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artial Least Squares - Discriminate Analysis (P _S-DA)\
and Principal Component Analysis - Mahalanobis
Distance with Residuals (PCA-MDR) were used to
distinguish thin capped fibroatheromas (TCFAs) from
various types and stages of arterial plague disease using
NIR spectroscopy through blood. An assessment will
0e made of the ability of a new figure of merit (FOM)
pased upon the area under the curve (AUC) of the
Recelver Operating Characteristics (ROC) curve to
orovide guidance for the selection of the best robust
models. The ROC-AUC provides a “relative” measure
of how well the model should perform in the future by
analyzing the population distribution of two types of

model groups. /
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MATERIALS AND METHODS
/

Human tissue specimens (751) were cut from 78 aortic
samples. Each specimen was immersed in whole bovine
blood at 38°C and diffuse reflectance spectra were then
acquired from 400 to 2500nm with a FOSS NIRSystems
Model 6500 spectrometer using a FOSS fiber optic
SmartProbe™ (FOSS NIRSystems, Silver Springs, MD).
After spectral acquisition the tissue samples were
characterized with respect to the total plague area as
a percentage of the lipid pool (LP), fibrotic (FIB), and

calcific (CAL) area content.
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ROC-AUC BACKGROUND
@ O

The ROC curve is frequently used in the medical field
to assess how well a clinical diagnostic test performs,
measuring the trade-off between sensitivity and
specificity for different “criterion values” or thresholds.
Figure 1 displays two normal distributions of the scores
from a PLS — DA model created from diseased tissue
and discriminated against the non-diseased tissue. The
threshold can be adjusted to separate the diseased from
non-diseased tissue (based upon histological results)
creating True Positive (TP) and False Positive (FP) values
for samples predicting with the “With Disease”
population and True Negative (TN) and False Negative
(FN) values for samples predicting with the “Without
Disease” population.
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Figure 1. Two population curves for one set of samples built using
Lipid Pool tissue samples as the “With Disease” case (Sensitivity)

discriminated against the Normal tissue as the “Without Disease”
(Specificity). TN designates the True Negatives region, TP the True
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he ROC curve is generated by sweeping the threshold\
across the full range of the prediction results of the
diagnostic test or model (see Figure 2). By calculating
the area under the curve (AUC) of the ROC plot, an
approximated “measure of probability” Is determined
for each model [see Hanley and McNell in Radiology
143 (1982) 29-36]. The model with the highest ROC-
AUC value will in general have the fewest false positive
and false negative prediction results, regardless of the
final threshold. When the ROC-AUC reaches (1.0)
complete separation between the two groups has been
achieved and as it approaches an area of (0.5) then no
discrimination iIs possible as you are at the line of

chance.
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Figure 2. Plot of the ROC-AUC for PLS-DA model using Lipid Pool
samples for SENSITIVITY and Normal tissue samples for SPECIFICITY

Qalue line) and the line of chance (red line). /

FIGURE OF MERIT
\

/VVe have attempted to established a Figure of Merit
(FOM) that will assess the discrimination power of
multiple models as a function of the ROC-AUC values.
A general ranking of the ROC-AUC values have been
assigned as follows [see JA Swets In Science
240(4857)(1988)1285-1293]:

® Excellent =1.00t00.91
e Good =0.90to0 0.81
e Fair =0.80t00.71
® Poor =0.70to0 0.61
e Failed = 0.60to 0.51

The ROC-AUC analysis Is based upon the use of only
two populations. However, in our specific case (PLS-
DA) models are based upon LP samples (Sensitivity or
SEx) discriminated against non-lipid pool samples
(Specificity or SPx). The non-lipid pool samples were
classified into three groups representing mainly FIB
(SP1), CAL (SP2) or NML (SP3) tissue. In an effort to
determine the best discrimination model based upon
tissue composition, ROC curves were generated for
each classification group (see Figure 3). A separate set
of test LP samples was also predicted and plotted at

\Positives, FN the False Negatives and FP the False Positives. /
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Figure 3. Plot of the ROC results of the LP samples (SENS1)
discriminated against the FIB samples (SP1), the CAL samples (SP2)
and the NML samples (SP3). A separate set of LP samples (SE2) were

redicted against the model LP samples (SENS1). /
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n order to rank the discrimination performance of the\
model an FOM was created to assess all the classes
tested distinguishing the LP versus other diseased (FIB,
CAL, and LP) and non-diseased (NML) samples. This
method, designated as Information Gain (IG) uses prior
knowledge about the model in the final determination
of the performance, calculated by:

(9 = logz(52) (1)

where Pg Is the a priori probability that we know about
the model, and P(x) Is the a posteriori probability that
measures the response of the model discrimination.
The FOM,g can then be represented by Equation 2:

1l m AUCX
oma = £ 8n(“55Y) (@

where AUCx is the ROC-AUC value for each separate
group tested (FIB, CAL, NML and LP) against the LP
model group, and m is the total number of groups. In
this case, Pg Is the ROC-AUC value of 0.5 implying
that information above the line of chance is relevant.

The ROC-AUC analysis is complicated by the fact that
there are two separate criterion needed when testing
the model for sensitivity and specificity. The specificity
(FIB, CAL or NML) groups ROC-AUC varies from 1.0
(best) to 0.5 (worst) whereas the ROC-AUC of the test
LP group, approaches 0.5 from either side of the line
of chance, for the best models. In order for the FOM
eguation to hold for both the SPx and the SEx values,
the ROC-AUC was translated to:

_ J 1-abs(0.5-ROCAUC), when X=SEx group
AUCx { ROCAUC, when X=SPx group (3)

where ROCAUC represents the ROC-AUC for each
group tested. A maximum ROC-AUC value Is obtained
when the test SEx group approaches an area of (0.5)
from either direction and the SPx group reaches (1.0)

(see Figure 4). /
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Figure 4 . Plot of the FOM,g values (z-axis) as it spans all

\Specificity (y-axis) and Sensitivity (x-axis) values in Equation 2. /

EXPERIMENTAL

/A series of Monte Carlo PLS-DA bootstrapping consisted\
of exhaustive modeling of two 30 nm bands which
were moved along a 250 nm range in 6 nm increments.
Model data were preprocessed by standard normal
variance (SNV) plus mean centering (MC) and also
mean centering alone. The Specificity data consisted
of the FIB, CAL and NML group for the SP1SP2SP3 case
and for the SP1SE2SP2SP3 case, the separate LP test
data was applied (see Figure 5).

Calibration DATA Calibration DATA
> SENS: LP SPEC: FIB

50% 50%
SENS SPEC

N

Build Model

50% LP 50% FIB

Return 50% LP
Repeat 50 times

Return 50% FIB
Repeat 50 times

ROC-AUC
FOM
Results

‘"

Validation DATA
SPEC: CAL, NML
SENS: LP

Average
ROC-AUC
Results

Figure 5. Schematic of the PLS-DA experimental layout of the
Calibration Model and the Validation test data used for the ROC-
AUC analysis for the selection of the “Best” model using the described

RESULTS
\

/PLS-DA Models: Projection plots were made from the
ROC-AUC based upon the first 30 nm band versus the
second 30 nm band. Figure 6 represents the SP1SP2SP3
case for comparison between the two preprocessing
options (SNV+MC and MC). The SNV+MC preprocessing
option outperformed MC.
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Figure 6. Projection plots of the FOM, ROC-AUC for SNV plus MC
processing (A) and MC processing (B) using only the specificity
groups SP1, SP2, and SP3 (FIB, CAL, NML). The x-axis Is the first 30
nm band used in the model and the y-axis is the second 30 nm band
\used In the model, with a 6 nm offset between each band. /

The addition of the LP test group to the model resulted
In the FOM | Increasing In intensity of the plot (resulting
In a better model predictor). The Information Gain FOM
has a steep decent which creates better contrast between
models. The “best” models spanned a larger area across
Region 2 with the addition of the LP test samples.
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Figure 7. Projection plots of the FOM,g ROC-AUC for SNV plus MC
processing for the specificity groups SP1, SP2, and SP3 (FIB, CAL,
NML) only (A) and the specificity groups SP1, SP2, and SP3 (FIB,

CAL, NML) plus the LP test group (SE2) (B). The x-axis is the first 30
nm band used in the model and the y-axis is the second 30 nm band
\used In the model, with a 6 nm offset between each band. /

/PCA-MDR Models: PCA-MDR uses a fixed value of \
three standard deviations in general as a threshold to
define the model group, the choice of which Is arbitrary
for discrimination purposes. The Standard Deviation
threshold was varied with respect to the prediction
results to create the ROC-AUC plots shown in Figure
8. The “best” PCA-MDR models clustered around two
smaller regions near the same regions found in the PLS-
DA models.
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Figure 8. Projection plots of the FOM,; ROC-AUC for SNV plus MC
processing for the specificity groups SP1, SP2, and SP3 (FIB, CAL,
NML) only (A) and the specificity groups SP1, SP2, and SP3 (FIB,
CAL, NML) plus the LP test group (SE2) (B). The x-axis is the first 30
nm band used in the model and the y-axis is the second 30 nm band

\Figure of Merit. /

\used In the model, with a 15 nm offset between each band. /

CONCLUSIONS

/ROC-AUC appears to be a new method to provide \
guidance for the selection of the best robust models
for both PLS-DA and PCA-MDR discrimination
techniques. The ROC-AUC FOM provides a “relative”
measure of how well the model should perform in the
future without any assumptions with respect to the final
threshold, making this a very useful mode of model
selection. The FOM,g seems to provide a sensitive
assessment of the ROC-AUC values due to the steep

\descent of the algorithm. /




