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A B S T R A C T

Serum protein profiling is a promising approach for classification of cancer versus non-cancer

samples. The objective of our study was to assess the feasibility of mass spectrometry

based protein profiling for the discrimination of colorectal cancer (CRC) patients from

healthy individuals. In a randomized block design, pre-operative serum samples obtained

from 66 colorectal cancer patients and 50 controls were used to generate MALDI-TOF pro-

tein profiles. After pre-processing of the spectra, linear discriminant analysis with double

cross-validation was used to classify protein profiles. A total recognition rate (92.6%),

sensitivity (95.2%) and specificity (90.0%) for the detection of CRC were shown. The area

under the curve of the classifier was 97.3%, and demonstrated the high, significant separa-

tion power of the classifier. Double cross-validation shows that classification can be attrib-

uted to information in the protein profile. Although preliminary, the high sensitivity and

specificity indicate the potential usefulness of serum protein profiles for the detection of

colorectal cancer.

� 2006 Elsevier Ltd. All rights reserved.
1. Introduction

Colorectal cancer (CRC) is among the most common malig-

nancies and remains a leading cause of cancer-related mor-

bidity and mortality. It is well recognized that CRC arises

from a multistep sequence of genetic alterations that result

in the transformation of normal mucosa to a precursor ade-

noma and ultimately to carcinoma. Given the natural history

of CRC, early diagnosis appears to be the most appropriate

tool to reduce disease-related mortality.1,2 Currently, there is

no early diagnostic test with high sensitivity, specificity and

positive predictive value, which can be used as a routine

screening tool. Therefore, there is a need for new biomarkers
er Ltd. All rights reserved
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for colorectal cancer that can improve early diagnosis, moni-

toring of disease progression and therapeutic response and

detect disease recurrence. Furthermore, these markers may

give indications for targets for novel therapeutic strategies.

Proteomic expression profiles generated with mass spec-

trometry have been suggested as potential tools for the early

diagnosis of cancer and other diseases. Different protein pro-

files may be associated with varying responses to therapeu-

tics. It has been postulated that on the basis of the

presence/absence of multiple low-molecular-weight serum

proteins using time-of-flight (TOF) mass spectrometry tech-

nologies, such as SELDI-TOF and MALDI-TOF, biomarkers

can be identified.3–6 Although the data from these studies
.
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Table 1 – Patient characteristics

CRC patients Controls

Inclusion Results

n 66 63 50

Age (mean) 62.6 62.2 49.7

Age (range) (32.6–90.3) (32.6–90.3) (25.9–76.6)

Male/female ratio 34/32 31/32 21/29

Table 2 – Distribution and randomization of serum
samples of colorectal cancer patients with different TNM
stage before and after the MALDI-TOF experiment

Plate 1 Plate 2 Plate 3 Total

Colorectal cancer 22 22 19 63

Controls 17 17 16 50

Total 39 39 35 113

The distribution of stadia across plates was performed randomly

and in approximately equal proportions.

Table 3 – Distribution and randomization of serum
samples of different groups over the three MS target
plates

TNM stage Plate 1 Plate 2 Plate 3

Inclusion I 4 4 3

II 10 10 8

III 4 4 4

IV 4 4 4

0 4 3 3

Total 26 25 22

Exclusion I 0 0 1

II 0 0 1

III 0 0 1

IV 0 0 0

0 4 3 3

Total 4 3 6
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are encouraging, critical notes have been made on both study

design and experimental procedures for proteomic profiling.7–9

In addition, the importance of avoiding confounding biologi-

cal variables, as well as technological factors that may bias

the results, have previously been stressed by several

authors.10,11 Another recurrent topic for debate is the use of

independent validation sets for the classification of diseased

versus healthy individuals. A specific problem in the discov-

ery-based research field of clinical proteomics is overfitting.

Overfitting may occur in the analysis of large datasets when

multivariate models show apparent discrimination that is

actually caused by data over-interpretation, and hence give

rise to results that are not reproducible.9,12,13 The chance of

overfitting however can be reduced by appropriate application

of validatory estimation and assessment, such as through

application of double cross-validation, when properly

implemented.

The objective of this study was to assess the feasibility of

mass spectrometry based protein profiling for the discrimina-

tion of colorectal cancer patients from healthy individuals. In

addition to standardizing technical factors and biological

variations, we performed blinded tests and employed a ran-

domized block design experimentation to minimize impact

of potential confounding factors and to avoid bias. To mini-

mize danger of overfitting, among other reasons, we used a

fairly inflexible classification method based on first-and-sec-

ond-order statistics only. Specifically, Fisher linear discrimi-

nant analysis was employed with double cross-validatory

integrated estimation and validation of error rate on the en-

tire dataset to calculate an unbiased error rate assessment.

2. Patients and methods

2.1. Patients

Serum samples were obtained from a total of 66 colorectal

cancer patients one day before surgery. All patients with stage

IV disease had synchronous metastatic disease confined to

the liver. Colorectal cancer was histologically confirmed on

surgical specimens and preoperatively assessed with abdom-

inal CT scan and carcinoembryonic antigen (CEA) levels. The

extent of tumour spread was assessed by TNM classification

based on histological examination of the resected specimen.

All stages of colorectal cancer were represented in the patient

group. The median age of the patient group was 62.8 years

(range 32.6–90.3) and the male to female ratio was 31/35. Pa-

tients were included from October 2002 till December 2004

in our centre. The control group consisted of 50 healthy vol-

unteers. The median age of the healthy symptom-free control

group was 49.7 years (range 25.9–76.6) and the male to female

ratio was 21/29. The controls were included from October till

December 2004 (Table 1).

2.2. Study design

Having identified plate-to-plate and day-to-day variation as

important potential batch effects, we used a randomized

blocked design.14,15 All the available 116 samples from both

groups (controls and colorectal cancer) were randomly dis-

tributed across three plates in roughly equal proportions
(Table 2). For colorectal cancer, the distribution of stadia

across plates was again in random fashion and in approxi-

mately equal proportions (Table 3). The position on the plates

of samples allocated to each plate was randomized as well.

Each plate was then assigned to a distinct day, which com-

pletes the design. Analysis was carried out on 3 consecutive

days, Tuesday to Thursday, processing a single plate each

day. A duplicate of this randomized blocked study was per-

formed in the following week.

2.3. Serum samples

Informed consent was obtained from all patients and the

Medical Ethical Committee approved the study. All blood

samples were drawn while the patients or healthy controls
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were seated and non-fasting. The samples were collected in a

10 cc Serum Separator Vacutainer Tube and centrifuged

30 min later at 3000 rpm for 10 min. The serum samples were

distributed into 1 ml aliquots and stored at �70 �C until the

experiment.16

2.4. Isolation of peptides

The isolation of peptides from serum was performed using

magnetic beads based hydrophobic interaction chromatog-

raphy (MB-HIC) kit from Bruker, mainly according to the

manufacturers instructions, and adapted for automation

on an 8-channel Hamilton STAR� pipeting robot (Hamilton,

Martinsried, Germany). Magnetic beads with C8-functional-

ity (MB-HIC8) were divided in 5 ll-aliquots in a 96-well

microtiter plate, which was placed on the magnetic beads

separation device (MPC�-auto96, Dynal, Oslo, Norway), with

the magnet down. MB-HIC binding solution (10 ll) and 5 ll

serum sample were added to the beads and carefully mixed

using the mixing feature of the robot. The sample was incu-

bated for 30 s and the magnet was lifted, followed by a 30 s

waiting interval to settle the magnetic beads. The superna-

tant was removed and the magnet was lowered again. The

magnetic beads were washed three times with MB-HIC

washing solution (also provided with the kit) lifting and

lowering the magnet as needed. The peptides were eluted

from the beads using 10 ll 50% acetonitrile and 2 ll of this

eluate was transferred to a fresh 348-well microtiter plate

(Greiner). Most of the remaining eluate (6 ll) was trans-

ferred to an auto sampler vial containing 54 ll water and

stored for later use. Fifteen microliters of a-cyano-4-

hydroxycinnamic acid (0.3 g/l in ethanol:acetone 2:1) was

added to the 1 ll eluate in the 348-well microtiter plate

and mixed carefully. One microlitre of this mixture was

spotted in quadruplicate on a MALDI AnchorChipTM (Bruker

Daltonics, Bremen, Germany).

2.5. Protein profiling

Matrix assisted laser desorption ionisation time-of-flight

(MALDI-TOF) mass spectrometry measurements were per-

formed using an Ultraflex TOF/TOF instrument (Bruker Dal-

tonics, Bremen, Germany) equipped with a SCOUT ion

source, operating in linear mode. Ions formed with a N2

pulse laser beam (337 nm) were accelerated to 25 kV. With

this specific serum preparation peptide/protein peaks in

the m/z range of 960–11,169 Da were measured. An indepen-

dent mass spectrometer operator performed the experi-

ments at 3 consecutive days after cleaning of the

instrument. One week later, the experiment was duplicated

in exactly same order. Hereafter, the entire process of cap-

turing and concentrating serum proteins using C8 magnetic

beads including the generation of readouts of the MALDI-

TOF spectra will be designated as the protein profiling

procedure.

2.6. Data processing

All unprocessed spectra were exported from the Ultraflex in

standard 8-bit binary ASCII format. They consisted of
approximately 45,000 mass-to-charge ratio (m/z) values, cov-

ering a domain of 1160–11,600 Da. To increase robustness,

the average of four spots was used to represent one serum

sample. Subsequently, we lightly smoothed the spectra

using the Whittaker 17 smoother. Due to the quadratic nat-

ure of the TOF-equation, the high-resolution spectra were

binned using a linear scaling at the time scale, resulting

in bin widths of approximately 1 Da at the beginning of

the spectrum and 3 Da at the end at the mass/charge scale.

The resulting spectra generally showed strong baseline ef-

fects. These were removed using an asymmetric least

squares algorithm. To normalize the spectra, we calculated

the median intensity of every spectrum and subtracted it

from the original spectrum. Each of the thus normalized

spectra was then also divided by the interquartile range of

intensity within that spectrum. We consider this more ro-

bust than normalization of the spectra on the average, as

it is less sensitive to the most extreme intensities. Finally,

prior to classification and evaluation of error rate, the loga-

rithm was taken of all intensity measurements (predomi-

nantly to ensure numerical stability of computations).

2.7. Statistical data-analysis

Fully validated classification error rates were estimated

based on a classical Fisher linear discriminant analysis

through complete double cross-validatory joint estimation

and assessment of class predictions, as is further explained

in Appendix 1.18–20 Instead of ordinary leave-one-out cross-

validatory choice of k, we employed double cross-validation.

This was an extension of leave-one-out cross-validation

which combined validatory ‘‘choice of model’’ (the parame-

ter k in this case) with ‘‘predictive assessment’’ (of the same

model, through use of error rate or other suitable summary

statistic). The reason for this additional ‘‘technical compli-

cation’’ was that we did not wish to incur the bias inherent

in the assessment, which would normally result from a

model choice based on ordinary leave-one-out validation

only. In a double cross-validatory evaluation, we removed

each individual in turn from the data (just as in ordinary

leave-one-out cross-validation), after which the

discriminant rule was fully recalibrated and optimised for

prediction on the leftover data (now of size n = 1, where n

is the total initial sample size) and used the same proce-

dure in each case. The choice of the calibration rule (i.e.

choice of k in this case) to classify the left-out observation

was then again based on a leave-one-out cross-validatory

estimation (hence the name ‘‘double-cross’’) within the left-

over set of size n = 1. The resulting classification rule was

then applied to the left-out datum to obtain an unbiased

allocation for this sample. This procedure was then

repeated across all individuals and for each person sepa-

rately, after which we calculated a truly unbiased estimate

of the misclassification rates on the basis of the thus

validated (and calibrated) classifications. In other words,

‘‘double-cross’’ is actually ‘‘leave-one-out cross-validation

within leave-one-out cross-validation’’ and it is precisely be-

cause of this that we can avoid bias in error rate estimation

that an ordinary application of standard leave-one-out

choice would imply.
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3. Results

In the first week, three different randomized target plates

were successfully measured on 3 consecutive days in the

middle of the week. A duplicate experiment was performed

in the second week on the same days. Fig. 1 shows a raw data

spectrum, directly obtained from the MALDI-TOF mass spec-

trometer. Before pre-processing and further analysis a mean

spectrum of each sample was calculated over all four spots

that were measured for each sample. In case all four spots

from one sample showed spectra of poor quality due to a

technical problem, the sample was left out of the analysis.

This was the case for three CRC patients’ samples. The

above-described pre-processing steps resulted in a sequence
Fig. 1 – (a) MALDI-TOF spectrum of a colorectal cancer patient a

magnetic beads. On the Y-axis the relative intensity is shown. Th

in Dalton.
of 4483 normalized m/z values ranging from 1160 to 11,600

Da, for each individual.

3.1. Detection of colorectal cancer

Double cross-validatory analysis and evaluation carried out

on the protein spectra measured in week 1, correctly

classified 45 of the 50 controls as not cancer. Sixty of the 63

cancer samples were correctly classified as malignant, includ-

ing 9 of 10 TNM stage I patients (Table 4). The remaining two

misclassified patients had stage II disease. All patients with

stage III and IV disease were correctly recognised as malig-

nant within the double cross-validatory evaluation. These

validated results thus yielded a total recognition rate of
nd (b) a healthy subject after peptide isolation with C8

e mass to charge ration (m/z) is demonstrated on the X-axis



Table 4 – Double cross-validatory classification of serum
samples

Test results for detection of CRC

Positive Negative Total

Controls 45 5 50

CRC patients 3 60 63

48 65 113

A positive test result assigns subjects to the CRC group and a

negative to the controls. In the horizontal plane the actual histo-

logically confirmed diagnosis is stated.

Fig. 2 – ROC-curve for the double cross-validated two-group

classifier. The true positive recognition rate (sensitivity) is

demonstrated on the y-axis against the false negative

recognition rate (1-specificity) on the x-axis of the classifier.

Fig. 3 – Correlation coefficients of two first principal

components with the class indicator. The correlation

coefficients were calculated from the linear discriminant

weightings. The negative correlation of the first peak is an

indicator for the control group and the positive correlation of

the second peak points out the cases.
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92.6%, a sensitivity of 95.2% and a specificity of 90.0% for the

detection of CRC (Table 5). To analyze the actual discrimina-

tive power of the classifier, we produced an ROC-curve (again

based on the double cross-validatory classification probabili-

ties), visualizing the performance of the two-class classifier

in Fig. 2. The (double c.v.) AUC of the classifier was 97.6.

We repeated the entire double cross-validatory evaluation

executed with the week 1 data using the duplicate measured

spectra from week 2. This procedure was identical to that car-

ried out in week 1 and used the same calibration spectra.

However, prior to classifying each left-out datum in the outer

‘‘shell’’ of the double cross-validatory procedure, we substi-

tuted the week 1 data with the corresponding measured spec-

tra from the same sample in week 2. In this manner, we could

calculate a double cross-validatory error rate, which takes the

effect of replicate measurement of the spectrum (and thus

also recalibration of the equipment) into account. The effect

of classifying the remaining replicate data was that the recog-

nition rate dropped to 88.8%. The sensitivity and specificity

for the detection of CRC for the second week data was

80.6% and 97.1%, respectively (Table 4). The associated AUC

of this repeat double cross-validatory estimation on week 2

was 96.8%.

It is of interest to evaluate bias of the double cross-valida-

tory calculations. Hence, we performed a permutation exer-

cise, which randomly permutes and reassigns the class

labels across subjects and then repeats the entire double

cross-validation procedure. Carrying out this procedure more

than 600 times resulted in a median recognition rate of 50.0%

(95% confidence interval is [36.3, 72.7]). The median AUC was

49.4% with confidence interval of [24.8, 64.2]. As both median

recognition rates and AUC’s equalled 50%, there was no sub-

stantial evidence of bias remaining within the cross-valida-

tory calculation.

Having executed the above-described validatory evalua-

tion, we explored the nature of the classification through a

post hoc analysis. We found that the first two principal com-
Table 5 – Cross-validated classification results for the detection of CRC

Method First week Second week

TRR Sensitivity Specificity AUC TRR Sensitivity Specificity AUC

PCA selection 92.6 95.2 90.0 97.3 88.8 80.6 97.1 96.8

TRR is the total recognition rate; Sens and Spec are sensitivity and specificity, respectively. AUC is the estimated area under the ROC curve.



Fig. 4 – Scatter plot of the first two principle components on

basis of which the classification patient-control group was

made.
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ponents provide most of the between-group separation. Fig. 3

shows a plot of the correlation coefficients, with the class

indicator, which can be calculated from the linear discrimi-

nant weightings20,21 in the region between 1160 and

11,600 Da. The remainder of the plot is not shown, as the

coefficients are effectively zero in that range. As can be seen,

the classification was achieved primarily through a contrast

in peak intensities between the first and second principal

component. This can also be seen from the scatter plot shown

in Fig. 4: low intensities at the first peak for cases separated

cases from controls. Likewise, a small contribution for con-
Fig. 5 – Histogram showing the difference between the normaliz

The X-axis shows the difference between the normalized inten

displayed.
trols at the second peak separated controls from patients.

To illustrate these results further, we simply calculated the

contrast between the two peak intensities directly across all

subjects and constructed a simple one-dimensional summary

of the data, as shown in the histogram displayed in Fig. 5,

showing overlapping histograms of this (ad hoc) contrast for

each group separately. The separation is clearly visible and

quantified the significance of this difference by performing

a two-sample Student t-test on this contrast (t = 14.0,

P < 0.0001).

4. Discussion

Our study supports the hypothesis that serum protein pro-

files can discriminate a normal from a malignant state of or-

gans, in our case of the colon. Here, we show that, based

upon information in MALDI-TOF serum spectra, a classifier

could be constructed for the detection of CRC. This classifier,

calibrated and validated on spectra of week one1 demon-

strated a sensitivity and specificity of 95.2% and 90.0%,

respectively. Thirty-four patients out of thirty-seven with

early stage disease (stage 1 and 2) and all patients with stage

3 or 4 disease were correctly classified as having cancer. For

the misclassified control subjects it was not possible to re-

trieve the current physical state as it concerned anonymous

healthy controls.

Sensitivity and specificity of 80.6% and 97.1%, respectively,

was achieved when the entire double cross-validatory evalu-

ation was repeated for the data of week 2. The latter evalua-

tion, through use of replicate measurements within the

double cross-validation, is likely to provide the more realistic

assessment of true error rates and appears to better represent

possible diagnostic potential as will be discussed further in

this paper.
ed intensities of the two most discriminating ‘‘peaks’’ (bins).

sities of the peaks. On the Y-axis the number of subjects is
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Although previous studies have reported similar high

classification results for various solid tumours, we prefer

evaluation through a thorough study design and double

cross-validation of classification as proposed in this

study.3–6,12,22,23 As a great variety of different discriminating

peaks for the same malignancy have been described3,4,24 cau-

tion with proteomic data has been stressed before.7,8 The dis-

crepancies in discriminating protein profiles, found by

different research groups, lead to serious concerns regarding

biological variations and technological reproducibility issues.

Therefore, we used a standardized and well-documented

sample collection and a thorough study design, matching bio-

logical variables and pre-analytical conditions.16 Still, patient

samples from all stages of CRC were equally distributed over

the different target plates, as was the male/female ratio be-

tween the two groups, excluding these factors as a discrimi-

nator in the detection classifier. Unfortunately, there was

significant difference in age; the control group being younger

than the CRC patients. Ideally, the control group should con-

sist of age-matched symptom-free individuals undergoing a

colonoscopy showing no aberrations. However, due to the

nature of the intervention, ethical legislation and the increas-

ing disease burden with ageing, this is difficult to realize in

clinical practice. Notwithstanding, we performed an analysis

to examine the differences in intensity of most discriminat-

ing peaks based on age, gender and sample age. In the present

study, there was no significant contribution of one of these

factors on the most discriminating peaks of our classification

model (data not shown).

A source of bias may be the presence of batch effects, such

as day-to-day variation or plate-to-plate variation. The pres-

ence of batch effects is unavoidable and – rather than to elim-

inate them from the design – a better approach is to account

for and accommodate these effects, in such a way that they

do not lead to errors of artificially induced group separation.

Consequently, we randomly distributed the available samples

from each group across the batches such that proportions

were equal across batches within group. The so-called ran-

domized block design ensured that the batch effect – if it

materialized – would not induce an artificial between-group

effect.14,15

A crucial point of discussion in the evolving field of clinical

proteomics is validation of classification.9,25 Given the sample

size achievable within the experiment, use of a separate (pos-

sibly set-aside) validation set was precluded. The other prob-

lem is ‘‘predictive optimisation’’. However, as evaluation of

predictive performance of the classifier is our primary focus,

it is crucial that calibration is not carried out on the same data

used for validation, which in turn would require an additional

tuning set. Again, this would greatly increase the burden of

collecting sufficient samples. For these reasons, other studies

often carry out predictive optimisation on the full data in

practice – which results in optimistically biased error rate

evaluations, particularly with high-dimensional data such

as in mass spectrometry proteomics.26 As we have already

suggested, another option is to reduce the available calibra-

tion data prior to optimisation, so as to set aside data, both

for a training and validation set. However, this ‘‘solution’’ is

not as innocent as would appear at first sight, since it typi-

cally reduces the calibration set beyond the point of what is
needed for reasonable calibration. Once more, this is particu-

larly the case in high-dimensional cases such as clinical pro-

teomics, where samples of malignancies are relatively

difficult to obtain. Both problems may be avoided by carrying

out a double-cross-validatory approach, which avoids the

need for separate test and validation sets to yield unbiased er-

ror rate estimates. The double validatory aspect of the proce-

dure results from the fact that the discriminant rule

constructed to classify the left-out data was optimised

through a secondary cross-validatory evaluation within the

first cross-validatory layer (i.e. full cross-validation again on

each ‘‘leftover’’ set after removal of an observation). In this

manner, we were able to integrate predictive optimisation

and predictive unbiased validation in the same procedure,

without loss of data – which is a crucial requirement to get

realistic estimates of error rate with high-dimensional data

while reducing the risk of overfitting (first proposed by

Stone27). Although the principle is sound and understood, this

procedure has until recently not been applied in practice due

to the considerable computational cost and (algebraic) com-

plexity of the method.

Our classifier is based on Fisher linear discrimination,

which has been derived and may be justified based on a vari-

ety of principles of inference, such as maximization of the be-

tween-group separation relative to within-group error in the

two-group case or the likelihood principle for normally dis-

tributed within-group populations. The methodology has

been amply studied and has been established as reliable

and robust form of classification and discriminant analysis.

Furthermore, Fisher discrimination does not require an

assumption of within-group normal dispersion.21,28,29 Hastie

and colleagues contain an up-to-date account of many new

applications that demonstrate the continuing success of the

approach.30,18 Much similar and confirmatory experience

has accumulated in related fields of application,19,31 which

identifies this classification method as most reliable in high-

dimensional analysis. For proteomic mass spectra, principal

components are attractive as it provides a means of non-

parametrically smoothing and pooling information across

peaks.

The controversy about the use of protein profiles as a pat-

tern diagnostic without analysis of the diagnostic biomarkers

remains to be solved for its clinical application. Identification

and functional analysis of these discriminating proteins/

peptides might render new insights on tumour development

and environmental responsiveness, which could eventually

be translated in new diagnostic and prognostic insights for

the clinician. Unfortunately, little success has been booked

so far in assigning reproducible discriminating biomark-

ers.12,25 Though this study showed two most discriminating

mass values of MALDI-TOF based protein profiling analysis

to be low-molecular weight fragments, we have not identified

these potential biomarkers yet.

In the present study we used patterns of proteomic signa-

tures from high dimensional mass spectrometry data to gen-

erate a diagnostic classifier for the detection of CRC. To our

knowledge, this is the first double cross-validatory study in a

randomised block design in this field of research. Although

independent validation would strengthen the observations

and follow-up studies are now underway, we obtained
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maximal reliability in classification in this study while main-

taining protection against overfitting. Due to the relatively

small sample size we have chosen to use our entire dataset

for a within-study validation to avoid optimistic biased (er-

ror) misclassification rates. To assess the performance of

our classifier a further independent validation study will be

necessary. In addition, in future studies the specificity of dis-

criminating protein profiles for colorectal cancer have to be

assessed in comparison with other cancer types. Neverthe-

less, we are currently able to detect CRC accurately on the

basis of differences in actual information in the serum pro-

tein profiles with a rigorously standardized approach and

exclusion of batch effects. Thus, although introduction in a

routine clinical setting may take longer than originally

hoped for, this study is an initial proof for a successful evo-

lution of the potentially great use of discriminating protein

profiles in the detection of CRC.
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Appendix 1

Fisher linear discriminant analysis may be defined as

assigning an observation to the group for which the smallest

within-group distance Dg(x) = (x � lg)R�1(x � lg)T is found for

the corresponding observed feature vector x = (x1, . . .,xp) with

respect to the gth group (g = 1,2 here, for either cases or

controls), where p is the dimensionality of the problem, lg

denotes the population within-group sample mean for the

gth group and R is the (common) within-group dispersion

matrix. We may estimate the population means through the

within-group sample means. When the dimensionality of

the problem is greater than the sample size, as is the case

in this problem, the observed within-group pooled covariance

matrix S will typically not be of full rank and hence special

measures are called for before we can apply the above

paradigm in this context. This can be achieved through an

initial principal components decomposition of the observed

within-group pooled covariance matrix S = QKQT, where Q

and K = diag(k1, . . .,kr) are the matrices of principal component

weightings and variances, respectively (r is the rank of the

pooled covariance matrix). We then re-estimate the within-

group covariance matrix by only retaining the first k

components only: SðkÞ ¼ QðkÞKðkÞQ
T
ðkÞ, which account for most

of the variation in the spectra. The discriminant rule may

now be expressed as assigning an observation to the group

for which we observe the smallest sample estimate
bDgðxÞ ¼ ðx� xgÞS�1

ðkÞ ðx� xgÞT.
In the two-group case, this is also equivalent to least-

squares regression analysis using the Moore–Penrose inverse

of the pooled covariance matrix when k = r (all components

kept, also known as the shortest least squares regression),

or else is equivalent to the so-called shrunken least-squares

regression.20,21 When choosing k < r, the choice may be made

through appeal to a (cross-) validatory evaluation of the per-

formance of the respective possible choices for the parameter

k. The above methodology has been described and compared

to other methods in the recent paper by Mertens,18 which

shows this method to be competitive in the closely related

high-dimensional setting for classification with microarrays.

Much similar and confirmatory experience has accumulated

in related fields of application, which identifies this classifica-

tion method as reliable and stable in high-dimensional anal-

ysis, as has been described by Stone and Jonathan, among

others.19,31
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