PaCO, and logarithmic
a[HCQ; ], as described by the Henderson-Hasselbalch equation, is linear and even the
relationship between pH, aCQ, and BE is a nearly linear one (see preceding chap-
ters). Accordingly, it is unnecessary and illogical to use reference intervals for all three
acid-base variables, since only two of the three can change independently {10].
Thirdly, there are problems concerning the selection of the proper statistical model.
'The use of the parametric univariate 95% reference interval as the statistical model for
evaluating laboratory values is well established in clinical chemistry [2]. However, al-
ready in 1969, Schoen and Brooks [11] reported a statistical dilemma resulting from
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the use of multiple 95% reference intervals. A person, evaluated with a single 95% ref-
erence interval has an a priori probability of 5% of being incorrectly diagnosed as ab-
normal. The same person evaluated with 10 such 95% reference intervals for 10 inde-
pendent analytes will have an « priori probability of 40% (1-0.95™ = 0.4) for being in-
correctly diagnosed as abnormal for one or more intervals. Hence, in situations of a
simultaneous interpretation of multiple variables, the use of single 95% reference in-
tervals results in an increase in the number of false positive observations by chance
alone [12]. One way to deal with this difemma is to automartically adjust the reference
intervals in case of muldple variables in such a way that the probability of falling
within all univariate reference intervals remains 95% (Bonferroni adjustment) [13,
14]. Another option is the use of the multivariate reference model [7, 14-19].

The essence of a multivariate reference model s that it treats two or more univariate
distributions as one joint multivariate distribution rather than separate distributions.
Figure 4-1 displays such a joint distribution for two hypothetical standard univariate
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Figure 4—1. The joint distribution of two hypothetical standard normal univariate distvibutions. The cor-
relation coefficient v between both variables has been set to 0.8. Projections of horizontal cross-sections at
the 5% probability density level pield two types of veference vegions: the squave and the ellipse. Differences
between these regions are explained fiurther in Figure 4-2.
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} «—95% —

Figure 42, Diwcrepancy betiween a mudiple wni-
variate reference vegion and a single mudtivariate
refeveirce region. Plotted hovizontally and vertically
are the probability densities of analyre 1 and 2 of

distributions. Both univariate distribu-
tions are Gaussian, as illustrated by their
bell-shaped curves. The joint distribution
of both marginal distributions is the bell-
shaped ‘mountain’ in the middle. Uni-
variate reference intervals are obtained by
making horizontal cross-section of the
marginal distributions at the 5% prob-
ability density level. At the bottom the
resultant squared reference region can be
found. A cross-section of the multivariate
distribution at the 5% probability level,
however, results in an elliptical reference

Figure 4-1, respectively. Using the region enclosed by
the tive univariate reference intervals as a reference
region, obserpations I and 2 are a false negative and
a false positive obsevvation, respectively when the
95% reference ellipse is taken as the standard (7,
20).

region. In analogy to the univariate case,
an observation falling outside this ellipse
has an « priori probability of 5% of being
incorrectly diagnosed as abnormal.

The major advantage of using a multi-
variate reference region as the true refer-
ence region rather than the region enclosed by the two univariate reference intervals is
that it takes into account possible correlations between the variables. This is illustrated
in Figure 4-2. The rectangle represents the reference region when using both univari-
ate reference intervals. If the ellipse is taken as the standard, false positive and false
negative observations may occur. For instance, observation 1 falls within both univari-
ate intervals and is therefore normal for both variables separately. The combination of
the two, however, is far from normal due to the positive correlation between the vari-
ables. On the other hand, observation 2 is abnormal for both univariate variables but
is indeed normal if the correlation between the variables is taken into account. These
effects become stronger as the correlation between the variables increases but are pres-
ent even if the variates involved are uncorrelated [20].

In this chapter, a method for deriving reference models for arterial acid-base data is
presented that addresses all of the problems discussed above. A method is proposed
that calculates multivariate reference models from laboratory values of intensive care
patients themselves. Intensive care patients rather than healthy individuals are there-
fore the reference population. Morcover, in concordance with the observed linearity
beeween the arterial acid-base parameters, multivariate models are built on the first
two rotated principal component values as calculated with the techniques described in
the preceding chapters.

54



PATIENT-BASED BIVARIATE REFERENCE MODELS FOR ACID-BASE DATA

4,2 Materials and methods

4.2.1 Patient data

For the analyses, the data sets presented in Chapter 2 were used; AZRbe, OLVGbe,
OLVGab, SKZbe, ELIbe and ELIab. For each data ser, the transformation matrix T
was determined according to the descriptions in the preceding chapter. Each case in
the original data set was then transformed with the transformation matrix T yielding
new data sets of rotated principal component values PC1', PC2' and PC3'. The bi-
variate distributions of PC1" and PC2" are the input for the calculations presented
below.

4.2.2 The multivariate referen ce model

The multivariate reference model is defined as follows. Assuming a theoretical multi-
vartate Gaussian distribution with a known mean vector and variance-covariance ma-
trix (It,X) the squared Mahalanobis distances between a vector x and the mean p:

d'=(x- )" 2" (x- ) (4-1)

are ' (k)-distributed where £ is the dimensionality of the multivariate model [21]. The
superscript T stands for the transposition of a column-vector to a row-vector, x is the
observation vector and T is the inverse of the variance-covariance matrix. The mean
vector |k and the variance-covariance matrix % are called the model parameters. The
95% multivariate reference region includes all cases x with a & smaller than or equal
to the 0.95 fractile of a %’ (#)-distribution {22]. In practice, the model parameters are
unknown and replaced by the sample estimates m and S, respectively.

To correct for the uncertainty in the sample estimates of the mean vector m and the
variance-covariance mattix § when evaluating single multivariate observations, Chew
and Albert proposed to use a 0.95 cut-off fractile that is based on the F-distribution
{17, 23];

C = k(Nt— 1) F0.95k,N — k) [ NIN— ) (4-2)

where % is the number of variables in the analysis, NV is the number of cases and
F{0.95;k,N - £) is the 0.95 fractile of the F.distribution for £ and NV - £ degrees of
freedom. In geometrical terms, 0.95 fractiles delimit specific regions in 4-dimensional
space and are known as 95% equal probability ellipses (for £ = 2) or 95% equal prob-
ability ellipsoids (for £ > 2). The region delimited by C is also known as the 95% pre-
diction region [17].

4.2.3 Finding the Gaussian distributed core in a multivariate patient data set

In this section, an iterative trimming procedure is described for the determination of a
valid acid-base bivariate 95% prediction region from the PC1" and PC2' values of an
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ICU patient data distribution. The method assumes that the patient data distribution
is composed of two sorts of data; 1) a bivariate Gaussian distributed part of observa-
tions at the centre of the distribution (hereafter called the background model distri-
bution) and 2) a contaminating part of outliers in the outer regions of the distribu-
tion, The method aims at finding the background model distribution by subsequently
removing aberrant observations from the outer regions of the bivariate distribution
until the remaining trimmed distribution is found to be bivariate Gaussian.

Under the assumption that the remaining observations of a trimmed bivariace distri-
bution belong to a wider bivariate Gaussian distribution, the standard deviations of
the marginal distributions of this wider bivariate Gaussian distribution can be ap-
proximated by the standard deviations of the trimmed distributions. However, clearly,
these approximations are underestimates. Therefore, prior to the construction of the
variance-covariance matrix from estimated marginal standard deviations, a cotrection
must be performed. A table with standard deviation correction factors was constructed
empirically beforehand as follows. A standard bivariate Gaussian distribution of 6000
cases was generated from two standard univariate Gaussian distributions (mean = 0
and standard deviation = 1) with the use of the SPSS statistical software package
(SPSS for Windows release 6.0, Chicago). The resultant bivariate distribution was
then trimmed at specific ¥ *(2) fractiles. At each ¢’ cut-off fractile, the correction factor
was determined by dividing the standard deviation of the original marginal distribu-
tion by the standard deviation of the trimmed distribution. In Figure 4-3, correction
factors (CF) are plotted for 24 fixed ¥’ cut-off fractiles,
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[
OJ T T T T T T T
0 2 4 ] 8 10 12

£(2) cut-ofi fractile
Fignre 4-3. The standard deviation correction facror
(CF) at 24 specific 3 cut-off fractiles for a bivaviate

Gaussian distribution.

Trimming the bivariate distribution now proceeds as foflows (see also Figure 4-4).
1) In the first iteration on the untrimmed bivariate distribution, no cases are removed
and the correction factor (CF) is therefore set to 1.
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CF=1

v

2 Determine
modelparameters
with CF

'

3 6 Recaleulate CF for
Calculate o2 values largest d? and remove
case from data set

v T o

5 yes
P p-value of adapted KS —F gTOQP
test > 0.05 7

4 Determine fit of J2
values with theoretical
¥2(2)-distribution

Figure d-4. Flow-charr of trimming proceduve to determine the background model pavameters in a
bivariate distribution of patient data. CF is the covvection factor for the estimiated standard deviations
and KS stands for the size-adjusted Kolmagorov-Smirnov test. See iext for further explanation.

2) The model parameters (mean vector and variance-covariance matrix) are con-
structed [rom the estimated means, corrected standard deviations and estimated
correlation coefficient, -

3) With the estimated model parameters, a o value (Equation 4-1) is calculated for
each case in the data set.

4) The goodness-of-fit of the observed cumulative probability distribution of 4 values
with the theoretical cumulative %(2) probability distribution is now determined. In
a bivariate Gaussian distribution, the #°values are distributed according to a Y-
distribution with 2 degrees of {reedom [17, 18, 24, 25]. This observation is used to
verify the bivariate Gaussian assumption. With a 1-dimensional goodness-of-fit test
like the Kolmogorov-Smirnov (KS) test it can be tested whether the calculated 4
values indeed follow a ’(2)-distribution [24]. The test statistic of the KS test is the
largest difference in probability between an observed cumulative probability distri-
bution and a specific theoretical cumulative probability distribution [25]. If the KS
test statistic is small enough, the hypothesis of the bivariate disuibution being
Gaussian is assumed to be verified.

However, the KS test is designed to be used in non-trimmed distributions only and
an adaptation of the test was necessary. Under the assumption that the remaining
cases of a trimmed bivariate distribution are part of a wider bivariate Gaussian dis-
tribution, the number of cases in this wider bivariate Gaussian distribution can be
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reconstructed for a given 4” wimming value, Thus, for a ranked array of &”values
(d,..., d,) of a trimmed distribution, the adapted KS test statistic D__ is defined as:

D' = max(¢#/(NI Pd,) — Pd), (/=1,.,MN, {4-3)
D= max(Pd, — (i = DINIPA)), (i=1,.,N),
D__=max(D', D7),

where P4, is the theoretical cumulative ¥’(2) probability for d, Pd,, is the cumula-
tive theoretical %’(2) probability for 4, and consequently N/Pd,, is the estimated
number of cases in the wider untrimmed bivariate Gaussian distribution. The p-
value for a size-adjusted KS test statistic *D,__ (D, x (VN ~ 0.01 + 0.85AM)) in
the range of 0.01-0.15 can be calculated as [26]:

pvalue = 6.18 — 17.53 X *D__ +16.75 x*D_*~5.39 x*D_* (4-4)

nx

5) If the adapted KS test yields a p-value larger than o0 = 0.05, there is not enough evi-
dence to reject the H -hypothesis of fit. It may then be concluded that the trimmed
distribution is indeed part of a wider bivariate Gaussian distribution and the proce-
dure is stopped. The estimated model parameters (mean vector m and variance-
covariance matrix S as buile from the corrected standard deviations and the esti-
mated correlagion coefficient) are now the background model parameters and can
be used to define bivariate reference regions.

6) If the adapted KS test yields a p-value smaller than or equal to o = 0.05, the H -
hypothesis of fit is rejected and the H -hypothesis (lack of fit) is accepted. This
means that the trimmed bivariate distribution is not part of a wider bivariate Gaus-
sian distribution and the case with the largest 4" value is removed from the data set.
A correction factor (CF) coiresponding to chis d’value is calculated and a new ic-
eration starts with the rimmed diseribution and the new correction factor,

4.3 Results

For each data set, the timming procedure described in the preceding section suc-
ceeded in establishing the background model parameters. Results can be found in
Table 4-1. In Figure 4-5, the cumulative probability plot of the 4”-values of the
ELfbe data set can be found as an example of the oimming procedure. Note that the
remaining cases of the trimmed data set (thick Jine) follow the theoretical cumulative
%'(2) probability distribution (thin line). The corresponding adapted size-adjusted KS
test-statistic is 0.855 with an associated p-value of 0.072. Hence, the conclusion can
be drawn that the cases of this trimmed data set are parc of a wider bivariate Gaussian
distribution.

From the means {(m), standard deviations (5) and cotrelation coefficients (#) presented
in Table 41, the final background model parameters for each data set can be con-
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Table 4-1. Distribution characteristics (m is mean, s is standard deviation and v is Pearson’s product
corvelation coefficient between PCI’ and PC2) after trimming.

data set N uim *D,. n m $ 5 ¥
otal  med pCl' prC2  PCl' PCY

AZRbe 1500 264 0891 (p=0.050) 193 -1.41 246 299 -0.20
OLVGbe 1500 151 0.889(p=0051) 017 008 284 353 0.16
OLVGab 1500 125 0.875(=0.059) 0.17 022 242 4.00 -0.01
SKZbe 1500 139 0890 (p=0051) -435 -034 350 294 -0.63
ELlIbe 1500 382 0.855(=0072) 0.53 -0.20 340 339 0.27
ELIab 1500 307 0.882(p=0055 0.3t -015 3.16 363 018

structed. With the background model parameters, 35% and 30% equal probability
ellipses were constructed for each data set and displayed in their respective tri-axial
charts (Figure 4-6 to Figure 4-11). The differences between the corrected 0.95 and
0.30 fractiles (Equation 4-2) for the ELTbe data set (respectively 6.01 and 0.714) and
the actual 0,95 and 0.30 %’(2) fractiles (respectively 5.99 and 0.713) arc only small.
Since the number of trimmed cases in this data set is the largest of all data sets (382
cases), differences between corrected and actual fractiles will be even smaller for other
data sets. Therefore, equal probability ellipses for each data set are based on the true
%°(2) fractiles rather chan on their corrections.

Compared to the standard univariate reference region (the hexagon shaped figure) the

191 P . )7_7_7_7_7_,_:;77-——

5 6 7 8 9 10 11 12 13 14 15
72 feaciites

Figire 4-5. Fit of the observed cumlative probabilities of the vemaining d values
of the trimmed ELIbe data set (thick line) with the theovetical cumulative x' (2)
probabiliry distribution (thin ling). P is the cumulative probability. *D__ is the test
statistic of the adapted and size-adjusted Kolmogoyop-Smivnov test, indicating the
degree of fit of the d L values with the theoretical distribution. In this case there is
nat enongh evidence (p > 0.05) to vefect the H -hypothesis of fit.
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BE {mmol1)

725

Figure 4-6. The 30% equal probability ellipse (inner ellipse)
and the 95% equal probability ellipse (outer ellipse) for the
ELTbe datt set

95% equal probability ellipses (outer ellipses) are relatively large. The location and
orientation of the ellipses for the data sets EL7be (Figure 4-6) and OLVGbe (Figure 4—
7) are comparable. Their 30% equal probability ellipses both cover almost the entire
standard univariate reference region. Both data sets come from a general ICU of a
non-academic hospital. However, the ellipses of the AZRbe data set (Figure 4-8) are
shifted towards a region with higher pH values and lower PaCO, values. The correla-
tion coefficient r between PC1" and PC2' is -0.20 (see Table 4-1). Location and shape
of the ellipses of the AZRbe data set indicate that a large portion of the acid-base data
from this data set is indicative for a respiratory alkalosis, The AZRbe data ser comes
from the respiratory ICU of the academic hospital Dijkzigt. In Figure 4-9, the ellipses
of the neonatal ICU of the Sophia Children’s hospital can be found. With respect to
the hexagon in this figure and other data sets, the ellipses are shifted towards lower pH
values, higher PaCO, values and lower BE values. This area is associated with com-
bined respiratory and metabolic acidoses. Moreover, most of the variation in the data
set is caused by variation in PaCO, values rather than BE values. This can be easily
appreciated by {(mentally) projecting the ellipses onto the PaCO, and BE axis, respec-
tively. The projected ellipses would cover a much larger area on the PaCQ, axis than
on the BE axis,

For the models based on the actual bicarbonate concentration {Figure 4-10 and
Figure 4-11), it can be seen that the equal probability ellipses are also very wide but
centred around the origin of the chart.
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Pat 02 {mmHg) BE {mmoll)

12
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Figure 4-7. The 30% equal probability ellipse (inner el-
lipse) and the 95% equal probability ellipse (onter ellipse)
Jor the OLV Ghe daea ser

4.4 Discussion

In this chapter, an iterative method is described for the determination of bivariate ref-
erence models for acid-base variables, based on values coming from intensive care pa-
tients themselves. The proposed method closely resembles the iterative method de-
scribed by Gelsema ez @/. for defining multivariate reference models from patient data
[27]. In this method, the background model parameters are estimated by iteratively
including an increasing number of observations from the centre of a multivariate dis-
tribution and verifying whether the included cases still belong to a multivariate Gaus-
sian distribution. In general, however, there are fewer aberrant observations than nor-
mal observations in an unselected patient distribution and the method of Gelsema ez
al. may therefore be less efficient. Moreover, in the method of Gelsema the verifica-
tion of the multivariate Gaussian assumption consists of a visual inspection of graphi-
cal output. In the method proposed in this chapter, the 1-dimensional Kolmogorov-
Smirnov goodness-of-fit test is used to statistically verify the underlying muliivariace
Gaussian assumption. This makes the method suitable for an objective and fully
automated process. Although the method was designed for the analysis of acid-base
data, it can be used to define multivariate reference models for any combination of
laboratory data or other measurements.

In clinical chemistry, the derivation of valid reference models from unselected patient
data sets has always been attractive. No special sampling procedures are necessary,
since routine daily measurements from the clinical chemical laboratory can be used.
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Figure 4-8, The 30% equal probability elfipse (inner el-
lipse) and the 95% equal probability ellipse (outer ellipse)
Jor the AZRbe data ser.

No extra costs for performing laboratory tests are involved and there is a direct refa-
tion of the reference model with the target population [28].

In his thesis, Naus [12] compared 5 different methods to define valid reference inter-
vals from unselected univariate patient data distributions: the method of Hoffman,
Neuman, Pryce, Becktel and Bhattacharya. It was shown that the Bhattacharya
method was superior in terms of ease of use and reliability. The essence of the Bhat-
tacharya method is that it determines the Gaussian component (if present) in an un-
selected univariate reference distribution of patient data. The method starts by divid-
ing a frequency distribution into a number of equally spaced classes, If a Gaussian
component is present, plotting the logarithm of the ratio of the frequencies in two
subsequent classes against the midpoint of the first class results in a straight line (y =
ax + b) somewhere in the graph. The estimated mean () and variance (s*) of the
Gaussian component are then calculated respectively as -b/a+0.5h and -hfa-h*/12
(with h being the width of classes) {29]. For a detailed description of the Bhattacharya
method the reader is referred to the thesis of Naus.

Baadenhuisen and Smit [28] used a modified Bhattacharya procedure to determine
reference intervals for univariate unselected and skewed distributions. Qosterhuis {29]
compared the Bhattacharya method for defining univariate reference intervals with the
method proposed by the IFCC, which involves the evaluation of data from blood do-
nor populations, Naus ez 4/, [30] used the Bhattacharya method for the determination
of reference intervals for a number of haematological parameters.
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PaCo, (mmHg) BE {mmol?)

7.55
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Figure 4-9. The 309% equal probability ellipse (inner ellipse) and the 95%
equal probability ellipse (outer ellipse) for the SKZbe data set.

Naus also used the Bhattacharya method for the determination of a normal bivariate
reference region from patient data for the combination of total protein and albumin
[31]. His approach starts with calculating the means and variances for the two mar-
ginal distributions using the Bhattacharya method. Then, the covariance between
both variables (hereafter called x and y) are determined as (s*sum fszdif) /4. The
term s~ sum is the variance of the distribution of the sums of x and y, determined with
the Bhattacharya method. The term s*dif'is the variance of the distribution of the
differences of x and y, determined with the Bhattacharya method. The resulting vari-
ance-covariance matrix {constructed with the aid of the Bhattacharya method) and the
mean values are then used as the background model parameters to calculate bivariate
reference regions.

Major shortcomings of Naus’ method for defining multivariate normal reference re-
gions from patient data are: 1) it cannot be used in situations where the Bhattacharya
method fails to detect a Gaussian component in one or more marginal distributions;
2) the marginal distributions being Gaussian does not automatically imply that the
joint distribution is also Gaussian; 3) computation time increases dramatically when
the number of included variables increases; 4) the Bhattacharya method generally re-
quires a substantial number of cases to be reliable [12].

For the iterative method described in this chapter, the prerequisite of the marginal
distributions being Gaussian no longer holds, since the rimming of aberrant observa-
tions and the verification of the multivariate Gaussian assumption is performed di-
rectly on the joint distribution rather than on the marginal distributions. Further-
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a[HCO,} {mmely

' pH

Figure 4-10. The 30% equal probability ellipse (inner
ellipse) and the 95% equal probability ellipse (outer el-
{ipse) for the ELIab data set,

more, the proposed method can automatically and straightforwardly be applied to
both the univariate and the multivariate case. A special computer program for defin-
ing and testing multivariate normal reference models derived from patient data sets as
described in this chapter can be found in {32].

In the discussion about the usefulness of the proposed bivariate reference models for
artertal acid-base data in an intensive care setting, two central questions arise, First,
what is the clinical value of reference models that are based on patient data rather than
on healthy reference populations? Second, what is the clinical value of using a multi-
variate reference model as compared to using the classical univariate reference inter-
vals?

Ad 1. What is the clinical value of patient-based reference models? The selection of
the reference population is considered the most crucial part in the process of building
reference models, In general, reference populations consist of ambulant, subjectively
healthy students, laboratory staff, blood donors, etcetera. But are these reference mod-
els valid? What is the value of health-associated reference maodels for specific groups of
patients? Much confusion arises about the fact that health is relative [33]. A patient
can be regarded ill in one respect and healthy in another. Laboratory values found in a
person at a young age could indicate health but the same values determined on the
same patient at an older age could be indicative of disease. Moreover, the diagnosis of
health cannot be based on excluding pathology only [7]. If no signs of disease are pre-
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Figure 4-11. The 30% equal probability ellipse (inner
ellipse) and the 95% equal probability ellipse (onter el-
lipse) for the OLVGab data set.

sent, uncertainty remains because these signs could possibly be found on closer ex-
amination. As Grisback defines: Health is characterised by a minimum of subjective
Jeelings and objective signs of disease, assessed in relation to the social situation of the sub-
ject and the purpose of the medical activity, and it is in the absolute sense an unattainable
ideal state [33]. In the light of this definition of health it seems appropriate that refer-
ence models should not only be derived from healthy people but from a diversity of
populations to suit a diversity of purposes.

In order to answer the question whether the patient-based bivariate reference region as
defined in this chapter could be useful in an intensive care setting, one should first
consider the mechanisms that may shape a reference population. One of those mecha-
nisms is the nature of the ICU from which the patient reference population is taken.
Arterial acid-base data from a neonatal ICU will be quite different from acid-base data
coming from a respiratory ICU for adults. This is illustrated by the reference ellipses
that are based on the neonatal 1CU data set (Figure 4-9). The ellipses are shifted to-
wards the area of combined respiratory and metabolic acidoses. This is not the case for
the adult respiratory intensive care units, This shift towards the combined acidosis
area for the neonatal ICU is not surprising, since the majority of neonatal patients are
premature new-borns with an insufficient respiratory and metabolic system, leading to
an inadequate clearance of both volatile and non-volatile acids.
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Another mechanism that might influence the shape and position of a patient-based
reference region is the difference in protocols used on an ICU and the preferences of
the clinicians working at that ICU. For instance, from discussions with clinicians at
the respiratory ICU of the academic hospital Dijkzigt (data set AZRbe) it became clear
that there was a tendency to keep ventilaced patients in a moderate state of hyperven-
tilation [19]. This explains the shift of the ellipses of the AZRbe data set (Figure 4-8)
towards the area of respiratory alkaloses.

In conclusion, a multivariate reference region based on an ICU population is not only
patient-based buc also clinic-dependent, It gives an indication as to which of the pa-
tients in one particular ICU are most in need of care.

Ad 2. What is the clinical value of a multivariate reference model compared to the use
of classical univariate reference intervals? The Mahalanobis distance (Equation 4-1)
enables the monitoring of the original three laboratory values with only one single pa-
rameter. Monitoring the acid-base status with this single multivariate index may well
be advantageous for ICU personnel because of its ease of interpretation, In a future
acid-base monitoring system, one single threshold needs to be set instead of three
separate thresholds for all laboratory acid-base variables, Also, using the Mahalanobis
distance as a monitoring parameter for arterial acid-base values could substandially re-
duce the number of false-positive alarms as described in the introduction. It should be
noted here that the Mahalanobis distance does not add new concepts to the interpre-
tation of acid-base data. Merely, another statistical tool is presented for the analysis of
acid-base data that deals with the fundamental problems associated with the simulea-
neous analysis of more that one variable. The proposed technique does not deprive a
clinician of his usual way of interpreting acid-base data of a patient, but patient out-
come could be indirectly influenced because of the possible reduction in false positive
alarms and the simplicity of analysing a single parameter, giving the clinician more
time for other aspects of patient care.

66



PATIENT-BASED BIVARIATE REFERENCE MODELS FOR ACID-BASE DATA

4.5 References

L.

10.

11.

12,

13.

14,
15.

16.

17.

8.

19.

Solberg HE, PetitClerc C. International Federation of Clinical Chemistry (IFCC), Scientific
Committee, Clinical Section, Expert Panel on Theory of Reference Values, Approved
recommendation {(1988) on the theory of reference values. Part 3, Preparation of individuals
and collection of specimens for the production of reference values. J Clin Chem Clin Biochem
1988; 26:593-598.

Solberg HE. International Federation of Clinical Chemistry (IFCC), Scientific Committee,
Clinical Section, Expert Panel on Theory of Reference Values, and International Commiteee for
Standardization in Haematology {[CSH), Standing Committee on Reference Values. Approved
Recommendation (1986) on the theory of reference values. Part 1. The concept of reference
values, J Clin Chem Clin Biochem 1987; 25:337-342.

Solberg HE. International Federation of Clinical Chemistry (IFCC), Scientific Committee,
Clinical Section, Expert Panel on Theory of Reference Values. Approved recommendation
(1988) on the theory of reference values. Part 5. Statistical treacment of collected reference
values. Determination of reference limits. J Clin Chem Clin Biochem 1987; 25:645-656.

Boyd JC. Perspectives on the use of chemometrics in laboratory medicine. Clin Chem 1986;
32:1726-1733.

Bezemer PD. Referentiewaarden - een verkenning van methoden voor het bepalen van 'normale
waarden'. Amsterdam: Vrije Universiteit Amsterdam, 1981; 180 pp.

Solberg HE, Grisback R, Reference values, Adwe Clin Chem 1994; 27:1 -79.

Solberg HIi, Establishment and use of reference values. In: Burtis CA, Ashwood ER, eds. Tictz
textbook of clinical chemistry. 2nd Edition, W.B. Saunders Company, 1994; 454-484.

Dixon W], Massey F]. Introduction to seatistical analysis, Student Edition, Singapore:
McGraw-Hill, Inc., 1983; 1-678.

Gelsema ES, Leijnse B, Wulkan RW, A multi-dimensional analysis of three chemical quantities
in the bload, Med Iuform 1991; 16:43-54.

Madias NE, Adroqué HJ, Horowitz GL, et al. A redefinition of normal acid-base equilibrium in
man: Carbon dioxide tension as a key determinant of normal plasma bicarbonate concentration.
Kidney Int 1979; 16:612-618.

Scheen 1, Brooks SH. Judgment based on 95% confidence limits. Statfstical Considerations
1969; 53:190-193.

Naus AJ. De berekening van referentiewaarden in de klinische chemie uit analyseresultaten van
een patientenpopulatie. Maastricht: Rijksuniversiteit Maastriche, 1982; 154 pp.

Slotnick HB, Etzell P. Multivariate interpretation of laboratory tests used in monitoring
patients. Clin Chem 1990; 36:748-751.

Winkel P. Multivariate analysis and expert systems. Scand J Clin Lab Invesr 1994; 219:12-24,
Winkel P, Lynghye ], Jorgensen K. The normal region - a multivariate problem. Seand J Clin
Lab Invest 1972; 30:339-344,

Grams RR, Johnson EA, Benson ES. Laboratory data analysis system: section Il-multivariate
normality. Am J Clin Pathol 1972; 85:188-199.

Albert A, Harris EK. Multivariate interpretation of clinical laboratory data. New York: Marcel
Dekker Inc, 1987, Owen DB, Cornell RG, eds., STATISTICS: Textbooks and Monographs; vol
75.

Harris EK. Statistical aspects of reference values in clinical pathology. Prag Clin Pathel 1981;
8:45-66.

Walkan RW., Expert systems and multivariate analysis in clinical chemisery. Rotrerdam:
Erasmus University Roterdam, 1992 111 pp.

67



CHAPTER 4

20.

21.

22,

23,

24,

25.

26.

27.

28.

29,

30.

31

32,

33.

68

Stamhuis TH, Bezemer PD, Kuik D, Evaluation of univariate ranges with a multivariate
seandard. J Clin Epidemiol 1988; 41:359-366.

Mahalanobis PC. On the generalized distance in statistics. Prac Nat! Inst Sei India 1936; 2:49-
56.

Linnet K. Influence of sampling variation and analytical errors on the performance of the
multivariate reference region. Meth Inform Med 1988; 27:37-42.

Chew V. Confidence, prediction, and tolerance regions for the multivariate normal distribution.
J Am Star Assoc 1966; 61:605-617.

Boyd JC, Lacher DA. The multivariate reference range: an alternative interpretation of multi-
test profiles, Clin Chem 1982, 28:259-265,

Mardia KV, Tests of univariate and multivariate normaliry, In: Krishnaizh PR, ed. Handbook
of Statistics. Amsterdam: North-Holland Publishing Co, [980; 279-320; vol 1: Analyses of
Variance.

Solberg HE. Statistical treatment of reference values in laboratory medicine: Testing the
goodness-of-fit of an observed distribution to the Gaussian distribution. Seand J Clin Lalr Invest
Suppl 1986; 46:125-132.

Gelsema ES, Leijnse B, Wulkan RW. Detection of aberrant observations in a background of an
unknown multidimensional gaussian distribution. Meth Inform Med 1990; 29:236-242.
Baadenhuijsen H, Smit JC. indirect estimation of clinical chemical reference intervals from total
hospital patient data: application of a modified Bhattacharya procedure. J Clin Chem Clin
Biochen: 19853 23:829-839.

Qosterhuis WP, Application of statistics in the clinical laboratory with emphasis on multivariate
analysis. Leiden: Rijksunivessiteit Leiden, 1994; 104 pp.

Naus AJ, Borst A, Kuppens PS. The use of patient data for dhe calculation of reference values
for some haemarological parameters. 7 Clin Chem Clin Biochem 1980; 18:621-625.

Naus A}, Borst A, Kuppens PS. Determination of n-dimensional reference ellipsoids using
patienc data. / Clin Chem Clin Biochem 1982; 20:75-80.

Hekking M, Lindemans J, Gelsema ES. A computer program for constructing multivariate
reference models. Comput Methods Programs Biomed 1997; 53:191-200.

Griisbeck R, Reference values, why and how, Scand 7 Clin Lab Invest 1990; 201:45-53,



Computational methods and computer
program descriptions

Marcel Hekking

Parts are published in: Computer Methods and Programs in Biomedicine 1997;
191-200 and the Proceedings of the Nineteenth Annual Symposium on Computer
Applications in Medical Care. 1995; 5256,

69




CHAPTER 5

5.1 Introduction

The calculation of patient-based multivariate acid-base reference regions with the
methods described in the preceding chapters and the plotting of acid-base trajectories
of ICU patients in the tri-axial chart have been implemented in two separate proto-
type computer programs. These programs are ABTRANS (Acid-Base TRANSforma-
tion system) and ABCHART (Acid-Base CHARTing system). Both programs imple-
ment the theory and associated equations presented in the preceding chapters. Based
o the output of the ABTRANS program, ABCHART can plot acid-base observations
of ICU patients in a tri-axial chare, calculate Mahalanobis-distances and make acid-
base classifications according to the vector method described in Chaprer 3. Typically,
for a given ICU the ABTRANS program is used once, while the ABCHART program
is subsequently used in a monitoring fashion, while making use of the information
generated by the ABTRANS program.

In this chapter, the two prototype computer programs and the associated computa-
tional methods will be described in detail. Both computer programs were developed
for the Microsoft” Windows™ placform with the use of Microsoft’s
VISUAL BASIC™ 3.0, Professional Edition (VB). The programs were developed on
a 66 MHz 80486 personal computer (PC) with 12 megabytes of internal memory and
require Microsoft® Windows™ 3.0 or higher {1]. VB is a rapid application develop-
ment tool that enables a fast development of event driven programs with a graphical
user interface. Special attention has been given to a friendly user-interface for the
ABCHART program since this program is to be used by ICU personnel.

5.2 The implementation of numerical routines

The mathematical techniques used in both computer programs require a number of
special numerical procedures. Rather than develop these numerical routines within VB
from scratch, a numerical routine libraxry (Numerical Recipes in C. The Art of Scientific
Computing) was used [2]. This library provided the necessary numerical routines in C.
With the use of the Botland® C'" compiler version 4.5 [3], these routines were com-
piled into machine language and stored in a dynamic-link-library (DLL), Within VB,
the functions and procedures stored in the DLL file were declared according to the
standard declaration syntax of VB, making them available in the VB programming
environment.

Linking these ready-made compiled numerical routines to the programs had some
major advantages: the routines are reliable and highly efficient, no extensive pro-
gramming ot debugging was needed, and routines in compiled DLLs are faster than
routines written in VB, Table 5--1 summarises the most relevant numerical routines
that are used in the ABTRANS and ABCHART computer programs.
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Table 5-1. Relevant numerical routines used in the programs ABTRANS and ABCHART.

naine type description

invert  NR- Calculates the inverse of a matrix. Uses the NR-procedures
procedure  fudemp and lubkdsb.

moment NR- Calculates mean, standard deviation, variance, kurtosis and
procedure  skewness from an array of input values.

gammp NR- Incomplete gamma function for the calculation of the theo-

function  retical cumulative probability for a specific y2-value with a
given number of degrees of freedom.

erff NR- Error function for the calculation of a theoretical cumulative
funcrion robability for a specific Gaussian z-score.
p p
pearsn  NR- Returns Pearson’s correlation coefficient »and corresponding
procedure  p-value for two arrays of input values.
betai NR- Incomplete beta function for the calculation of a theoretical

function  cumulative probability for a specific F-value with a given
number of degrees of freedom.

jacobi NR- Returns the eigenvectors and cigenvalues of a symmetrical
funcrion matrix.
eigstt  NR- Sorts eigenvectors in the eigenvalue matrix after ‘jacobi’.

funcrion
sKS VB- Calculates the adapted size-adjusted Kolmogorov-Smirnov
function  test-statistic and associated p-value for a theoretical and em-
pirical cumulative probability diseribution.
All routines and functions of type NR are tfrom the numerical roucines library Nwmerical Recipes in C. The Are of Svien-

tific Computing (Used with permission. Copyright © 1987-1992, Numerical Recipes Software} [2] and are located in the
file NUMREC .DLL. The function of type VB is written in Visual Basic.

5.3 The ABTRANS program

ABTRANS is a software tool for:

1. performing a principal component analysis (PCA) of a large data set of acid-base
data;

2. determining a valid bivariate reference model on the resulting rotated principal
components PC1" and PC2';

3. defining the graphical outlines of the associated tri-axial chart.

Numerical routines used in ABTRANS include: calculating means, standard devia-

tions, correlation coefficients, eigenvalue transformations, inverting variance-

covariance matrices and goodness-of-fit testing,

ABTRANS is a single-windowed application that provides the user with a stepwise

approach to these functions, At the left hand side of the window, the different steps in
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Figure 5-1. Main window of the ABTRANS program to guide a user through
the process of defining @ munltivariate refevence model for acid-base data. At the
left-hand side of the windotw, the essential five steps to define a complete model
ave displayed. Presing the associated button activates each step. Results of each
step are displayed at the right-hand side of the wi ndow.

the analysis are displayed. Each step can be activated by pressing the associated button

(see Figure 5-1). At the right hand side of the window, the results of each step are

displayed. The results can also be sent to a printer. Completing a whole cycle of cal-

culations involves the following five steps:

L. importing an ICU patient acid-base data set;

2. mapping imported variables to fixed internal variables;

3. standardising acid-base values;

4. performing a principal component analysis (PCA), constructing a bivariate refer-
ence region on the PC1'-PC2' distributions and defining the graphical outlines of
the tri-axial charg

5. transferring the results of the previous operations to a special Windows initialisa-
tion file (ini-file).

5.3.1 Importing an acid-base data set (step 1)
A session starts by importing a tab-separated, comma-separated or space-separated
ASCll-file containing the acid-base variables on which the bivariate reference region
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and the chart are to be designed. Typically, such a file consists of 500 or more acid-
base measurements,

5.3.2 Mapping variables (srep 2)

The imported data set may contain other variables than the necessary acid-base vari-
ables. At this step the user can indicate which of the imported variables are respec-
tively pH, PaCO,, af HCO,] and/or Base Excess (BE). Morcover, a choice can be
made of which metabolic variable (a[ HCO]] or BE) is to be used in the model calcu-
lations. Hence, reference models and tri-axial charts can be built on cither the BE or
the af HCO, ] variable. Furthermore, the user can indicate whether to use logarithms
of PaCO, and a[ HCO;] or the original measurements. When the acid-base variables
are imported and the choices are made, mean and standard deviations are calculated
with the routine moments (see Table 5-1) and displayed.

5.3.3 Standardising the acid-base variables (step 3)

The next step involves the standardisation of the original acid-base variables with a
predefined set of means and standard deviations as described in Chapter 2. The pro-
gram shows a window with the means and standard deviations that are used for the
standardisation already filled in. The user can change these values.

5.3.4 Performing PCA, constructing a bivariate reference region and defining the
graphical outlines of the tri-axial chart (step 4)

In lincar algebraic terms a principal component analysis (PCA) is an eigenvalue
transformation of the variance-covariance matrix of a standardised multivariate daca
set. For the actual eigenvalue transformation the routine jacobi of Table 5-1 is used.
The output of this routine is a vector containing the eigenvalues and an eigenmacrix
the columns of which contain the normalised eigenvectors (i.e. the principal compo-
nents}). The routine efgsrt of Table 5-1 is then used to sort the eigenvalues vector in
descending order (resulting in the cigenvalue vector € of Chapeer 2), while rearranging
the columns of the eigenmatrix correspondingly (resulting in the eigenmatrix U of
Chapter 2).

The product of U and a special rocation matrix, as described in Chapter 3, yields the
final transformation matrix T, Then, for all imported cases, the rotated principal
components (PCt', PC2' and PC3'} are calculated using transformation matrix T.
The resulting data set of rotated principal components PC1" and PC2" are then input
for the module that determines the bivariate reference ellipse as described in Chap-
ter 4. For the calculation of the squared Mahalanobis distances, the routine /nvert of
Table 5-1 was used for the determination of the inverse of the variance-covariance
matrix. For the adapted Kolmogorov-Smirnov goodness-of-fit test, the routine sXS of
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Table 5-1 was used. The routine gammp was used for the calculation of the cumula-
tive probabilities at specific %’(2)-fractiles. For the correction of a 0.95 y%’(2)-fractile
(Equation 4-2), the routine betai was used.

Finally, the projections of the original acid-base axes, the univariate reference hexagon,
the Astrup and Siggaard-Andersen regions and the disorder classification vectors in the
tri-axial chart are determined.

5.3.5 Saving results inte the A BCHART initialisation file (step 5)

In this last step, all calculated results are saved into the ABCHART initialisation file.
This initialisation file can be read by the ABCHART program at start-up. The
ABCHART program then uses the information stored in the initialisation file to stan-
dardise, calculate rotated principal components, squared Mahalanobis distances
(Equation 4-1) and to graphically display the tri-axial chart for new acid-base obser-
vations entered into the ABCHART program. The following information is stored in
the initialisation file:

means and standard deviations used for the standardisation as defined in step 3;
the background model parameters (mean vector and variance-covariance matrix);
elements of the transformartion matrix T}

coordinate values of the unit vectors representing the original acid-base axes;
coordinate values of the hexagon representing the 95% univariate reference cube;
coordinate values of the unit vectors of the 12 disorders (see Chapter 3);

the metabolic variable (BE or af HCO, ) on which the model is based;

the unit of measurement for the partial pressures (mmHg or kPa);

o whether or not the logarithm was used for PaCO, and af HCO; ].

Each model can be given a unique name. When using the ABCHART program, these
model names can be listed so that a specific model can be chosen.

e & & & © © o ©

5.4 The ABCHART program

The ABCHART program is a database program in which padent information and
acid-base measurements can be stored. ABCHART uses the Microsoft Access® rela-
tional database engine of VB to create and use MS-Access® 1.1 databases. The
ABCHART database consists of three tables. The table Patient stores patient related
information such as name, initials, date of birth and the patient identification. The
table Zab holds information on the patient’s acid-base analyses such as date and time
of analysis, pH, PaCO,, al HCQ, ], BE, Pa0, and oxygen saturation of arterial blood.
The table Model holds the model name that refers to one of the model names in the
initialisation file. Referential integrity between the tables is enforced within the code
of the program.
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ABCHART can function as a stand-alone program in which data is entered manually.
However, when installed on an ICU, a direct link can also be established with a clini-
cal chemistry [aboratory for automatic data-entry. This automatic data-entry facility is
described in further detail in section 5.4.5. The ABCHART program has four basic
windows: start-up window, patient data editing window, laboratory data editing win-
dow and the chart window. All four windows will now be briefly described.

5.4.1 Start-up window

At start-up, a window is displayed in which the following actions can be taken:

¢ creating or opening a specific ABCHART database with patient data;

e choosing a model from the initialisation file;

e setting model options;

¢ sctting general options such as font and font size of the charts;

e switching to automatic data-entry mode.

Models and associated information can be selected and changed in a separate model
selection window. In this window, all model names from the initialisation file will be
listed and a choice can be made. Also, in this section, the percentile of the reference
ellipse to be displayed in the tri-axial chart can be set, as well as the unit in which the
partial pressures PaCO, and PaQO, are measured (mmHg or kPa),

5.4.2 Patient data editing window

In the patient selection and editing window, patients can be added to, or deleted
from, the dawbase and existing data can be changed. When in automatic daca-entry
mode, however, no data can be changed or deleted. When installed in an ICU, only
one person (typically someone from the central clinical chemistry deparement) would
be authorised to switch from manual to automatic data-entry mode. From a list of
patients in the database, a patient can be selected to retrieve and display patient in-
formation (sce Figure 5-2). Users can determine which patients in the database are
actually displayed in the patient list. In this way the list of patients can be limited to
those patients currently present on the ICU, without actually removing patients from
the database.

5.4.3 Laboratory data editing window

For a selected patient, the laboratory-editing window can be shown (see Figure 5-2).
This window shows a list of all laboratory values of the selected patient included in the
database at that moment. Laboratory values that can be saved in the database include
pH, PaCO,, actual bicarbonate concentration (al HCO; ]), Base Excess, P20, and O,
saturation. Laboratory values can be added or deleted from the database or changed
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Figure 5-2. Patient data editing window (foreground} and laboratory data editing
window (backgronnd) of the ABCHART program.

(only in the manual mode). Also, for each set of laboratory values, the source (arterial
or non-arterial) can be indicated.

5.4.4 Charis window

In this window, both the tri-axial chart with the data of a selected patient is displayed
(see Figure 5-3} as well as the monitoring plot of the Mahalanobis distance over time,
Furthermore, the vectorial classification of the selected acid-base observation is dis-
played. The user can define the layout of the chart by setting several options. The
acid-base trajectory of a selected patient can be followed exactly by advancing and re-
treating through the set of acid-base observations pertinent to this patient.

5.4.5 Automatic data-entry facility

An imporeant issue in the acceptance and usability of a computer system in an envi-
ronment such as an ICU is that manual entry of the data must be kept to a minimum.
Therefore, special care has been given to the design and programming of an automatic
data-entry facility for the ABCHART program when installed on an ICU.

This facility is based on the daily reporting routine of the laboratories in the OLVG
hospital in Amsterdam and the St. Elisabeth hospital in Tilburg. In these hospitals, an
arterial blood sample is sent from the intensive care unit to a central clinical chemistry
laboratory in another parc of the hospital, where the actual blood gas analysis takes
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Figure 5-3. Charts and classification window of the ABCHART program. In the
upper left corner the tri-axial chart is displayed with an acid-base path of a patient.
Acid-base measivements are numbered 1 to 25. In the lower leff corner, the time
trend of the Mabalanobis distance (here called ‘Abnormality index D’ for claity
of the wser) is shown. Note thar the bovizontal line in this plot represents the 30%
equal probability ellipse, displayed as the inner ellipse in the tri-axial chart, Acid-
base measuvements fatling below the line ave inside this ellipse, while measurements
above the line ave located oniside the elfipse. I the lower vight corner, dassifications
according the Astrup and Siggaard-Andevsen method and the vector method are
given for acid-base ebservation number 11.

place (see Figure 5-4). The results are then sent from the central laboratory back to
the intensive care unit via the Hospital Information System on a serial communication
line, and printed on a dedicated laser printer residing at the intensive care unit. Typi-
cally, these blood gas reports are in plain text (ASCII) format.

For the automatic data-entry facility, a line-sharing device is used that receives a signal
and redistributes it to multiple slave devices (DB25 Data Broadcast TL158AE-R3,
Black Box Corporation, Utrecht, The Netherlands). At the ICU, the serial line com-
ing from the HIS is plugged into this device while two serial lines coming from the
slave ports of the device are redirected to both the ICU report printer and to a serial
port of a personal computer installed at the desk. On this PC, a communication pro-
gram is active that receives all incoming blood gas ASCII reports, extracts the relevant
informacion from the reports, and sends it to the running ABCHART program. The
ABCHART program then updates its open database and windows accordingly. This
set-up ensures that malfunction of the communication program, the ABCHART pro-
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Figure 5-4. Set-up for automatic data-entry of an
ABCHART program vumning at an fCU. An arte-
vial blood sample of an ICU patient is sent to a cen-
tral clinical chemistry laboratory (Lab) elewhere in
the hospital. Results of the analysis are sent back to
the ICU through the Hospital Information System
(HIS). At the ICU, the incoming sevial signal from
the HIS is duplicated by a line-shaving device and
sent to botly @ printer and a personal computer (PC)
installed ar the ICU. On the PC, a running
ABCHART program processes the ficomntig data
and perfornis an update of its database and windows
accordingly.
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gram ot any hardware problems do not
have any effect on the standard reporting
procedures at the ICU, since the line-
sharing device will always send the ASCII
report to the ICU printer. In this way,
normal printing procedures in the inten-
sive care department are not interfered
with, while patient information is auto-
matically updated in the database of the
ABCHART program.
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6.1 Abstract

Objective: To demonstrate the practicability of a wri-axial chart for the graphical and
quantitative monitoring of arterial pH, arterial carbon dioxide partial pressure
(PaCQO,) and actual arterial bicarbonate-ion concentration (af HCO,]} in intensive
care patients.

Design: Case reports.

Setting: The general intensive care unit (ICU) of the St. Elisabeth hospital in Tilburg,
The Netherlands.

Methods: Using a standard mathematical transformation, a data set of pH, log PaCO,
and log a HCOY] values can be transformed in such a way that a graphical display of
all three variables is possible, while being faithful to their linear relationship. Re-
markably, this graphical display closely resembles the plot on wri-axial coordinate pa-
per that Hastings and Steinhaus described in 1931 for displaying changes in the acid-
base balance during animal experiments, Two new monitoring parameters based on
the chart and transformation are described. One of them monitors the abnormality of
the acid-base status while the other monitors the rate of acid-base changes,

Conclusions: With the tri-axial acid-base chart, the complete acid-base status can be
faithfully monitored. Moreover, the proposed monitoring parameters provide extra
information about the arterial acid-base scatus that otherwise would remain hidden.

6.2 Introduction

The monitoring of laboratory values plays a central role in the intensive care unit
(ICU). In general, monitoring involves the comparison of observed values with lower
and upper limits for the variable in queston. When monitoring the acid-base status
using arterial pH, PaCO, and actual al HCO;], however, the simultaneous use of
fower and upper limies assumes these variables to be independent of each other which
may lead to false positive and false negative observations [1]. Moreover, the linear re-
lationship between the variables makes separate monitoring of all three variables illogi-
cal [2].

Recently, we developed a model that addresses both problems [3]. The model deter-
mines a bivariate reference region on the two dimensions as obtained after a mathe-
matical data reduction of a pH, log PaCO, and log a| HCO, ] distribution. After its
development it was found that the associated graphical representation closely resem-
bles the plot on tri-axial coordinate paper that Hastings and Steinhaus described in
1931 to study acid-base displacements (see Figure 6-1) [4].

In their coordinate paper, the three original acid-base axes are placed in the same typi-
cal tri-axial configuration, Original axes are not shown in Figure 6--1 but they can be
reconstructed as follows, The pff axis is the hypothetical line through the origin, per-
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pendicular to the Constant pH line.
The CO, tension axis is the line

through the origin, perpendicular o o 14

the Constant CO, tension line. Like-

wise, the BHCO, axis is the line -
through the origin, perpendicular to o 0%
the Constant BHCO, line. The angle ?; 258
becween the CO, tension avis and the g ,5%
BHCO, axis is 60°. 2 . N
In the present paper, we confirm the & 8
tri-axial configuration of the coordi- © 5

nate paper of Hastings and Steinhaus
with  specific  statistical methods.
Furthermore, the practicability of the - ) _
proposed tri-axial chare and model as Figwe 6-1. The tri-axial coordinate paper of Hastings
a visual and quantitative monitoring a#d Steinhans for rvepresenting pH, CO, tensions
tool is illustrated with three intensive (PeCO,) and BHCO, (af HCO] ]) values (veprinted
care patient examples. with permission of The American Physiological Society)

47

6.3 Materials and methods

6.3.1 Patient cases
64

Arterial acid-base measurements of 5o73C0 toH) 38 aHCO) mmoll)
three intensive care patients were re-
corded. The measurements included
arterial pH, PaCO, in mmHg, PaO,
in mmHg and actual alHCO]] in
mmol/l. Measurements were per-
formed in duplicate on an OMNI- 75 .
AVL-6 (E-Merck Nederland by, The = 7
Netherlands) and an ABL-520 (Radi-
ometer Nederland, The Netherlands)
at the central clinical chemistry labo-

7.55
+ oH

rato ry.

6.3.2 Construction of the char t

The t“—a_\maj C_hart and the multivari- Figure 6-2. The tri-axial chart for the geneval ICU of
ate artetial acid-base reference model e St Elisabeth hospital

were constructed from a large patient
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acid-base data set consisting of 1500 cases (data set £L{zb from Chapter 2), according
to the methods described in the preceding chapters. Figure 6-2 shows the resulting
tri-axial chart, The angle between the original PaCO, and a[ HCO]] axes is close to
60° as is the case in the coordinate paper of Hastings and Steinhaus. Note that origi-
nal acid-base values of a point in the chart can be read from the original acid-base axes
by projecting this point perpendicularly onto the respective acid-base axes. The hexa-
gon figure in the chart represents the region defined by the three standard 95% refer-
ence intervals for pH, PaCO, and al HCO, ] (see Table 1-3).

6.3.3 Monitoring parameter 1: abnormality of acid-base status

In Chapter 4, the rationale and the calculation of squared Mahalanobis distances for
multivariate acid-base observations was described. In statistical terms, a squared Ma-
halanobis distance indicates the relative abnormality of an acid-base combination in
reference to a specific distribution. Figure 6-3 shows the location of the reference dis-
tribution for the ICU of the St. Elisabeth hospital in its corresponding tri-axial chart.
The definition of the squared Mahalanobis distance is such that observations on the
same ellipse will have equal squared Mahalanobis distances. The Mahalanobis distance
is in fact the distance between an observation and the mean of a multivariate distribu-
tion, weighed for possible interrelationships between the variables. Thus, the Mahala-
nobis distance for a single acid-base observation can be used as a multivariate index of
its relative abnormality. By plotting these indices in time, the relative severity of the

o4 acid-base status of an intensive care
3200z (g - — . 38 a[HCOglmme)  patient may be monitored.

c

6.3.4 Monitoring parameter 2: rate
of acid-base change

90%

Another monitoring  parameter
} which can be derived from the tri-
It axial chart of Figure 6-2 is the rate

of acid-base change. This is the
distance between two poings corre-
sponding to two consecutive analy-
ses as plotted in the chart, divided
by the time elapsed between the
two analyses. Values close to 0
) mean slow acid-base changes, an
Figure 6-3. The multivariate patient-based  reference indication for a stable acid-base
wadel for the general ICU of the St. Efisabeth hospital. The  status.

30%, 60% and 90% equal density ellipses each connmect
points of equal distribution densities.
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6.4 Patient reports

In this section, the clinical courses of three patients, as retrospectively reconstructed
from their hospital records, of the general ICU of the St. Elisabeth hospital are pre-
sented to demonstrate the use and practicability of the tri-axial acid-base chart and the
monitoring parametets. Where relevant in these narratives, the user is referred to the
charts and trend plots.

The tri-axial charts and trend plots for the three patienes are displayed in Figure 64
to Figure 6-6, respectively, The upper part of each figure is the tri-axial chart, while
the lower part represents the trend plots of both monitoring parameters. Original data
can be found in Table 6-1 to Table 6-3. The numbers in brackets in the narratives
refer to the numbers in the tri-axial charts, the trend plots and the tables. They indi-
cate the measurement sequence number of the blood gas analyses.

6.4.1 Patient 1 (Figure 64, Table 6-1)

Patient 1 is a 67-year-old male, who was hospitalised because of respiratory failure due
to pneumonia, On arrival at the ICU, an arterial blood gas analysis showed severe hy-
poxia and also a combined respiratory alkalosis and metabolic acidosis (1). The hyper-
ventilation (respiratory alkalosis} was triggered by hypoxia and the metabolic acidosis
was also due to hypoxia. The patient was intubated and ventilated: volume controlled

Table 6-1. Data for patient 1.

meas- hours after pH PaCO, a[HCO;] Abnot- Rate of

urement  first analysis (mmHg)  mol/i mality  acid-base

order index change
1 0 7.424 28 17.9 2.07
2 3 7.335 38.3 19.9 1.18 2,118
3 6 7.399 31.3 18.9 1.47 1.396
4 12.5 7.367 33.8 18.7 1.31 0.273
5 26 7.241 46.3 19.3 2.51 0.528
6 34.08 7.187 51.4 18.3 3.42 0.352
7 36 7.214 46.5 18.2 291 0.995
8 49 7.282 39.5 18.1 1.95 0.289
9 63 7.243 44.6 18.6 2.47 0.180
10 74 7.237 39.4 16.2 2.68 0.269
1 98 7.129 54.7 17.5 4.27 0.287
12 104.27 7.135 51 16,6 4.11 0.226
13 122 7.108 45.4 13.8 4,54 0.205
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Figure 6—4. The tri-axial chavt and the trend plois of the abnormality index (solid line, ®, scale on
the right) and the rate of acid-base change (dotted line, o, scale on the left) for patient 1.

(VC) with a breathing frequency of 16/min and a tidal volume of 450 ml, FIO, 0.6
and positive end expiratory pressure (PEED) of +5 emH, 0.

Three hours after starting artificial ventilation, PaQO, increased to 102.3 mmHg and
the acid-base status (2) showed persistence of metabolic acidosis and less hyperventi-
lation, resulting in a slight uncompensated metabolic acidosis. Three houss later (3),
the arterial blood gas analysis showed a respiratory compensated metabolic acidosis.
The compensating respiratory alkalosis was due to stimulation of central and periph-
eral chemoreceprors resulting in agitation of the patient on ventilator support, there-
fore sedation was increased. Twelve and a half hours after starting the ventilation (4),
the hyperventilation diminished and the slight metabolic acidosis persisted.
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The next day (5), the patient was quiet and PaCO, was 46.3 mmHg, indicative of a
combined respiratory and metabolic acidosis. [n the afternoon (6), the patient was
again agitated and was fighting the ventilator in the volume-conuolled mode. The
combined respiratory and metabolic acidosis became more serious. After an initial de-
crease in the abnormality index of 2.07 (1) to 1.18 (2}, the acid-base status became
increasingly abnormal with an abnormality index of 3.42 (6). The rate of acid-base
change decreased from 2.12 (2) to 0.27 (4). It is apparent that the lines in the tri-axial
chart from (1) to (6) are all roughly perpendicular to the afl HCO]] axis, indicating
that the change in arterial pH from 7.424 (1) o 7.187 (6) can predominantly be at-
tributed to respiratory problems,

The artificial ventilation was adjusted to the SIMV mode (Synchronised Intermittent
Mandatory Ventilation) in combination with Pressure Support. The metabolic acido-
sis was assutned to be the result of hypotension and hypoxia. Therefore, dopamine was
instituted in a dose of 5 Ng/kg per minute. The patient was sedated and the VC mode
of the ventilator was insticuted again. After adjustment of the ventilation, the respira-
tory acidosis had improved (7} although the metabolic acidosis remained. The next
two arterial blood gas analyses (8,9) showed normal PaCO, values but the metabolic
acidosis remained. As a result of the ventilation adjustments and the dopamine ther-
apy, the acid-base status became slightly more normal. Consequently, the abnormality
index decreases from 3.4 (6) to 1.91 (8). Laboratory analysis showed a lactate level of
2.1 mmol/l, while chloride was 114.5 mmol/l, indicating the presence of a hyper-
chloraemic acidosis. The patient showed a severe uncompensated metabolic acidosis
(10). Oxygenation problems developed again, showing a PaQO, of 57.3 mmHg. The
patient was ventilated with an increased inspiration time and increasing levels of
PEEP.

Between (10) and (11), bicarbonate therapy was started because of a hyperchloraemic
metabolic acidosis. CT scan of liver and thorax as well as liver biopsy showed metasta-
sis of small cell anaplastic lung carcinoma. There were increasing respiratory problems
(11) showing respiratory acidosis, as a result of CO, overproduction by infusion of bi-
carbonate, in combination with persistent metabolic acidosis. Institution of higher
tidal volumes resulted in acid-base disorders with a small respiratory component and a
large metabolic component (12, 13). No further therapy was instituted and the pa-
tient died. The wend plots of the monitoring parameters illustrate the gradual deterio-
ration of the patient; the abnormalicy index increases from 1.91 (8) wo 4.54 (13).
However, the rates of acid-base change remain constantly low with a small peak at (7),
indicating a stable though severely abnormal acid-base status,
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6.4.2 Patient 2 (Figure 6-5, Table 6-2)

A 63-year-old female (height: 1.55 m, weight: 51 kg) was admitted to the ICU after
resuscitation for cardiac arrest in the Emergency Ward. The patient had diabetes for
which no medication was necessary. The medical history mentioned pneumonia and
psychosis, On admission, she was hypotensive and had aspirated gastric contents, She
was intubated and ventilated in pressure regulated volume-controlled mode (Siemens
Servo 300) with an FIO, of 1.0, a breathing frequency of 14/min with tidal volumes
of 550 ml and +6 ecmH,O of positive end-expiratory pressure (PEEP).

The first blood gas analysis (1) showed a severe uncompensated metabolic acidosis as a
result of hypotension (blood pressure 70/40 mmllg). She was treated with dopamine
i. v. in a dose of 15 pglkg per min in combination with noradrenaline in a dose of 0,1
tg/kg per min and intravenous infusions of NaCl 0.9% in order to support circula-
tion, The PaO, was 63.7 mmHg and the O, saturation was 93%, Metabolic acidosis

Table 6-2. Data for patient 2.
meas-  hours after pH PaCO, a[HCO;} Abnor-  Rateof

urement  first analysis (mmHg) 01/l mality  acid-base

order index change
1 0 7.257 38.8 17.3 2.30
2 1 7.288 36.9 17.1 2.03 1.45
3 3.5 7.254 38 16.8 2.39 0.572
4 5 7.345 31.5 17.1 1.84 3.143
5 6.5 7.445 27 i8.8 2.19 3.285
6 8.5 7.356 33.2 18.2 1.48 2.434
7 12.25 7.316 29.6 15.5 2.41 0.932
8 14.93 7.288 33.5 15.6 2,36 0.827
9 16.5 7.257 33.4 14.4 2.84 1.135
i0 21.5 7.297 29.6 14.1 2.81 0.505
11 315 7.392 31.9 19 1.38 0.620
12 355 7.412 28.2 19 1.86 0.500
13 39.5 7.164 44 15.3 3.68 3.162
14 42.5 7.223 51.8 20.7 2.90 1.985
15 47.5 7.33 52.8 27.1 1.89 1.213
16 54.5 7.372 52.2 29.6 1.70 0.314
17 61.5 7.421 46.7 29.8 1.19 0.378
18 79.5 7.451 43 29.4 1.05 0.100
19 107.68 7.433 39.2 257 0.44 0.996
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(2, 3, 4) remained and respiratory compensation was initiated. An acute respiratory
distress syndrome developed (Murray Score of 3.2}, probably as a result of aspiration
and the PEEP level was increased to +10 cmH, 0.

Arterial blood gas analysis (5) showed a respiratory alkalosis due to hyperventilation
and metabolic acidosis. The lactate level was 0.9 mmol/l with an anion gap of 4
mmol/l, indicating that the metabolic acidosis was hyperchloraemic (6). The abnor-
mality index remained refatively high from (1) to (6). Moreover, there was a high rate
of acid-base change from (4) to (6), indicating an unstable acid-base status as a result
of a progressive deterioration of her circulatory collapse. A thermodilution catheter
was introduced in the left subclavian vein. Haemodynamic support was adjusted ac-
cording to cardiac output and pulmonary capillary wedge pressure measurements, ul-
timately resulting in a blood pressure of 130/70 mmHg,. The patient herself was un-
able to compensate, resulting in a partially compensated metbolic acidosis (7).
Thereafter, the tidal volume was reduced since the peak inspiratory pressure was 37
cmH,O. The patient developed a serious metabolic acidosis (8, 9, 10) as a result of
diminished respiratory compensation, resulting in an increase of the abnormality in-
dex to 2.81 (10). With higher blood pressure, metabolic acidosis recovered in the end
(11, 12). The patient was becoming increasingly stable as evidenced by a rate of acid-
base change decreasing from 3.29 (5) to 0.5 {(12). A severe pure metabolic acidosis,
combined with a slight respiratory acidosis (increase in PaCO, of 282 to 44.0
mmHg), suddenly appeared (13). This change in acid-base status can be clearly seen
in both the tri-axial chart as well as in the trend plots of the monitoring parameters.
The lactate level was normal, but there was a hyperchloraemic acidosis (chloride 128.9
mmol/l). A 150-ml sodium-bicarbonate infusion (8.4%) was given at 39.5 hours, just
after (13). The hyperchloraemic acidosis was probably due to renal HCO; loss or due
to renal dysfunction as a result of inadequate renal perfusion. The metabolic acidosis
decreased, but there was an accumulation of CO,, resulting in a combined respiratory
and metabolic acidosis (14). Ventilation was adjusted and bicarbonate supplementa-
tion was continued. Bicarbonate was discontinued (just after 15), since a pure respi-
ratory acidosis developed and the vendilation was further adjusted.

The administracion of bicarbonate leads to CO, and H,O. Therefore, alveolar ventila-
tion has to be increased when infusing bicarbonate, in order to eliminate the newly
generated CO,. In unconscious mechanically ventilated patients, the respiratory set-
tings have to be increased accordingly. However, in this situation tidal volumes could
not be adjusted sufficiently since there was already a high peak of inspiratory pressure.
Minute volume can be increased by increasing the tidal volumes and, secondarily, the
respiratory rate. In this case of severe ARDS there was no benefit from increasing the
respiratory rate above 18/min. Finally, the respiratory acidosis was compensated (16)
and pH returned to normal. After bronchial toilet, the PaCO, further decreased (17).
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Figure 6-5. The tri-axial chart and the tvend plots of the abnormality index and the vate of acid-
base change for patient 2.
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A slight uncompensated metabolic alkalosis then occurred (18) that may have been
the result of dehydration or the massive bicarbonate infusion.

The patient died with normal arterial blood gas values due to renal failure and hypoxic
cerebral injury as a result of the cardiac arrest (19), Oxygen delivery was determined
several times during hospitalisation and showed values above 700 ml/min. Note that
the bicarbonate therapy and the subsequent adjustments to the ventilation after (13}
restilted in an acid-base path in the tri-axial that is not the shortest route to the centre
of the ICU reference distribution. From {13) to (19) the acid-base status of the patient
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gradually became more stable and normal, since the abnormality index decreased from
3.68 (13) o 0.44 (19), while the rate of acid-base change decreased from 3.16 (13) o

0.1(19).

6.4.3 Patient 3 (Figuve 6-6, Tuble 6-3)

A 50-year-old female was admitted to the ICU because of renal faifure and respiratory
insufficiency with scleroderma. The patient was ventilated in VC mode with 40% of
oxygen, a breathing frequency of 16/min, a tidal volume of 550 m! and + 6 ecm H,O
of PEED. She received a Swan-Ganz catheter and inotropic support. The first arcerial
blood gas analysis showed a non-severe uncompensated metabolic acidosis due to re-
nal failure (1) that deteriorated (2). Because renal failure was present, bicarbonate was
given, resulting in a normal arterial blood gas analysis (3). Later (4), there was a
slightly elevated PaCO, and tidal volume was increased. The patient developed an un-
compensated metabolic acidosis (5} that became progressively severe (6). This can be
seen in the trend plot as an increase of the abnormality index from 0.5 (3) w 2.5 (6).
Haemodiafiltration (HDF) was applied for 3 hours and resulted in a less severe meta-
bolic acidosis (7, 8). The metabolic acidosis remained (9) and bicarbonate therapy was
instituced again, Also, ventilation was increased with higher tidal volumes, resulting in
a decreased PaCO, (10). Metabolic acidosis persisted and HDF was applied again for

Table 6-3. Data for patient 3.
meas-  hours after pH PaCO, 4[HCO;] Abnor-  Rateof

urement  first analysis (mmHg)  molyl  mality  acid-base

order index change
1 0 7.344 38 20,2 1.05
2 15.75 7.289 38.8 17.6 1.95 0.198
3 48.83 7.375 38.5 22 0.53 0.149
4 62.75 7.351 42.8 23.1 0.87 0.150
5 87.75 7.293 42.4 19.9 1.71 0.133
6 111.75 7.233 42.4 17.3 2.64 0.136
7 124.75 7.32 43.2 21.7 1.31 0.386
8 135.75 7.279 44.9 20.4 1.94 0.183
9 138.75 7.29 41.7 19.5 1.76 0.482
10 140.75 7.326 39.1 20.4 1.20 0.947
11 144.08 7.393 38.7 23.1 0.24 0.998
12 169 7.417 35.6 22.3 0.61 0.069
13 [75.72 7.338 46 24 1.22 0.788
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Figure 6-6. The tri-axial chart and the trend plots of the abnormality index and the rate of acid-
base change for patient 3.

4 hours, After HDF, the arterial acid-base status returned to normal (11). For 24
hours the arterial blood gas values remained normal (12). This is illustrated by a de-
crease of the abnormality index from 2.64 (6) to 0.24 (11). Six hours later, a respira-
tory acidosis occurred (13), possibly the result of air trapping because of high PEEP
levels, due to ARDS. Increasing levels of PEEP were necessary with prolonged inspi-
ration time. Ventilation was further adjusted and it was possible to treat the sclero-
derma and wean the patient from the ventilator.

The rate of acid-base change remained low from (2) to (8). The tri-axial chart shows
two spikes; one at (2} and one at (6}, The first spike (2) was caused by an uncompen-
sated metabolic acidosis due to renal failure. The acidosis was treated with bicarbonate
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therapy resulting in normal acid-base values (3). The second spike (6) shows a recur-
rent metabolic acidosis. Subsequent HDF resulted in a slight amelioration of the acid-
base values (7). From the wi-axial chart it can be deduced that all major acid-base
changes are of mertabolic origin since the projection of the complete acid-base path
onto the PaCO, axis shows that all values fall within the standard 95% reference in-
terval for PaCO,.

6.5 Discussion

In the present paper, a method for monitoring acid-base values of patients in an inten-
sive care setting is described and demonstrated. The method is based on a tri-axial
acid-base chart and two new quantitative acid-base monitoring parameters. One pa-
rameter monitors the abnormality of the acid-base status and the other monitors the
rate of acid-base changes. The underlying mathematical model justifies the tri-axial
coordinate paper of Hastings and Steinhaus [4]. In 1953, Cassels and Morse [5] used
this coordinate paper of Hastings and Steinhaus to display acid-base reference values
for children, Rispens et /. [6] made a case for the coordinate paper in 1974, while in
1980 Van Kampen [7] proposed to use the coordinate paper as a quality control in-
strument in the clinical chemistry laboratory. However, the Hastings and Steinhaus
tri-axial coordinate paper never became popular in daily clinical practice and Hastings
reports: ‘T still think that ... wi-axial coordinate paper ... is ideal for plotting acid-base
paths, but I have never been able to persuade anyone else that this is so, so I've
stopped trying to do so.” [8].

The tri-axial coordinate paper of Hastings and Steinhaus was solely used as a graphical
tool to visualise acid-base values and acid-base paths. A major advantage of the
method presented in the present paper, however, is that the wri-axial chart results from
an undetlying mathematical model that enables the quantification of the chart. An
extra advantage of the method is that values can be displayed against a background of
reference data. The method is flexible in the sense that any reference distribution can
be used. An ICU can thus build its own reference model and associated chart.

Use of the wri-axial acid-base chart in daily clinical practice may well be advantageous,
since it has been shown that a graphical display of data yields a faster and more accu-
rate interpretation as compared to numerical displays [9-11]. Moreover, the wi-axial
configuration of the chart ensures that the effects of both respiratory (PaCO,} and
metabolic (a[ HCO;]) components on the acid-base status of arterial blood, are si-
multaneously and equally assessed. This is more difficult in other acid-base charts [12-
15]. For instance, in a plot of PaCO, versus pH, the emphasis lies on the respiratory
component while in a plot of af HCO, ] versus pH (the Davenport diagram), PaCO, is
missing. In fact, only a tri-axial configuration is faithful to the intrinsic two-
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dimensional relationship becween all chree acid-base values, as dictated by the
Henderson-Hasselbalch equation.

The two monitoring parameters (acid-base abnormality and rate of acid-base change)
extract information from raw acid-base measurements that is contained within the
data but normally remains hidden. The monitoring parameters may well be useful in
future acid-base monitoring systems. Single cut-off values could be set so that alarms
are generated in cases of abnormal or unstable acid-base situations. They must, how-
ever, be seen as an addition to, and not a replacement of, the original acid-base values.
Therapeutic actions after an alarm can then still be based on the original values,
Particularly with the advent of continuous intra-arterial blood gas measurement de-
vices, such a screening system may be very valuable, and even indispensable, in pre-
processing the vast amount of data that will be generated by such devices [16].
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CHAPTER 7

7.1 Abstract

Objective: to develop and compare new mortality prediction models (MPM) that are
based on arterial acid-base variables,

Design: logistic regression analysis of prospectively collected data.

Setting: a 20 bed medical-surgical intensive care unit (ICU) in the ‘Onze Lieve
Vrouwe Gasthuis’, an inner-city teaching hospital in Amsterdam, The Netherlands.
Patients: consecutively admitted patients in the period of January 1997 to May 1998.
Meastrements and main results: for 2430 consecutive ICU admissions, hospital mor-
tality was predicted using four MPMs: APACHE 11, SAPS II, MPM, II, and
MPM,,IL. Discriminating power was assessed with Receiver-Operator-Characteristics
(ROC) curves while calibration was assessed with Hosmer-Lemeshow’s C*g values.
Although discriminating power was acceptable (area under the curve {AUC] of 0.809,
0.835, 0.810, and 0.746 for APACHE I, SAPS II, MPM, II, and MPM,,II, respec-
tively), calibration was poor as demonstrated by large C*g values with p-values smaller
than 0.001.

Using multiple logistic regression analysis on data coming from 1770 consecutively
admitted patients, new MPMs were developed based on each of the three arterial acid-
base variables: pH, carbon-dioxide partial pressure (PaCQO,), and base excess (BE). A
fourth model was based on the Mahalanobis distance & of Chapter 4 (MPM ). The
single-variable based MPMs showed good discriminating power but calibration was
poot. MPM, however, showed good discrimination (AUC of 0.863) and excellent
calibracion (C*g of 8.87, p-value is 0.54).

Conclusions: when predicting mortality of ICU patients on the aggregate level, MPM,
could be useful at our ICU. MPM, awaits prospective validation at our ICU and other
[CUs,

7.2 Introduction

Predicting hospital mortality for patient groups has become an integral part of critical
care practice. Most of the mortality prediction models (MPM) use prognostic indices
(P1) ¢hat are mathematical transformations of severity scores. With a severity score as
input, such models yield a probability of dying in the hospital — a value between zero
and one — for the individual patient. By dividing observed hospital mortality by pre-
dicted hospital mortality for groups of patients, standardised mortality ratios (SMR}
are obtained. SMRs are widely used to compare the performance of intensive care
units, either in time or to other units [1].

Most of the common MPMs, such as the Acute Physiology And Chronic Health
Evaluation II (APACHE II} [2], the Simplified Acute Physiology Score 11 (SAPS 1I)
[3], and the Mortality Prediction Model II (MPM I} [4], use physiological measure-

98



HOSPITAL MORTALITY PREDICTION IN ICU PATIENTS

ments. The most deranged values of these variables during the first hours after Inten-
sive Care Unit (ICU) admission are extracted from the patient charts, These MPMs
perform adequately at the aggregate level, but lack the calibration and discrimination
to be used in the individual patient. They are very sensitive to items like sampling
rate, sampling method and artefacts [3, 6]. Moreover, the whole process of extracting,
interpreting, and managing the necessary data items is time-consuming and is a source
for both inter-observer and intra-observer variability [7].

Haemodynamic variables describe physiologically important abnormalities in critically
ill patients and often form the basis of an MPM [8, 9]. The haemodynamic, respira-
tory and/or metabolic status of the patient is most effectively reflected in arterial acid-
base measurements. The objective of the present study is to develop and compare
various acid-base based MPMs using the arterial blood gas analyses of the first 24
hours of ICU rtreatment.

7.3 Materials and methods

Data for the classical MPMs (APACHE 11, SAPS I, MPM, 11, and MPM,, I} was
collected over a 17-months period: January 1997 to May 1998. Data for the devel-
opment of the acid-base based MPMs was collected over a 13-months period; April
1997 to May 1998. If a patient was admitted more than once to the ICU, only the
first admission was used. Data for the classical MPMs was routinely extracted for all
ICU admissions. Data for the acid-base based MPMs (arterial blood gas measure-
ments) was automatically collected using a microcomputer installed at the ICU with a
direct link to the laboratory of Clinical Chemistry and Haematology of the ‘Onze
Lieve Vrouwe Gasthuis’ {see Section 5.4.5 for set-up). Blood gas measurements in-
cluded: arterial pH, PaCO, in mmHg, base excess (BE) in mmol/l, al HCQO;[] in
mmol/l, P20, in mmHg, and arterial oxygen saturation. Measurements were per-
formed in duplicate on a Corning 288 (Chiron Diagnostics, The Netherlands) blood
gas analyser. Specific approval of the Ethics Committee was not required since data
was primatily collected for clinical purposes. No extra blood samples were taken,

For APACHE 1L, SAPS II and MPM, 11, the following types of patients were ex-
cluded: burn patients, post-operative cardio-surgical patients, and patients with a
length of stay (LOS) in the ICU of 8 hours or less. For MPM,, I1, patients with a LOS
of 24 hours or less were excluded. For the acid-base based MPMs no exclusion criteria
were applied.

Morelity predictions according to APACHE II, SAPS 1I, MPM, II and MPM,, 11
were calculated for individual patients according to the respective guidelines [2-4].
Charting of the necessary variables was performed according to standard procedures at
our ICU: the nursing staft entered at least one value for each variable per hour. The
attending physician performed the necessaty data-extraction (for calculation of
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APACHE 1II, SAPS I and MPM 11) 24 hours after JCU admission or on discharge
from ICU if discharge was within 24 hours. The physicians had explicit instructions
not to record values induced by suctioning, changes of medication pumps, etc. Only
sustained, clinically relevant physiological changes were recorded. Only arterial blood
gas analyses were used in the data collection, Continuous percutaneous saturation
monitoring information was not extracted for use in the scoring systems. Data extrac-
tion as described above is routinely performed at our ICU for all ICU admissions (ap-
proximately 1900/ycar).

Acid-base based MPMs were developed using muldple logistic regression analysis.
This technique aims to find a linear relationship between 1 predictor variables x, and
the logit, which is the natural log of the ratio p / (1 - p}:

logit = in(%] =B, +Bx, +Bx, + ... Bx, (7-1)
v

where p is the probability of y = 1, y being a dichotomous (0,1) outcome variable [10-
12]. The weights B, are iteratively optimised in such a way
that the predictor variables explain a maximum of variation
age after in the outcome variable y. Having found the optimal

coding  weights, the probability of y = 1 for an individual case can be

Table 7-1. Coding of age

[0 - 10)* 0 determined as: ¢ / (1 + ), whete ¢ is the base of the
(10 -20) 1 natural logarithm.
[20 — 30) 2 For each single arterial acid-base variable, an MPM was de-
(30 - 40) 3 signed using multiple logistics regression analysis; MPM ,,,
[40 - 50) 4 MPM,, ., and MPM, . The outcome variable in each model
[50 - 60) 5 was hospital death (y = 1), Predictor variables included:
(60 - 70) 6 1} type of admission, (surgical or non-surgical), 2) age on a
{70 - 80) 7 continuous scale (see Table 7-1 for scale), and 3) the largest
[80 — 90) 8 absolute z-score {z| (Jx - m|/s) in the first 24 houss after ICU
(90 -100) 9 admission as calculated with the means and standard devia-
(160 —110}° 10 tions of Table 7-2, Typically, |z] runs from zero upwards
;f;0£§2:chlj;:$l]g with larger values indicating a more severe deviation of the
‘to and including acid-base measurement at hand.

Table 7-2. Means (m) and standavd deviations (5) used for calenlating absolute 2-scores.

m normal range s
pH 7.40 7.35 —7.45 0.025
PaCO, 40 mmHg 35 - 45 2.5
BE 0 mmol/l -3-3 1.5

Standard deviations s are derived fram the normal range by assuming this range to be 4 standard deviations wide.
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'The absolute z-score |2|, however, only indicates the degree of deviation in a single
acid-base measurement. We recently developed a method for expressing the deviation
in pH, PaCO, and BE simultaneously with a single multivariate statistical index: the
Mahalanobis distance & (Equation 4-1), This index takes into account the interrefa-
tionships between the variables as observed in a multivariate reference distribution of
acid-base measurements [13-19]. In this case, the multivariate reference distribution
OLVGbe was used, Based on the Mahalanobis distance 4, we developed a fourth
mortality prediction model (MPM ). Outcome and predictor variables remained the
same as in the single-variable MPMSs with the exception that the largest |z| was re-
placed with the largest & as found in the first 24 hours after ICU admission,

According to good modelling practice [20] we performed a 10-fold cross-validation on
the acid-base based MPMs. We divided the total data set with » cases into 10 parti-
tions of #/10 cases with an equal ratio of non-survivors and survivors. The mortality
predictions of the patients in each partition were then calculated using the coefficients
as estimated with a multiple logistic regression analysis of the data in the union of the
remaining nine partitions. Multiple logistic regression analyses were performed with
SPSS for Windows, release 7.5.

To quantify and compare the discriminating power (i.e. the ability to discriminace
between survivors and non-survivors) of the resulting MPMs, non-parametric Re-
ceiver-Operator-Characteristics (ROC) curves were used. These curves were generated
by plotting pairs of true-positive ratio (sensitivity) and false-positive ratio (1-
specificity) as they appear using each mortality prediction in a data set as a cut-off
point between survival and non-survival, The arca under the curve (AUC) is a meas-
ure of discriminating power and is expressed in the range of 0.5 to 1. An AUC of 0.5
means zero discriminating power while an AUC of 1 indicates an optimal discrimina-
tion between survivors and non-survivors. AUCs were calculated according to the
method of Hanley and McNeil [21]. Comparisons were made with the method of
DeLong for comparing multiple AUCs derived from the same data [22]. Delong’s
test statistic is ¥ -distributed with £-1 degrees of freedom (df}, where £ is the number
of AUCs. The hypothesis of equal AUCs was rejected if a p-value was smaller than
0.05.

The goodness-of-fit {/.e. the ability to correctly predict the probability of death or sur-
vival} of the respective MPMs was assessed with a calibration plot and with the C*g
test statistic as proposed by Hosmer and Lemeshow [10, 23]. A calibration plot is con-
structed by sorting the mortality predictions in de data set and plotting the actual
mortality rate against the predicted mortality rate in adjacent strata of 10% predicted
mortality. For the calculation of C*g, the sorted mortality predictions were grouped
into 10 deciles, each containing = #/10 cases. C*g was then calculated as:
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10

(7-2)

)y

1
k=0 f=1

(OH - EH)Z /EH »

where O, is an observed number of persons, £, is an expected number of persons, #
indicates the survivor (0) and non-survivor (1) group, and / the decile. This test statis-
tic is ¥’-distributed with 10 degrees of freedom [10]. The hypothesis of good fit was
rejected if a p-value was smaller than 0.05.

7.4 Resules

There were 2430 ICU admissions in the 17-months data acquisition period, 1770 oc-
curied in the 13-months period. Patient characteristics can be found in Table 7-3.
Figure 7-1 shows the ROC curves and the calibration plots for the classical MPMs
(AUGs in brackets). MPM,, IT has the worst discriminating power (AUC of 0.746).
SAPS 1 is the best discriminator, having a statistically significant larger AUC (0.835)
than both APACHE II (DecLong’s " = 5.57, df = 1, p-value = 0.018) and MPM, 1I
(DeLong’s %" = 3.96, df = 1, p-value = 0.047). Goodness-of-fit, however, is poor for
each model as demonstrated by the significantly large C*g values in Table 7-4. The
calibration piot in Figure 7-1 confirms this finding: all models overestimate mortality
in almost every 10% predicted mortality stratum.

Figure 7-2 presents the ROC curves for the acid-base based MPMs. The smallest
AUC (MPM_,)) is larger than the largest AUC as found among the classical MPMs
(SAPS II). MPM,, shows the largest AUC (0.879). The second-largest AUC is that of
MPM, (0.863). The difference between both AUCs is statistically significant (De-
Long’s %" = 8.459, df = 1, p-value = 0.004). The AUC for MPM, is larger than the

2
AUC of MPM, ., (Delong’s %° = 10.014, df = 1, p-value = 0.002} and larger than
00 0z 0.4 06 08 1.0 0.0 0.2 04 0.6 08 10
10 . ; A 10 o ; ; . : 0
e TTZW -
S e ~a SAPSII
0.8 /’ ’ — -0.8 0.8 —0— APACHE i) 0.8
T & MPM,H
7 PM,, II
0.6 / -7 los = D‘al v MPM, il Los
= P
(= o —
g 77 | ——sapsu (0.835) o g 041 o4
i —— APAGHE Il {0.809) @
02l MPM, I {0.810) oz ool oo
/ — MPM, {0.746)
0.0 T T T T 0o 00 T T T T 0.0
0.0 ¢z 0.4 08 [} 1.0 0.0 02 0.4 06 08 10
1 - specificity predicted morality

Figure 7-1. ROC curves (left) and calibration plots (vight) for the classical AIPMs. Between brackess the
AUCs af the ROC. The line of identity in the calibration plot (line with slape 1) indicates the ideal situa-
tion: predicted mortality rate is equal to actual mortality rate.
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the AUC of MPM,, although the latter difference is not statistically significant (De-
Long’s ¥’ = 3.698, df= 1, p-value = 0.054).
In Table 7--5, the goodness-of-fit results for the acid-base based MPMs are presented;

Table 7-3. Puatient characteristics.

acid-base
total classical MPMs MPMs
MPM, II other’
i % ] % H % H %
Number of patients 2430 100 498 100 811 100 1770 100
Died in hospital 263 10.8 148 297 183 22.6 189 107
Age in years” 34, 66, 83 30, 67, 85 29, 66,86 36,67, 83
L.OS in days’ 0.38, 0.96, 1.04, 3.13, 0.42, 1.63, 0.46, 0.96,
7.08 20.8 13.0 7.06
Surgical
Cardiovascular 49 2.0 15 3.0 46 57 38 2.1
Multiple trauma 36 1.5 16 32 29 36 21 12
Heart valve surgery 273 11.2 - - - - 206 1106
Peripheral vasc. surg.” 64 26 22 44 61 75 55 31
Haemorrhagic shock 19 0.8 9 1.8 16 2.0 14 0.8
Chronic cardiov. dis.” 1241 S1.1 - - - - 918 519
(astrointesrinal 104 43 48 9.6 94 116 78 44
Haematological 2 0.1 2 0.4 2 0.2 1 0.1
Renal 11 0.5 3 0.6 11 1.4 8 0.5
Metabolic 2 0.1 0 0.0 2 0.2 2 0.1
Neurological 4 0.2 1 0.2 4 05 3 02
Respiratory 126 5.2 31 6.2 107 132 93 53
Total surgical 1931 79.5 147 295 372 459 1437 81.2
Non-surgical
Cardiovascular 270 111 192 38.6 230 284 183 10.3
Gastrointestinal 23 0.9 16 3.2 21 2.6 i7 1.0
Haematological 2 0.1 2 0.4 2 0.2 - -
Renal 14 0.6 12 2.4 14 1.7 10 0.6
Metabolic 10 0.4 6 12 10 1.2 7 0.4
Neurological 47 1.9 17 34 38 47 23 13
Respiratory 133 55 106 213 124 153 93 53
Total non-surgical 499 20,5 35t 705 439 541 333 188
5%, 30% and 95° percentile, respectively " Peripheral vasculas surgery
‘APACHE I1, SADS II, and MPM L * Chronic cardiovascular disease

LOS, length of stay.
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MPM, shows the best fit with a small C*g value of 8.87 (p-value = 0.54), MPM,, has
the largest discrepancy between actual and predicted frequencies for survival and non-
survival with a p-value of 0.05 for the Hosmer-Lemeshow’s C*g value.

In Figure 7-2, the calibration plot for MPM, can be found. The calibration line more

closely follows the line of identity than for any of the classical MPMs.

Table 74, Hosmer-Lemeshow’s C'g values for the classical MPM:,

predicted predicted
mortality’ died survived mortality died survived

O E O E = O E O E =
APACHE 11 SAPS I
[0-4.2) 1 20 80 79.0 81 [0-42) 2 1.8 74 742 76
(4.2-7.6) 5 48 76 672 81 [4.2-7.2) 0 42 78 738 78
[7.6-10.9) 7 74 75 746 82 [7.2-10.6) 6 72 79 77.8 85
[10.9-17.7) 8 114 72 68.6 80 [10.6-16.7) 7 102 72 68.8 79

[17.7-26.2) 7 174 74 63.6 81
[26.2-37.8) 12 259 70 56.1 82
[37.8-51.6) 18 357 63 453 81
[51.6-65.3) 29 465 52 345 81
[65.3-81.6) 44 593 37 217 81
[81.6-100] 52 722 29 8.8 81

[16.7-26.6) 7 17.1 77 669 84
[26.6-39.2) 15 27.6 71 584 86
[39.2-53.0) 25 362 58 46.8 83
[53.0-70.0) 27 53.1 60 339 87
[70.0-86.1) 39 62.6 42 184 81
[86.1-100) 55 67.0 17 50 72

Total 183 282.5 628 528.5 811 Total 183 287.0 628 524.0 811
Crg = 118.5, df = 10, p << 0,001 Crg = 130.6, df = 10, p << 0.001

MPM, 11 MPM,,II

[0-5.3) 3.0 80 77.0 80 [0-14.9) 3 51 47 449 50
15.3-7.8) 5.6 82 78.4 84 [14.5-22.6) 10 9.2 40 40.8 50

0
2
[7.8-12.4) 9 80 73 740 82
(12.4-187) 9 122 72 688 81
[18.7-249) 11 175 71 645 82
[24.9-34.9) 18 23.6 63 574 81
[34.9-47.3) 18 33.1 63 47.9 8!l
[47.3-60.9) 21 44.1 60 369 81
[60.9-79.9) 41 57.8 40 232 81
{79.9-100}] 54 684 24 96 78

[22.6-29.5) 6 132 44 36.8 50
[29.5-36.5) 10 164 40 33.6 50
[36.5-42.4) 11 20.0 40 31.0 51
[42.4-50.4) 10 23.1 40 26,9 50
(50.4-58.6) 15 273 35 22.7 50
[58.6-70.5) 20 323 30 17.7 50
[70.5-80.3) 28 37.7 22 123 50
[80.3-100] 35 411 12 59 47

Total 183 273.3 628 537.7 811 Total 148 225.3 350 272.7 498

C*g = 91.6, df = 10, p << 0,001

C*g =73.16, df = 10, p << 0.001

‘as a percentage
'O = observed number of subjects
‘E = expected number of subjects
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Figure 7-2. ROC curves for the acid-base based MPMs (Ieft) and the calibrarion plot (vight) for MPM

It should be stressed that the deviation from the line of identity in the upper part of
the graph is due to the limited number of subjects in the upper strata of mortality
prediction. This occurs when a well-calibrated model is used on an ICU where the
mortality overall is very low since, per definition, there will be only a limited number
of subjects in the strata with high probabilities of dying,

Hence, considering both discriminating and predicting power, the model based on the
Mahalanobis distance (MPM,) seems to perform better than any other acid-base based
MPM and better than any of the classical MPMs. MPM, shows excellent calibration
{small C*g value) and good discrimination (large AUC)

Table 7-6 shows the results of the multiple logistic regression analysis for MPM, as
performed on the entire data set without cross-validation. For each predictor variable,
the table presents an estimation of the coefficient B, its standard error (SE), and an as-
sociated odds ratio (OR). For the predictor variable admission type the OR indicates
the decrease in the probability of dying for a surgical patient versus a non-surgical pa-
tient. For the continuous variable age the OR indicates the increase in the probability
of dying for every 10 years of increase in age. There is a 1.5 fold increase in the prob-
ability of dying the hospital for every increase of 10 years. For the Mahalanobis dis-
tance the OR indicates the increase in probability for every unit increase of the index
value, which is about 1.6 fold.

7.5 Discussion

Much of the discussion around morality prediction models seems o be centred
around the main question “What is the model going to be used for?’. Three major ar-
eas of application can be distinguished: prediction of individual patient outcome,
quality assessment and comparison of ICUs, and the stratification of ICU patients for
clinical trials [20, 24]. It is generally agreed upon that the ICU scoring systems now
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Table 7-5. Hosmer-Lemeshow’s C*g values for the acid-base based MPM.

predicted predicted
mortality died survived mornality  died survived

O E O E # O E O E i
MPMPH MPMI‘ACOZ
[0-1.5) 1 1.8 177 176.2 178 [0-2.2) 0 26 177 1744 177
[1.5-2.2) 2 32 176 174.8 178 [2.2-2.7) 5 44 172 172.6 177
(2.2-2.9) 4 44 173 172.6 177 [27-3.6) 3 55 173 170.5 176
[2.9-3.5) 6 56 171 1714 177 [3.6-4.0) 5 67 172 170.3 177
[3.5-4.3) 7 69 170 170.1 177 [4.0-52) 10 79 168 170.1 178
[4.3-5.3) 10 84 166 167.6 176 [5.2-5.8) 4 9.8 175 169.2 179
[5.3-6.9) 9 10.6 169 1674 178 [5.8-6.6) 13 10.8 164 1662 177
[6.9-11,0) 10 151 167 1619 177 [6.6-9.7) 20 14.1 157 1629 177
[11.0-33.7) 51 37.0 126 140.0 177 [9.7-38.3) 48 41.1 129 1359 177
[33.7-100] 89 96.0 8 79.0 175 [38.3-100] 81 86.7 94 883 175
Total 189 189.1 1581 1580.9 1770 Total 189 189.5 1581 1580.5 1770
Crg = 11.18, df= 10, p=0.34 Crg = 14.03, df= 10, p = 0.17
MPM,, MPM,
(0-1.4) 2 1.7 175 1753 177 [0-1.6} I 1.9 176 175.1 177
[1.4-2.0) 2 29 176 1751 178 [1.6-22) 2 34 175 173.6 177
[2.0-2.5) 0 4.0 177 173.0 177 [22-29) 2 45 175 1725 177
[2.5-3.2) 5 5.1 172 1719 177 [2.9-3.6) 5 5.7 172 171.3 177
[3.2-4.0) 3 64 174 1706 177 {3.6-44) 7 7.0 170 170.0 177
[4.0-4.9) 13 78 164 1692 177 [44-54) 9 87 168 168.3 177
[4.9-6.6) 4 10.1 173 166.9 177 [54-69) 9 10.7 168 166.3 177
[6.6-10.7) 19 145 158 1625 177 [6.9-10.7) 15 148 162 162.2 177
[10.7-32.4) 44 35.7 133 141.3 177 [10.7-34.3) 50 37.6 127 1394 177
[32.4-100] 97 101.0 79 750 176 [34.3-100] 89 948 88 822 177
Total 189 189.1 1581 1580.9 1770 Total 189 189.1 1581 1580.9 1770
Ctg = 18.17, df = 10, p = 0.05 Ctg = 8.87, df= 10, p = 0.54

available are not suited for predicting individual outcome [24-26]. Even if an MPM
were to be designed that could adequately predict individual patient outcome, there
would still be ethical discussions about whether, and if so, how to use this model as a
decision aid [24].
Hence, MPMs at the present moment are most useful for comparing groups of pa-
tients within a single ICU. This comparison of padent groups is especially useful
when doing clinical research. For instance, when comparing different treatments or
drugs on the ICU, one has to have a way to ensure that patients receiving the placebo
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Table 7-6. Results of a multiple logistic vegression analysis on the total data set of 1770 patients for
MPM,

B SE) OR 95% CI
Admission type (1 = surgical, 0 = non-surgical) -2.0624 0.1934 0.13 0.09 -0.19

Age on a 10 year scale 0.4249 0.0697 1.53 1.33 -1.75
Largest *in first 24 hours after ICU admission  0.4727 0.0637 1.60 1.42 —1.82
Constant -4.6069 0.5189

“estimated weight
‘Mahalanobis distance
SE=standard error; OR=odds ratio, and Cl=confidence interval
As an example, 2 30-year-old sitrgical patient with a 4 of 10 has a 16-fold (10 % 1,60) higher chance of dying in the ho s-
pital than a similar patiens with 2 # of 0. Predicted mortality for this patientis; #7157 msyminemiim g gt
EZO057 7 1) e nd239 7 30 4 AR T

= 0.35.

and patients receiving the actual treatment or drugs are comparable with respect to
their severity of illness, The second use of MPMs is comparison of well-defined
groups of patients between ICUs (case-mix adjusted). When MPMs are used for such
purposes, the emphasis must be on good calibration rather than on good discrimina-
tion [20].

We demonstrated that APACHE H, SAPS II, MPM, I, and MPM,, 11 show accept-
able degrees of discrimination (large AUCS) for our ICU, but a poor calibration (large
Hosmer-Lemeshow’s C*g values). Over the whole spectrum of mortality predictions,
each model predicted a higher mortality than was actually observed (see Figure 7-1).
This can be explained in two ways: the scoring systems are not calibrated for our pa-
tient population, or our ICU performs better than expected. Moreover, after applying
the exclusion criteria inherent to the respective models, only 811 of the initial 2430
patients remained for which APACHE 11, SAPS 11, and MPM, II predictions could be
calculated. The bulk of the 1611 discarded records were post-operative cardio-surgical
patients. As post-operative cardio-surgical patients comprise the majority of our ICU
admissions, exclusion of these patients severely hampers the ability of the models w0
describe the nature of our ICU.

There are also more general disadvantages of the classical MPMs. The number of data
items necessary to predict mortality ranges from 95 to 130 items [27, 28]. The man-
ual extraction of these data is a very time-consuming process. The issue of intra-
observer and inter-observer variability in data-extraction has to be explored further
[29]. Even if the problem of obscrver variability is solved, problems concerning the
manual charting method still remain. Errors in manual vital signs recording occur in
approximately 20% of the nursing shifts [30]. The most elegant solution to this
problem seems to be the implementation of a Patient Data Management System.
However, none of the commercially available Patient Data Management Systems has a
solid extraction method for these data [31], The classical MPMSs are very sensitive to
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items like sampling rate, sampling method and artefacts [5, 32, 33]. Problems with
lead-time bias, case-mix differences and external (international) validation of the mod-
els keep cluttering the critical care literature [34-38).

MPM,, seems to be an attractive model for the prediction of mortalicy at our ICU: dis-
criminating power is good and calibration is excellent. MPM,; has a significantly bet-
ter discrimination but its calibration, however, is less than MPM,, It is not surprising
that models based on invasive haemodynamic variables perform well in predicting
hospitality mortality outcome of ICU patients. They reflect the physiological status of
a patient and especially physiological instability is the primary determinant of mortal-
ity [9]. In this light, it is interesting to observe that MPM,, IT has the worst discrimi-
nating power (AUC of 0.746) in this study. MPM,, II hardly uses any physiological
data, since it is mainly based on acute and chronic diagnoses. The reason why MPM,
is superior over the single-variable acid-base MPMs may be that it incorporates infor-
mation of all three scparate acid-base variables. Furthermore, since the Mahalanobis
distance is based on a reference distribution of data coming from ICU patients of our
own [CU, it may more closely represent relevanc deviations in arterial acid-base status
than an absolute zscore for a single acid-base variable,

MPM,, has several advantages over the classical MPMs. Collection of data is simple
and straightforward: age, type of admission (surgical, non-surgicai), and the arterial
blood gas analysis with the largest & during the first 24-hour afier ICU admission. No
exclusion criteria were used: all 1770 consecutive admissions were included. The Ma-
halanobis distance based MPM has been developed on all ICU admissions. Selker [39]
defined a number of desirable features of an ICU mortality prediction model: 1) suffi-
ciently accurate and easy to use in real-time clinical settings, 2) based on the first min-
utes of hospital presentation, 3) not affected by whether a patient is hospitalised, 4)
based on data collected in the usual care of patients, 5) integrated into a computer
system, G) independent of the diagnosis related groups system, and 7) open for in-
spection and testing, Although MPM, does not fulfil all requirements, some of the
more important points are covered. The analysis of the arterial acid-base status has be-
come an indispensable part of ICU patient care and arterial acid-base values are rou-
tinely measured (point four) for a majority of ICU patients, often right at the start of
ICU admission (point two). As regards point five, for this study resules of the arterial
acid-base measurements were sent from the central clinical chemistry laboratory back
to the TCU and automatically recorded on a microcomputer insealled at the 1CU.
Therefore, no extra data extractions are necessary. Moreover, MPM,, is based on ob-
jectively measurable variables rather than on subjective diagnostic systems (point six).
However, since arterial punctures are not common outside the hospital, MPM,, does
violate point three of Selkes’ list. Also, since reference distributions need to be con-
structed for ICUs separately, MPM, cannot be unconditionally transferred from one
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ICU to another, Point seven may therefore be difficult to adhere to if inspection and
testing is to be performed in ICUs other than the one for which the MPM, was de-

signed.

It must be stressed that the number of patients for the development of MPM, was
limited (1770). Therefore, MPM, awaits prospective validation in the same ICU.
Other future research may focus on the extension of the multivariate reference model
with other variables, for instance arterial PaO,. Another line of research is extension of
the model to other ICUs.
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CHAPTER 8

8.1 Introduction

In the preceding chapters, a computer program (ABCHART) has been described for
the quantitative and qualitative monicoring of arterial acid-base data in an intensive
care setting. ABCHART displays acid-base trajectories of patients in a tri-axial acid-
base chart, calculates Mahalanobis distances to assess multivariate abnormality, and
classifies arterial acid-base observations according to the vector method presented in
Chapter 3. In the present chapter, a study is described that aims at an evaluation of
the ABCHART computer program in a clinical setting. This evaluation will comprise
three separate investigations,

First, the effect of the introduction of the computer program ABCHART in an inten-
stve care setting is assessed. Use of the graphical tri-axial acid-base chart and Mahala-
nobis distances in daily clinical practice provides the intensive care clinician with ad-
ditional information. This extra information may well lead to changes in the way cli-
nicians request and use acid-base laboratory analyses.

The second investigation concerns the comparison of the vector classification method
with the Astrup and Siggaard-Andersen method. The vector method was developed as
an alternative for the Astrup and Siggaard-Andersen method, since the latter has some
unwanted features, as described in Chapter 1.

Finally, the discriminating power (e, the ability to discriminate ‘normal’ from ‘ab-
normal’ arterial acid-base observations) of the muldivariate reference model will be
compared with the discriminating power of the multiple univariate approach. Sepa-
rating abnormal from normal arterial acid-base observations may be very useful in an
intensive care setting where monitoring plays a key role. The classical approach is to
evaluate laboratory data against relevant, fixed univariate reference intervals. In
Chapter 4, it was demonstrated that this approach may lead to erroneous conclusions
in cases where multiple variables are evaluated simultaneously. When assessing the ab-
normality of multiple laboratory measurements, the Mahalanobis distance is theoreti-
cally to be preferred. Small Mahalanobis distances are associated with acid-base nor-
mality, whereas larger values indicate acid-base abnormality. The use of a specific cut-
off point for the Mahalanobis distance leads naturally o a dichotomous classification
system. One of the goals of this study is to demonstrate a possible supetiority of the
Mahalanobis distance over the classical univariate approach in a clinical setting. In
1992, Wulkan [1] demonstrated the superiority of a trivariate reference model for pH,
PaCO,, and base excess values over a univariate interval approach, Two senior inten-
sive care clinicians were asked to independently classify acid-base observations coming
from their ICU as being normal or abnormal, Wulkan demonstrated that using a cut-
off value of 7.8 for the squared Mahalanobis distance (> 7.8 is abnormal and <= 7.8 is
normal) resulted in a better agreement with the judgement of the clinicians than the
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application of standard univariate reference intervals. A prerequisite, however, for a
valid use of multivariate reference models is that there is no functional dependency
between the variables included in the model. This prerequisite does not hold for a tri-
variate pH, PaCO, and BE reference model, since BE is calculated from pH and
PaCO, (with a fixed value for haemoglobin) [2-4]. In Chapter 2, the relationship be-
tween pH, PaCO, and BE was demonstrated to be almost linear. Moreover, in the
study of Wulkan the degree of agreement of the multivariate model with the clini-
cians’ judgement was only determined for a single squared Mahalanobis distance cut-
off point (7.8), using Cohen’s kappa statistic [5, 6]. However, the use of the kappa
statistic does not provide an overall measure of a model’s discriminating power, since
the degree of agreement will be different for other cut-off points. A last drawback of
Wulkan’s study is that the clinicians performed their classifications in a non-clinical
setting outside the ICU.

8.2 Materials and methods

8.2.1 Set-tup and patient daia

The study ook place at the general ICU of the St. Elisabeth hospital (Tilburg, The
Netherlands). At the time of the study the ICU harboured 10 beds of which five were
located on the ward where the study took place. During the study period, in total five
resident clinicians took care of the daily medical needs of the patients on the ward.
The residents were supervised by two senior clinicians.

A microcomputer (66 MHz 80486 Laser Personal Computer) with a colour inkjet
princer (Hewlett Packard Deskjet 600c) was installed at the central desk of the ward to
run the ABCHART program. Typical screen-outpuc of ABCHART consists of a tri-
axial chart ro display acid-base trajectories, pertinent acid-base values and Mahalano-
bis distances, and a graphical erend plot of the Mahalanobis distances. Typical printer-
output consists of the wi-axial chart, pertinent acid-base values and Mahalanobis dis-
tances. A direct link with the deparument of clinical chemistry was established as de-
scribed in Section 5.4.5. During the study, ABCHART automatically received patient
and laboratory data from the department of clinical chemistry. Patienc and laboratory
data included: patient identification number, patient name, initials, date of birth,
sample identificatton number, arterial pH, PaCO,, BE, HCO;], Pa0O,, and oxygen
saturation, Arterial acid-base measurements were performed in duplicate on a ABL
520 (Radiometer) and a AVL OMNI 6 (Merck} at the department of clinical chemis-
try. The mean values were reported to the JCU, The tri-axial chart and the multivari-
ate reference model were based on the EL/be data set and constructed according to the
methods described in Chapters 2, 3, and 4.
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8.2.2 Study design

Three data acquisition periods (I, II, and II1) were held. The total study period com-

prised 11 months (October 1996 to August 1997) During period 1 (or baseline),

ABCHART was connected to the deparement of clinical chemisery, but screen-output

and printer-output was switched off. During period 11, output to screen and printer

was enabled. Residents were able to view the plots of acid-base wajectories of ICU pa-

tients in the cri-axial chart and to inspect the calculated Mahalanobis distances. For

each incoming arterial acid-base report, ABCHART automatically generated printer-

output. Nuising staff was instructed to attach the printer-output to the original acid-

base report so that the tri-axial chart and Mahalanobis distances were available to the

residents when visiting their patients. During period III, output to screen and printer

was suppressed again.

During all three periods the following parameters were measured to demonstrate a

possible effect of the introduction of the ABCHART computer program:

¢ the number of arterial acid-base analyses per patient,

® the time between consecutive analyses,

e the distance in the tri-axial chart between consecutive analyses,

e the percentage of arterial acid-base analyses with the patient being on artificial res-
piration,

Residents were asked to classify acid-base observations during period 1I into one of 17

categories: four primary acid-acid base disturbances with three degrees of compensa-

tion (no compensation, partly compensated and fully compensated), four combined

primary acid-base disorders, and normal. Classifications were to be made on the

printer-output of ABCHART.

To obtain a ‘silver’ standard data set, the two senior clinicians were asked to also clas-

sify the arterial acid-base observations of period I, using the same classification cate-

gories as used by the residents, For this purpose, a special computer program was buile

that allowed each senior clinician to independently classify arterial acid-base observa-

tions on the ward. The database of personal classifications of each senior clinician was

protected with a password.

8.2.3 Data analysis

Possible changes between the three periods with regard to the parameters described in
the preceding section were tested with a non-parametric Kruskal-Wallis (K-W) test or
ay-test, An 0, of 0,05 was used in all tests,

Acid-base classification agreements were assessed using Cohen’s kappa {5, 6]. Given a
data set of “true’ acid-base classifications, Cohen’s kappa is the proportion of agreeing
classifications, taking into account the fact that agreement can also occur by chance,
Kappa is zero when the agreement obtained can be explained by chance only and
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unity when there is complete agreement. In general, kappa values above 0.75 are con-
sidered to represent excellent agreement, while kappa values of 0.40 and below repre-
sent poor agreement [7, 8]. The data set with ‘true’ classifications comprised all arte-
rial acid-base observations classified identically by both senior clinicians.

To compare the discriminating power of the multivariate reference model with the
univariate reference model, Receiver-Operator-Characteristics (ROC) curves were
used [9, 10]. Given a data set of acid-base observations with their Mahalanobis dis-
tances and a ‘true’ normal/abnormal classification, a ROC curve may be obtained by
plotting the pairs of sensitivity (y) and
L-specificity (x) as they appear when using the
Mahalanobis distance of each observation as a
cut-off point to classify the entire data set. The
resulting area under the ROC curve (AUC) ex-
presses the degree of overall discriminating
power without the need to select one specific
Mahalanobis distance as a cut-off point. An
AUC of 0.5 means zero discriminating power,
while an AUC of 1 indicates optimal discrimi-
nating power,

The Mahalanobis distance can straightforwardly
be applied as a classifier, The multiple univariate
a.P proach, however, .does fot Prowde such a clas- index of abrormality. The vectors 1 and 2
sifier based on a single variable. Therefore, a vepresent two examples of acid-base obser-
univariate analog of the Mahalanobis-distance yurion vectors in the tri-axial acid-base
was developed, as shown in Figure 8-1. The chart. The hexagon represents the standard
data set with the ‘truc’ normal/abnormal classifi- #ormal reference region (see Chapter 3).

. ial aci The index is calcalated as ‘all’. Thus, ob-
cations was constructed from the arterial acid- . X ) .
seroations outside the normal region will

base observations classified identically (normal , . larger tha 1 (vector 2), while
or abnormal) by both senior clinicians. AUCs  sbservations within the region will have
were calculated accofding to the method of wvalues smaller thas 1 (vector 1). Values will

Hanley and McNeil [10]. be larger for a!):ceru:zﬁam located fusther
away from the origin (o).

Figure 8-1. Calenlation of the univariate

8.3 Results

8.3.1 Effect of the introduction of ABCHART

Table 8-1 gives a summary for the three data acquisition perieds. The ABCHART
program received a total of 570, 816, and 453 valid arterial acid-base observations
during period I, II, and 111, respectively. There are no statistically significant differ-
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Table 8—1. Summary of dara acquisition peviods,

period | period 11 period II1
Acquisition period 14/10/96 - 14/01/97 - 5/6/97
31/12/96 25/5/97 20/8/97
Number of male patients 67 (67.2 %) 67 (67.2 %) 52 (51.9 %)
Total number of ABGs 570 816 453
Age mean 56 62 56
median 60 08 61

ences between the three periods regarding gender (p-value of %’ test statistic = 0.155)
and age of patients (p-value of K-W test statistic =0.235).

Table 8-2 gives the mean and median values for the four parameters defined in Sec-
tion 8.2.2 during periods I, 11, and II1. There are no statistically significant differences
in the number of arterial blood gas analyses per patient (p-value of K-W test statistic
=0.172), hours between consecutive analyses (p-value of K-W test statistic =0.689),
nor in the distance in the tri-axial chart between consecutive analyses (p-value of K-W
test statistic =0.185). A statistically significant difference between the three periods
was found for the percentage of acid-base analyses with the patient being on artificial
respiration {p-value of %’ test statistic = 0.001). However, this difference is predomi-
nantly caused by a deviating value during period Ili, indicating that alse for this pa-
rameter there is no effece of the introduction of the computer program.

Table 8-2. Effect of the intreduction ABCHARYT on arterial acid-base paranierers

period [ period Il period 11

Number of acid-base analyses mean 8.51 12.18 8.71
per patient. median 5 7 4
Hours between consecutive acid-  mean 13.5 13.2 16.1
base analyses. median 9 9 8.5
Distance in tri-axial chart be- mean 2,68 2.67 2.78
tween consecutive analyses, median 1.92 2.18 2.05
Percentage of analyses with pa- 84.5 % 85.0 % 70.1 %

tient on artificial respiration.

8.3.2 Acid-base classification a greements

During period 11, in total 798 arterial acid-base observations were classified by both
senior clinicians. To be able to compare these classifications with the classifications of
the vector method and the classifications of the Astrup and Siggaard-Andersen
method, the initial 17 categories were regrouped into the 13 categories of Table 1-2.
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Table 8-3. Classification matrices of the vector method and the Astrup and Sigeaard-Andersen method versus the joint judgement of the senior clini-
cians. Columns represens the classifications of the clinicians, while rows represent the classifications of both methods. In a single column the numbers on
the right in bold represent the Astrup and Siggaard-Andersen method, while the non-boid values on rhe left represent the vector method.

Class 1 2 3 4 5 6 7 & 9 10 11 12 13 Total
res. part, combil  part. met. resp. resp. part. combi2 part. met. resp. normal
acl. comp. comp. alka alka. +  alka. comp. comp.  acl. aci. +
res. met, met. res. met. met,
aci. alka. alka alka. aci. acl.
1 2 2 L 03
2 2 15 1
3 6 4 3 3
4 11 2 1
5 0 5 34 35
6 43
7
8 | 1
9
10
11
123
14 1 5 2 4 8 37 57
Toal 20°20 2 2 41 4 2 25 10 10 43 43 4 4 8 8 G 66 356 536 205 205 551 3531

Res, = respiratory, met. = metabolic, acl, = acidosis, alka. = alkalesis, comp, = compensated, part. = partly.

Combil and combi2 represent sitwations in which no clear single classification can be given withour additional clinical information or infermazion about the (medical) his-
5 tory of the patient, In these situations, three acid-base classification categories are in theory possible. See also Table 1-2.

ot
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Using these 13 categories, 531 of the 798 observations were given the same classifica-
tion by both senior clinicians. These 531 observations were then classified using both
the vector method and the Astrup and Siggaard-Andersen method. In both classifica-
tion schemes, the standard univariate reference intervals were used to determine acid-
base abnormality. The resulting classification matrices are given in Table 8-3.
Cohen’s kappa for the Astrup and Siggaard-Andersen method versus the clinicians’
diagnoses was shown to be 0.81 with a standard error (SE) of 0.019, while Cohen’s
kappa for the vector method was 0.74 with an SE of 0.21. Both classification models
show therefore good to excellent agreement with the joint judgement of the senior cli-
nicians. The Astrup and Siggaard-Andersen method, however, seems to perform better
than the vector method, even though observations are found in category 14 {unclassi-
fiable) of the Astrup and Siggaard-Andersen method which is — per definition — not
the case in the vector method.

Using the same Ssilver’ standard of 531 arterial acid-base observations, we were also
able to assess the agreement of the senior clinicians’ judgement with the judgement of
the residents. From the 531 acid-base observations, 431 were also classified by the
residents. Cohen’s kappa for these 431 cases was shown to be 0.32 with an SE of
0.033 indicating a rather poor agreement.

8.3.3 Comparison of refeence models

Of the 798 acid-base observations classified by both senior clinicians, 727 were given
the same classification {(normal or abnormal). Using these 727 observations as the ‘sil-
ver’ standard, the AUC for the multivariate reference model and for the multiple uni-
variate reference model were both 0.994, with an SE of 0.004. Hence, both models
perform equally well in separating normal from abnormal arterial acid-base observa-
tions and a superiority of the multivariate model over the multiple univariate model
could not be confirmed.

The optimum cut-off point for the Mahalanobis distance (7.e. the point where the to-
tal accuracy is the greatest) was shown to be 1.01. Using this cuc-off value for the Ma-
halanobis distance yielded a sensitivity of 0.964 and a specificity of 0.961 for this par-
ticular ‘silver’ standard data set. The optimum cut-off point for the univariate index of
abnormality was shown to be 1.24 with an associated sensitivity of 0.977 and speci-
ficity of 0.941. This value of 1.24 indicates that the senior clinicians applied a slightly
broader definition of normality than the one defined by the standard univariate nor-
mal reference intervals for the threc arterial acid-base parameters pH, PaCQO,, and BE.

8.4 Discussion

One of the goals of this study was to investigate whether the introduction of the com-
puter program ABCHART presented in Chapter 5 would have any influence on some
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aspects of arterial blood gas analysis on an ICU. We did not find any significant influ-
ence of the computer program on the parameters investigated. In an evaluation with
the residents during the study, it was indicated that the residents did look at the out-
put of the computer program, but that actual clinical decisions were taken on the
original acid-base data. The new acid-base chart was found to be interesting but its tri-
axial configuration was still confusing for most of them. Furthermore, although the
concepe of the Mahalanobis distance was reasonably well understood by all residents,
they never actually used ic in their decision making process. The fact that we could
not measure any sighificant difference in the parameters between the data acquisition
periods does not mean, however, that the Mahalanobis distance and the wi-axial acid-
base chart do not have any clinical value. First, this is only one study in one particular
ICU and (larger) investigations should be conducted in other ICUs. Second, arterial
blood gas analysis has become a routine operation on an ICU. Analyses are regularly
performed in the mornings, evenings, and, depending on the status of the padent, at
fixed time points during the day. It may be very hard to change that pattern of request
behaviour with the introduction of a totally new and unfamiliar arterial acid-base
graph and reference model.

Another goal of the study was to assess the performance of two acid-base classification
methods; the vector method of Chapter 3 and the Astrup and Siggaard-Andersen
method of Chapter 1. Use of computerised arterial acid-base data classification, espe-
cially in an intensive care setting, may be very beneficial [1, 11-14]). We confirmed
this finding for this particular ICU, as we demonstrated that the degree of agreement
between the senior clinicians’ judgement and thac of the residents was only poor.

Both the vector method and the Astrup and Siggaard-Andersen method performed
well in classifying pH, PaCO, and BE values as demonstrated with relatively large
kappa values. However, the Astrup and Siggaard-Andersen method appeared better
than the vector method. A regular use of a computerised Astrup and Siggaard-
Andersen classification scheme may well enhance the performance of the residents
with respect to the classification of arterial acid-base measurements. The performance
of the Astrup and Siggaard-Andersen method may be increased by the development of
specific classification rules for the category ‘unclassifiable’. The performance may in-
crease even more if a slightly larger normal region is applied than the one defined by
the standard normal univariate reference intervals for pH, PaCO, and BE.

Our last goal was to demonstrate a possible superiority of the multivariate reference
model over the multiple univariate approach with regard 1o the disciimination be-
tween normal and abnormal acid-base observations. With the data from this ICU, we
could not demonstrate such superiority but with other patient populations this may
be different. For this particular ICU, the Mahalanobis distance closely resembles the
univariate index of abnormality, since the centre of the multivariate reference region is
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located near the origin of the tri-axial chart (see Table 4-1). Moreover, there is only a
weak correlation between the two principal components in the reference data set. The
location and shape of a patient-based multivariate acid-base reference region is very
much dependent on the nature of an ICU, the kind of patients on which the reference
region is based, and the operational standards on that particular ICU. A multivariate
acid-base reference model for a totally different ICU (for instance the model for the
neonatal ICU of Chaprer 4) may indeed show larger differences between the Mahala-
nobis distance values and the values for the univariate index of abnormality. It then
remains to be investigated whether these differences are in favour of the Mahalanobis
distance. When such investigations are conducted it may be worthwhile to evaluate
the models not only against ‘normal’/*abnormal’ classifications bur also against inter-
pretations like ‘acid-base status is acceptable’/‘not acceptable’. Au interpretation of the
acid-base values in such a way more or less incorporates the nature of a particular ICU
and the operational standards on that ICU. A difference between the multivariate and
the univariate reference model may in this case indeed be in favour of the multivariate
model, Thus, based on the results of dhis first clinical evaluation of the Mahalanobis
distance its is concluded that further investigations need to be performed. Moreover,
although for the evaluation of acid-base values on this ICU the univariate index is as
uscful as the Mahalanobis distance, the Mahalanobis distance is still to be preferred
since it ensures that, if the model is to be extended with other variables, newly intro-
duced cotrelations between variables are accounted for.

In conclusion, the value of the Mahalanobis distance needs to be further assessed with
other patient populations and treatment regimens using different reference models,
The most comprehensive and appropriate way to do so is to compare the classification
performance of the Mahalanobis distance with that of the univariate index of abnor-
mality, using ROC analysis as described in this chapter. With regard to the classifica-
tion of arterial acid-base disorders, the Astrup and Siggaard-Andersen classification
method was to be preferred over the vector method for this particular ICU. Moreover,
for this ICU, acid-base abnormality may be assessed both with the Mahalanobis dis-
tance and the univariate index, using the optimum cut-off values of 1.01 and 1.24,
respectively. Classification rules need to be generated for the ‘unclassifiable’ regions in
the Astrup and Siggaard-Andersen classification method.
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CHAVTER 9

9.1 Summary

This thesis deals with the evaluation and classification of arterial acid-base measure-
ments in an intensive care unit {ICU) using chemometric techniques. In Chapter 1,
some fundamental principles underlying human acid-base physiology are discussed
and the present ways of evaluating arterial acid-base values in an intensive care unit are
described. There are two distinet ‘schools’ of arterial acid-base analysis. One uses arte-
rial pH, PaCO, and the bicarbonate ion concentration (al HCO,]), while the other
school advocates the use of arterial pH, PaCO, and base excess (BE). A strict adher-
ence to the classification scheme for arterial pH, PaCO, and BE as proposed by Astrup
and Siggaard-Andersen leads to a category ‘unclassifiable’. Moreover, fundamental
problems exist with respect to the use of standard 95% reference intervals when evalu-
ating acid-base normality. First, in both ‘schools’” there is an (almost) linear relation-
ship between the three basic acid-base variables used. This means that one of the three
95% reference intervals is redundant. Second, from 2 statistical point of view the si-
multaneous use of multiple 95% reference intervals may lead to erroncous conclu-
sions. This thesis presents a method for deriving valid multivariate acid-base reference
models for both ‘schools” of acid-base interpretation, to be used in an intensive care
setting. Furthermore, it proposes a method for the classification of pH, PaCO, and
BE values which has no ‘unclassifiable’ categories. Finally, this thesis presents the re-
sults of a first clinical evaluation of the proposed acid-base reference model and classi-
fication system.

The essence of the reference model is that a multivariate reference region is derived
from a large distribution of arterial acid-base data (pH, PaCO, and al HCO; | or pH,
PaCO, and BE) coming from ICU patients themselves. The first step in the process is
to remove the redundancy that is present in such an acid-base data distribution. In
Chapter 2, the use of a statistical technique called principal component analysis (PCA}
is described to perform such a data reduction. It presents the results of PCA transfor-
mations of six acid-base data distributions coming from four different intensive care
units. Results show that for each PCA transformed acid-base distribution moie than
99% of the variance is concentrated in the first two principal component axes. PCA
may therefore be a valuable tool for the validation of arterial acid-base measurements.
Given a PCA wansformed acid-base distribution, a new combination of acid-base
measurements may be checked for consistency, by calculating the value of the third
principal component. This value must be close to the observed mean of the third
principal component in the reference distribution, for the ebservation to be valid.
Based on the PCA results of Chapter 2, Chaprer 3 proposes a new graphical represen-
tation for the combination arterial pH, PaCO, and al HCO;] and for the combina-
tion pH, PaCO, and BE. Since the plane spanned by the first two principal compo-
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nent axes after a PCA transformation represents the major part of the variance in an
acid-base data distribution, it is sufficient to plot new acid-base observations in this
principal component subspace. In order to have a standard appearance, a rotation in
the principal component subspace is applied in such a way that the projection of the
pH-axis is always displayed horizontally with values increasing from left w right.
Furthermore, this chapter proposes a vector classification method, based on the prin-
cipal component subspace, as a solution to the problem of the category ‘unclassifiable’
in the Astrup and Siggaard-Andersen classification scheme presented in Chapter 1.
The essence of this new classification method is that in the principal component sub-
space vectors may be defined, representing the classification categories of the Astrup
and Siggaard-Andersen scheme. Twelve such specific acid-base disorder vectors are de-
rived. A classification can be made based on the angle of a patient vector with each of
the ewelve classification vectors. The disorder vector yielding the smaller angle deter-
mines the classification of the patient vector.

Chapter 4 describes the techniques to define patient-based multivariate reference re-
gions in a principal component subspace. The assumption underlying the proposed
technique is that a patient-based multivariate distribution of rotated principal compo-
nent values is composed of a core of Gaussian distributed normal observations with
contaminating abnormal ones located in the outer regions of the diseribution, A
trimming procedure is described to determine this core of Gaussian distribuced obser-
vations. Having found this core of observations, multivariate reference regions may be
defined using its multivariate mean and corrected variance-covariance matrix. Typi-
cally, resulting multivariate reference regions appear as ellipses in the proposed chart
of Chapter 3. Multivariate abnormality of individual observations may also be quan-
titatively expressed by calculating the Mahalanobis distance of the observation from
the mean of the distribution. Results of the trimming procedure for each of the six
PCA transformed distributions are presented. Shape and location of the multivariate
reference regions are largely dependent on the nature of an ICU.

In Chapter 5, two computer programs are described. The firse program, called
ABTRANS, can be used to derive muldivariate acid-base reference regions and acid-
base charts as described in the Chapters 2, 3, and 4. The output of this computer pro-
gram is stored in specific initialisation files to be read by the second computer pro-
gram, called ABCHART. This progtam plots acid-base data observations in the acid-
base chart, calculates Mahalanobis distances, displays them in a trend plot, and classi-
fies acid-base observations according to both the vector method and the Astrup and
Siggaard-Andersen method. The ABCHART program can be linked to the informa-
tion delivery system of a clinical chemistry department,

The practicability of the acid-base chart presented in Chapter 3 for the quantitative
and qualitative monitoring of arterial pH, PaCQO, and a[HCO;] in an intensive care
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environment is demonstrated in Chaprer 6. Acid-base trajectories of three patients
coming from the general adult ICU of the St. Elisabeth hospital (Tilburg) are dis-
played in the proposed chart and their information content is described, Furthermore,
the tri-axial coordinate paper proposed by Hastings and Steinhaus in 1931 is pre-
sented in this chapter to illustrate its striking resemblance with the proposed chart for
arterial pH, PaCO, and a[ HCO, ] for the ICU of the St. Elisabeth hospital.

Chapter 7 shows that the largest Mahalanobis distance as calculated from pH, PaCQ,
and BE in the first 24 hours afrer ICU admission is a good predictor of hospital mot-
tality. The performance of the hospital mortality prediction models APACHE I,
SAPS II, MPM, and MPM,, in predicting the hospital mortality of patients coming
from the general ICU of the ‘Onze Lieve Vrouwe Gasthuis’ hospital (Amsterdam) is
questionable. Although these models display sufficient discriminating power, calibra-
tion Is only poor. Using multivatiate logistic regression and cross-validation tech-
niques, four different models are developed for predicting hospital mortality of ICU
patients coming from the OLVG hospital. Three models are based on the largest ab-
solute value determined within 24 hours after ICU admission for the deviation from
the mean of a single acid-base variable (pH, PaCO, or BE). The fourth model is based
on the largest Mahalanobis distance as calculated within the first 24 howrs of ICU
admission using the OLVGhe model of Chapter 4. Results show that the mortality
prediction model based on the Mahalanobis distance is to be preferred. This model
shows good discriminating power as well as good calibration. The model based on BE
shows better discriminating power but calibration is poor.

Chapter 8 presents the results of a clinical evaluation of the ELibe (see Chapter 4)
multivariate acid-base reference model and tri-axial acid-base chare as conducted on
the general ICU of the St. Elisabeth hospital (Tilburg). There are no differences be-
tween a period of model and chart use and a preceding baseline period for the fol-
lowing parameters: 1) the number of arterial acid-base analyses per patient, 2) the time
between consecutive analyses, 3) the distance in the eri-axial chart between consecutive
analyses, and 4) the percentage of arterial acid-base analyses with the patient being on
artificial respiration. Comparing acid-base disturbance classifications of the vector
method with the classifications of a ‘silver” standard data set (/e the joint judgement
of two senior clinicians) shows good agreement. However, the method of Astrup and
Siggaard-Andersen shows a better agreement. There is a low agreement between the
classifications of the ‘silver’ standard data set and the acid-base classifications given by
the residents working on the ICU at the time of the study. Finally, the arca under the
Receiver-Operator-Characteristics (ROC) curve is equal for both reference models
when this particular ‘silver’ standard (categorised into ‘normal’/‘abnormal’) is used.
This indicates that there is no difference between the models regarding the ability to
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separate abnormal from normal arterial acid-base observations in this study population
for this ‘silver” standard.

9.2 General conclusions and future research

Although the study described in Chapter 7 indicates that the Mahalanobis distance
may be preferred over the classical univariate approach when evaluating arterial acid-
base data for the purpose of predicting hospital mortality, a superiority of the mulu-
vartate reference model in a clinical setting could not be demonstrated. This does not
imply, however, that the concept and approach described in this thesis for generating
and using multivariace reference regions for arterial acid-base variables in an intensive
care setting is wrong. One important reason why we failed to demonstrate a superior-
ity of the multivariate model over the univariate one may be the fact that the outcome
of both models did not differ very much for the ICU of the St. Elisabeth hospital.
Differences between both types of reference models could well be found for other
ICUs since the nature of an ICU determines for a lfarge part the shape and location of
a multivariate reference region.

Further research may develop in four directions. First, multivariate reference regions
for acid-base data may be compared with the univariate approach in other ICUs. Sec-
ond, multivariate acid-base reference regions may be developed for specific kinds of
ICU patients. The multivariate reference distributions used throughout this thesis are
all based on acid-base data coming from randomly selected patients, Multivariate ref-
erence regions may, for example, be made specifically for [CU patients with chronic
obstructive pulmonary disease (COPD) or for patients with renal problems. Such ref-
erence regions can then no longer be used as general ‘normal’ reference regions but
they should rather be used as regions indicating what the typical values are for this
kind of patient. Third, the multivariate acid-base reference model may be extended
with other relevant clinical chemistry variables like Pa0,, haemoglobin, lactate, etc.. It
is recommended that the approach described in this thesis is followed, /.¢. building
multivariate reference regions in appropriate principal component subspaces to avoid
the problem of data redundancy. Finally, the hospital mortality prediction model of
Chapter 7 based on the acid-base Mahalanobis distance may be further developed. In
this prediction model, the largest Mahalanobis distance in the first 24 hours of ICU
admission is used as one of the predictor variables. One could, for instance, include
the aspects of time and recovery into the model by taking the area under the curve of
all acid-base Mahalanobis distances within the first 24 hours of admission. Also, other
variables like specific haemodynamic variables known to be good predictors of hospi-
tal mortality may be added to the reference model, It is interesting to note that for
these models the Mahalanobis distance is particularly attractive, Multiple variables
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may be included into a multivariate reference model, while the multiple logistic re-
gression model rematns based on one Mahalanobis distance.

Regarding the classification of arterial acid-base data, it seems to be worthwhile to
further develop the Astrup and Siggaard-Andersen classification method by defining
classification rules for the ‘unclassifiable’ regions. The rather low agreement of the
residents’ acid-base classification with the joint judgement of senior ICU clinicians as
demonstrated in Chapter 8, clearly indicates the benefit that a computerised arterial
acid-base classification system would have for this particular ICU. Based on the results
of Chapter 8, the best results may be achieved using the tri-axial chart with the Astrup
and Siggaard-Andersen classification areas drawn in. The normal area may be indi-
cated in this chart with the optimal reference multivariate acid-base reference ellipse as
determined in Chapter 8.

The experience obtained during the clinical evaluations described in this thesis may be
of value when considering setting up similar studies in the future and it is therefore
relevant to discuss this at this point. The primary goal of the research described in this
thesis was to investigate whether a statistical and chemometric analysis of acid-base
measurements of large groups of patients would yield general rules allowing an objec-
tive and reproducible analysis of the acid-base status of an individual patient. Prefera-
bly, this analysis should be equal to or even be better than the analyses of a well-
trained experienced clinician so that it can be of practical use for the lesser experienced
clinician during acute situations at the bedside of a patient. The results of the evalua-
tions described in Chapters 7 and 8 generally confirm this supposition.

The implementation, however, of this theoretical statistical concept into daily clinical
practice proved to be troublesome. Before a clinician is willing to replace existing and
familiar techniques with newer ones originating from less familiar disciplines like
clinical chemistry and medical informatics, he wants to be confident that these new
techniques will not harm the individual patient in any way. This means, particularly
in an experimental design, that the new model can only be tested in situations in
which the results one wants to obtain, are already known and judged positively.
Moreover, most clinicians feel that the alternative technique, i.e the current method
of interpreting acid-base measurements, performs quite adequately. The observations
regarding the performance of residents, as described in Chapter 8, questions this be-
lief.

The results of the research described in this thesis show that chemometric and statisti-
cal methods may indeed attribute useful information to basic clinical chemistry pa-
rameters. Whether this information will be used in the future depends, for a large
patt, on the success of convincing the clinician beforchand of the gain in quality that
can be obtained using the presented methods and pertinent new parameters.
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10.1 Samenvatting

Dit proefschrift heeft als onderwerp de evaluatie en classificatie van arteriéle zuur-base
metingen op een afdeling van intensieve zorg (Intensive Care Unit, ICU) met behulp
van chemometrische technieken, In Hoofdstuk 1 wordt een aantal basisprincipes be-
handeld van de humane zuur-base fysiologie en uiteengezer hoe op dit moment zuur-
base metingen worden geévalueerd en geinterpreteerd op een ICU. Er bestaan twee
‘scholen’ van zuur-base analyse en interpretatie. Volgens de ene ‘school’ vormen de
arteriéle zuurgraad pH, de arteriéle zuurstofspanning PaCQO, en de arteriéle bicarbo-
naat-ion concentratie a[ HCO;] de basis voor een zuur-base interpretatie. De andere
‘school’ propageert het gebruik van arteriéle pI, PaCO, en een afgeleide parameter
genaamd base excess (BE). Een strikte toepassing van de classificatie methode voor de-
ze laatste ‘school’, zoals door Astrup en Siggaard-Andersen ontwikkeld, leidr in princi-
pe tot cen categorie ‘niet classificeerbaar’. Daarnaast stuit het gebruik van standaard
95% referentie intervallen voor de respecticvelijke zuur-base variabelen op funda-
mentele problemen. Voor beide ‘scholen’ geldt ten cerste dat er een (nagenoeg) lineair
verband bestaat tussen de drie gebruikte zuur-base variabelen, Dit betekent dat één
van de drie variabelen overbodig is. Ten tweede kan, vanuit een statistisch oogpunt
gezien, het gelijktijdig gebruik van meer dan één standaard 95% referentie interval
feiden tot foute conclusies. Dit proefschrift beschrijft een methode voor het genereren
van valide multivariate zuur-base referentic modellen welke te gebruiken zijn in cen
intensive care omgeving. Bovendien beschrijft het een methode voor het classificeren
van arterigle pH, PaCO, en BE waarden waarin per definitie de categorie ‘niet classifi-
ceerbaar’ afwezig is. De laatste twee hoofstukken van dit proefschrift beschrijven de
resultaten van een eerste klinische evaluatie van het multivariate referentie model en
de nieuwe classificatie methode.

De essentie van het referentie model is dat een multivariaat referentie gebied worde
afgeleid van cen grote verdeling van arteriéle zuur-base metingen (pH, PaCO, en
a[HCO;] of pH, PaCO, en BE) van intensive care patiénten zelf. De eerste stap in dit
proces is het verwijderen van de redundantie die in dergelijke zuur-base verdelingen
aanwezig is. In Hoofdstuk 2 wordt beschreven hoe met behulp van een principale
component analyse (PCA) deze redundantie kan worden verwijderd. De resultaten
van PCA transformaties op zes verschillende zuur-base verdelingen van vier verschil-
fende intensive care afdelingen worden gepresenteerd. Deze resultaten laten zien dat
voor clke PCA getransformeerde zuur-base verdeling meer dan 99% van de totale oor-
spronkelijke variantie beschreven wordt door de eerste twee principale component as-
sen. PCA zou hiermee een waardevolle techniek kunnen zijn bij het valideren van arte-
riéle zuur-base metingen. Combinaties van zuur-base metingen zouden, gegeven cen
PCA getransformeerde verdeling, gecontroleerd kunnen worden op interne consisten-
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tie door de berekening van de derde principale component. Deze waarde moet dicht
genoeg bij het waargenomen gemiddelde van de derde principale component van de
referentie verdeling liggen om de combinatie als valide te kunnen beschouwen,
Gebaseerd op de PCA resultaten van Hoofdstuk 2 beschrijft Hoofdstuk 3 een nieuwe
grafische representatie voor de combinatie pH, PaCQ, en al HCO,] of de combinatie
pH, PaCO, en BE. Aangezien het vlak beschreven door de eerste twee principale
component assen na PCA nagenoeg alle variantic in de initiéle data set verklaart, is het
mogelijk zuur-base waarnemingen in dit vlak te presenteren zonder verlies van infor-
matie. Om een standaard configuratie van de grafiek te verkrijgen wordt een zodanige
rotatie op het vlak toegepast dat de pH-as alijd horizontaal staat met oplopende
waarden van links naar rechts. In dit hoofdstuk wordt bovendien een vector classifica-
tie methode gepresenteerd, gebaseerd op het geroteerde principale component vlak, als
oplossing voor het probleem van de ‘niet classificeerbare’ categoricén in de methode
van Astrup en Siggaard-Andersen zoals beschreven in Hoofdstuk 1. De essentie van
deze nieuwe classificatie methode is dat in het geroteerde principale component vlak
vectoren kunnen worden gedefinieerd welke overeenkomen met de classificatie catego-
rieén in de methode van Astrup en Siggaard-Andersen. Er bestaan derhalve twaalf van
zulke classificatic vectoren. Een classificatic is gebaseerd op de hoek die de patignt-
vector maakt met elk van de ewaalf classificatie vectoren. De classificatie vector met de
kleinste hock bepaalt de uiteindelijke classificatie categorie van de patiént-vector,
Hoofstuk 4 beschrijft de technicken voor het afleiden van patiént-gebaseerde multivari-
ate referentic gebieden in het geroteerde principale component vlak. De assumptie bij
de voorgestelde methodiek is dat de multivariate verdeling is opgebouwd uit een kern
van Gauss-verdeelde normale waarnemingen met abnormale waarnemingen aan de
buitenkanten van de verdeling. Een ‘trim’ procedure worde geschreven waarmee deze
Gauss-verdeelde kern van waarnemingen kan worden bepaald. Multivariate referentie
gebieden kunnen vervolgens worden gedefinicerd met het multivariate gemiddelde en
de gecorrigeerde variantie-covariantie matrix van de Gauss-verdeelde kern. Deze refe-
rentie gebieden hebben de vorm van een ellips wanneer ze in de grafiek van Hoofd-
stuk 3 worden afgebeeld. De multivariate abnormaliteit voor individuele observaties
kan ook kwantitatief worden uitgedrukt middels het berekenen van de Mahalanobis
afstand van de observatie tot het gemiddelde van de Gauss-verdeelde kern. De resul-
taten van deze procedure voor de zes PCA getransformeerde verdelingen worden ge-
presenteerd. De vorm en de locatie van de multivariate referentie gebieden zijn met
name athankelijk van de patiénten populatie op een ICU,

In Hoofdstuk 5 worden twee computer programma’s beschreven. Het cerste program-
ma (ABTRANS) kan gebruikt worden voor het bepalen van multivariate zuur-base
referentie gebieden en de constructie van de nieuwe grafische representatie zoals be-
schreven in de Hoofdstukken 2, 3 en 4. De resultaten van dit programma kunnen
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worden bewaard in speciale initialisatic bestanden die vervolgens kunnen worden uit-
gelezen met het eweede computer programma (ABCHART). Dit laatste programma
plot zuur-base observaties in de grafische represencatie van Hoofdstuk 3, berekent
Mahalanobis afstanden, toont deze afstanden in een tijd plot en classificeert zuur-base
observaties volgens de vector methode en de methode van Astrup en Siggaard-
Andersen. Het ABCHART programma kan gekoppeld worden aan het informatie
systeem van een klinisch chemische afdeling of laboratorium,

De praktische bruikbaarheid van de tri-axiale zuut-base grafiek uit Hoofdstuk 3 voor
het kalitatief en kwantitatief monitoren van pH, PaCO, en a[HCO;] in een inten-
sive care omgeving wordt beschreven in Hoofdstuk 6. Het zuur-base verloop van drie
patiénten van de volwassenen ICU van het St. Elisabeth ziekenhuis te Tilburg wordt
beschreven en afgebeeld in de wi-axiale grafiek voor deze ICU. In dit hoofdstuk words
bovendien het tri-axiale codrdinaat papier, zoals geintroduceerd door Hastings en
Steinhaus in 1931, beschreven om de sterke gelijkenis te tonen mert de tri-axiale gra-
fiek voor de ICU van het St. Elisabeth ziekenhuis.

Hoofdstuk 7 toont aan dat de grootste Mahalanobis afstand, berekend vit pH, PaCO,
en BE in de eerste 24 uur na ICU opname, een goede voorspeller is van ziekenhuis
mortaliteit. De prestaties van de mortaliteit predictie modellen APACHE II, SAPS 11,
MPM, en MPM,, om de mortaliteit te voorspellen van ICU patiénten van het ‘Onze
Lieve Vrouwe Gasthuis’ te Amsterdam zijn matig. De modellen hebben cen goed on-
derscheidend vermogen maar de calibratie is slecht. Met behulp van logistische regres-
sie en cross-validatie technieken zijn vier nieuwe predictie modellen ontwikkeld en
getest. Drie van de vier modellen zijn gebaseerd op de grootste absolute waarde ge-
meten binnen 24 wur na ICU opname voor een enkele zuur-base variabele (pH,
PaCO, of BE). Het vierde model is gebaseerd op de grootste Mahalanobis afstand in
de cerste 24 uur na ICU opname zoals berekend met het OLVGbhe model van
Hoofdstuk 4. De resultaten tonen aan dar her predictie model gebaseerd op de Maha-
lanobis afstand te prefereren is; zowel het onderscheidend vermogen als de calibratie is
goed. Het predictie model gebaseerd op BE heeft weliswaar een beter onderscheidend
vermogen maar de calibratie is slecht.

Hoofdstuk 8 presenteert de resultaten van een klinische evaluatie van het ELIbe multi-
variate zuur-base referentie model (zie Hoofdstuk 4) en de tri-axiale grafiek, uitge-
voerd op de ICU van het St. Elisabeth ziekenhuis te Tilburg, Er zijn geen verschillen
tussen cen periode van computer met grafick gebruik en cen voorafgaande ‘baseline’
periode voor de volgende parameters: 1) het aantal arteriéle zuur-base observaties per
patient, 2) de tijd tussen twee opeenvolgende arteriéle zuur-base observaties, 3) de af-
stand in de tri-axiale grafiek tussen opeenvolgende arteriéle zuur-base observaties, en
4) het percentage arteriéle zuur-base observaties waarbij de patiént kunstmatig be-
ademd wordt. De zuur-base classificaties gemaakt met de vector methode komen goed
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overeen met de classificaties van een ‘zilveren’ standaard, zijnde de gezamenlijke be-
oordeling van twee ervaren 1CU artsen. Classificaties gemaakt met behulp van de As-
trup en Siggaard-Andersen methode komen echter beter overeen met de ‘zilveren’
standaard. De overeenkomst tussen de classificaties van de ‘zilveren’ standaard en de
classificaties van arts-assistenten is slecht. Tenslotte, de opperviakte onder de Receiver-
Operator-Characteristics (ROC) curve is voor beide referentie modellen even groot
voor deze ‘zilveren’ standaard (gecategoriseerd naar ‘normaal’/‘abnormaal’). Dit bete-
kent dat er geen verschil is tussen beiden modellen wat betreft het onderscheiden van
normale en abnormale zuur-base observaties in deze studie populatie voor deze ‘zilve-
ren’ standaard.

10.2 Algemene conclusies en verder onderzoek

Alhoewel het onderzoek beschreven in Hoofdstuk 7 aangeeft dat de Mahalanobis af-
stand te prefereren is boven de klassicke univariate benadering als het gaat om het
evalueren van zuur-base gegevens ten behoeve van het voorspellen van ziekenhuis
mortaliteit, kon in een klinische evaluatie het voordeel van een multivariate zuune-base
referentie model boven cen univariate benadering niet worden aangetoond. Dit bete-
kent echter niet dat het concept en de aanpak zoals beschreven in dit proefschrift voor
het genereren van multivariate zuur-base referentic gebieden fout is. Een van de be-
langrijkste redenen waarom het niet gelukt is om de meerwaarde van een multivariaat
referentie model aan te tonen is het feir dat er geen groot verschil was tussen de muli-
variate Mahalanobis afstand en de univariate abnormaliteit index voor de ICU van het
St. Elisabeth ziekenhuis (Hoofdstuk 8). Dergelijke verschillen kunnen echter wel op
andere ICU’s aanwezig zijn omdat de aard van een ICU voor cen groot gedeclte de
vorm en locatie van een multivariate patiént-gebaseerde zuur-base referentie gebied
bepaal.

Eventueel verder onderzoek kan in principe in vier richtingen worden voortgezet. Al-
lereerst, het multivariate zuur-base referentie model beschreven in dit proefschrift zou
kunnen worden vergeleken met het multivariate model in andere ICU’s. Een tweede
richting zou kunnen zijn om modellen te bouwen en te evalueren voor speciale groe-
pen ICU patiénten. De multivariate modellen die gebruike zijn in dic proefschrift zijn
gebascerd op referentic populaties die willekeurig zijn samengesteld omdat er geen pa-
tiént selectie criteria zijn toegepast. Een multivariaat zuur-base referentie model zou
kunnen worden afgeleid van de zuur-base metingen van bijvoorbeeld ICU patiénten
met chronische fuchtweg problemen (COPD) of patiénten met nierproblemen, Ui-
teraard kunnen de resulterende referentie gebieden dan niet meer worden gezien als
gebieden die ‘normaliteic’ aangeven maar eerder als gebieden die aangeven wat de typi-
sche zuur-base waarden zijn voor dit soort patiénten. De derde richting zou de uit-
breiding van het multivariate zuur-base referentie model kunnen zijn met andere rele-
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vante klinisch chemische variabelen zoals PaO,, hemoglobine, lactaat, e.d.. De bena-
dering zoals in dit proefschrift is beschreven is hierbij aan te bevelen. Dat wil zeggen,
referentie gebieden definitren op sub-coérdinaat stelsels van principale componenten
zodat rekening wordt gehouden met eventuele redundantie in de oorspronkelijke data
set. Als laatste richting zou men het mortaliteit predictic model zoals beschreven in
Hoofdstuk 7 verder kunnen ontwikkelen. In dit model is de grootst waargenomen
Mabhalanobis afstand binnen 24 uur na ICU opname gebruike als een voorspellende
vatriabele. Men zou het aspect van tijd en herstel in het model kunnen incorporeren
door de oppervlakte onder de curve van alle Mahalanobis afstanden in de eerste 24
uur na ICU opname als voorspellende variabele toe te voegen. Bovendien zouden an-
dere variabelen waarvan bekend is dat ze een goed voorspellend vermogen hebben
kunnen worden toegevoegd. Juist voor dit soort uitbreidingen is het muldivariate refe-
rentic model geschikt. Immers, het aantal variabelen in een multivariaae referentic
model kan variéren maar het mortaliteit predictie model blijft simpel omdat het nog
steeds gebaseerd is op één enkele Mahalanobis afstand.

Wart betreft de classificatie van arteriéle zuur-base variabelen lijkt de verdere ontwik-
keling van de Astrup en Siggaard-Andersen methode door classificatie regels voor de
‘onclassificeerbare’ gebieden te onewikkelen, nuttig. De lage overeenkomst tussen de
zuur-base classificaties van arts-assistenten en de classificaties van twee ervaren 1CU
artsen zoals beschreven in Hoofdstuk 8, demonstreren het potentiéle nut van een
computer programma voor het interpreteren van zuus-base gegevens op deze specifie-
ke ICU. Gebaseerd op de resultaten van Hoofdstuk 8 zouden de beste resultaten voor
deze ICU gehaald kunnen worden door gebruik te maken van de wi-axiale grafiek met
daarin de Astrup en Siggaard-Andersen gebieden. Het ‘normaal’ gebied voor zuur-base
waarnemingen zou hierin kunnen worden gemarkeerd met de optimale multivariate
referentie ellips zoals bepaald in Hoofdstuk 8.

Enkele ervaringen die zijn opgedaan tijdens de praktijkevaluaties zoals beschreven in
dit proefschrift, zijn mogelijk van belang bij de opzet van vergelijkbare studies in de
tockomst en daarom in dit bestek vermeldenswaard. Uitgangspunt voor het in dit
proefschrift beschreven onderzoek was dat door statistische en chemometrische analyse
van combinaties van zuur-base gegevens van grote groepen patiénten, het mogelijk zou
zijn om daaraan wetmatigheden te ontlenen die konden worden gebruikt voor een ge-
objectiveerde en reproduccerbare analyse van de zuur-base toestand van de individuele
patiént, Die analyse moest idealiter van gelijke of hogere kwaliteit zijn dan die van de
ervaren clinicus en in die hoedanigheid een betrouwbare en praktische steun voor de
minder ervaren clinicus in de actuele situatie aan het bed van de patiént. De uitkom-
sten van de evaluaties (Hoofdstuk 7 en 8) bevestigen in grote wekken die vooronder-
stelling.
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De weg van dit theoretisch statistisch concept naar een prakeische toepassing in de
kliniek is echter zeer moeizaam gebleken en eigenlijk ook gebleven. Voor een clinicus
bereid is om vertrouwde werkwijzen te vetlaten en te vervangen door nieuwe die ont-
leend zijn aan wellicht onbekende statistische technicken en bovendien vanuit andere,
voor de clinicus minder vertrouwde vakgebieden als de klinische chemie en de medi-
sche informatica, worden aangereike, zal hij eerst overtuigd moeten zijn dat de indivi-
duele patiént op wie de technicken worden toegepast, daar op geen enkele manier na-
delige effecten van ondervindt. In feite kan men, juist in een experimentele opzet, het
model pas in de klinische praktijk toepassen als de resultaten die men met het onder-
zoek wilt bereiken, al bekend en positief uitgevallen zijn. Daar kome bij dat in de bele-
ving van veel clinici het alternatief, de gevestigde methode voor interpretatie van zuur-
base gegevens, redelijk tot goed verloopt, De observaties met betrekking tot de presta-
ties van arts-assistenten, zoals beschreven in Hoofdstuk 8, plaatsen echter vraagtekens
bij die veronderstelling,

De resultaten van het in dit proefschiift beschieven onderzoek laten zien dat met
chemometrische en statistische analysemethoden wel degelijk waardevolle informatie
toegevoegd kan worden aan basale klinisch chemische onderzoekparameters. Of die
informatie in de tockomst benut gaat worden, zal in hoge mate athangen van de mate
waarin de clinicus op voorhand overtuigd kan worden van de winst in kwaliteic van de
informatie die met de gepresenteerde analysemethoden en daaraan ontleende nieuwe
parameters, te bereiken valt.
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