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Summary

Standard classification algorithms are generally designed to maximize the number of correct predic-
tions (concordance). The criterion of maximizing the concordance may not be appropriate in certain
applications. In practice, some applications may emphasize high sensitivity (e.g., clinical diagnostic
tests) and others may emphasize high specificity (e.g., epidemiology screening studies). This paper
considers effects of the decision threshold on sensitivity, specificity, and concordance for four classi-
fication methods: logistic regression, classification tree, Fisher’s linear discriminant analysis, and a
weighted k-nearest neighbor. We investigated the use of decision threshold adjustment to improve
performance of either sensitivity or specificity of a classifier under specific conditions. We conducted a
Monte Carlo simulation showing that as the decision threshold increases, the sensitivity decreases and
the specificity increases; but, the concordance values in an interval around the maximum concordance
are similar. For specified sensitivity and specificity levels, an optimal decision threshold might be
determined in an interval around the maximum concordance that meets the specified requirement.

Three example data sets were analyzed for illustrations.
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INTRODUCTION

Classification/prediction (machine learning) has been a widely used data mining technique in many
areas of research and applications. Class prediction has been used to predict the activity or toxico-
logical property of untested chemicals, for instance, to predict rodent carcinogenicity [1], Salmonella
mutagenicity [2,3], or estrogen receptor binding activity [4] of chemicals using structure-activity rela-
tionship models. Recently, class prediction models have been developed to classify tumor and normal
colon tissues based on gene expression profiles [5], to identify marker genes for distinguishing between
acute lymphoblastic leukemias (ALL) and acute myeloid leukemias (AML) [6] based on gene expres-
sion data, and to diagnose ovarian and prostate cancers based on proteomic SELDI-TOF MS (Surface
Enhanced Laser Desorption-Ionization Time-Of-Flight Mass Spectrometry) data [7].

Development of a class prediction algorithm generally consists of three components: 1) selection of
predictors, 2) selection of a classification algorithm to develop the prediction rule, and 3) performance
assessment. The first two components build a prediction model, and the third component assesses the
performance of the prediction model. Sensitivity and specificity are two primary criteria used in the
evaluation of the performance of a classification algorithm. The sensitivity is the proportion of correct
positive classifications out of the number of true positives. The specificity is the proportion of correct
negative classifications out of the number of true negatives. The concordance is the total number of
correct classifications out of the total number of samples.

A classification model is developed based on a training data set. Sensitivity and specificity of
a prediction algorithm (a classifier) can depend on the makeup of the numbers of positives to the
number of negatives in the training samples. When the class sizes are not equal, depending on the
classification methods, the derived classifier may favor the larger class. In general, the majority class
of positive will have a high sensitivity and the minority class will have a low specificity, and vice
versa. This problem has been addressed by learning from imbalanced data set. Applications include
detection of fraudulent telephone calls, detection of oil spills in satellite images, clinical diagnostic test
of rare diseases, where the positive data are rare as compared to the negative data [8-10]. In these
applications, the main interest is toward correct classification of positive samples (high sensitivity in
predicting the minority class samples). For example, if the ratio of positive-to-negative is on the order
of 1 to 100, then a procedure will have 99% concordance by simply predicting all to be negative (99%

specificity and 0% sensitivity). This procedure is obviously not useful for these applications. Other



applications such as epidemiology screening studies may emphasize high specificity. The challenge
is to develop a prediction model that can provide an acceptable sensitivity (or specificity) from the
available data set.

Most of the current standard classification algorithms are designed to minimize zero-one loss,
in other words, to minimize the number of incorrect predictions or to maximize the concordance.
Maximizing concordance criterion is based on an assumption of an equal cost of misclassifications.
This criterion may not be appropriate when the class sizes are imbalanced or misclassification costs
are unequal. Two approaches have been proposed to account for imbalanced class sizes or differential
misclassification costs: 1) sampling techniques, and 2) adjusting decision threshold. The sampling
technique is a commonly used practice in dealing with imbalanced data set by balancing the data
set by either under-sampling the majority class or over-sampling the minority class [8,10-11]. Chen
et al. [12] proposed using a bagging method by applying resampling techniques repeatedly to build
multiple base classifiers and synthesizing their predictions to make the overall prediction by majority
voting. Adjusting decision threshold approach to account for differential misclassification costs and/or
prior probabilities has been proposed and discussed by several researchers via ROC (receiver operating
characteristic) analysis [13-15]. For example, Provost and Fawcett [15] proposed a ROC convex hull
method by combining ROC analysis with decision analysis for comparing the performance of a set of
classifiers and identifying the optimal classifier or a subset of potentially optimal classifiers.

The purpose of this paper is to study the effects of changes of the decision threshold on sensitiv-
ity, specificity, and concordance for the four classification methods: logistic regression, Fisher’s linear
discriminant analysis, classification tree, and a weighted k-nearest neighbor. Monte Carlo simulations
were conducted to examine the relative behaviors of the sensitivity, specificity, and concordance. We
also adapted the ROC-type analysis to estimate the optimal decision threshold for specified misclas-
sification costs and/or prior probability of class distribution. The primary focus is the use of the
decision threshold adjustment to improve the performance of sensitivity or specificity of a classifier
under specific conditions or study objectives. To our knowledge, there previously has not been a sys-
tematic analysis of sensitivity and specificity. Under the model of an equal misclassification cost and
with specified desirable sensitivity and specificity levels, we estimate a range of decision thresholds
that meets the specified sensitivity and specificity levels, and then determine the most appropriate

decision threshold that corresponds to the maximum concordance.



MATERIALS AND METHODS

Classification Algorithms

Let © = {t1,t2,...,t,} be the set consisting of n labelled samples. Each sample consists of two
parts, t; = (x;,y;), where x; is a vector of predictors from m-dimensional space, and y; is a categorical
variable for a set of possible labels ). In the binary classification )’ consists 0 (class 0 or negative
samples) and 1 (class 1 or positive samples). Let ng denote the number of negative samples and n;
denote the number of positive samples. A future unlabelled sample x is classified by applying the
prediction rule (a classifier) built on ® to predict the unknown y as either 0 or 1.

We consider the four well known classification methods: logistic regression (LR), classification
tree (CTree), and Fisher’s linear discriminant analysis (FLDA), and a weighted k-nearest-neighbor
classifier (k-NN), a modified k-NN. Each procedure is briefly described below assuming an equal
misclassification cost and equal prior probability of the class distribution.

The functional form of the logistic regression model [16] is

eXp(Zj Bjwi;)
T 1+ exp(X; Biwiy)

Py =1z

where ®; = (zi1, %2, ..., %im) 1S the predictor variable. For the given value of an predictor x, the
predictive output value, denoted by ¢, represents the probability that the sample x is from class 1.
The default decision threshold uses 0.5 to predict class membership. The decision rule assigns x to
class 1 if g > 0.5 and to class 0 if § < 0.5. This rule implies an equal prior probability of class
membership for . The decision threshold can be adjusted, for example, to ny/(ng + n1) to reflect
differential class sizes or prior probabilities.

The CTree performs binary recursive partitioning [17]. The algorithm recursively partitions parent
nodes into two child nodes by splitting the corresponding covariate space into regions selected on the ba-
sis of maximum reduction in node impurity measured by entropy or information, — 3 p(c|t) log[p(c[t)],
or measured by the Gini index of diversity [17], 1 — >, p(c|t)?, where p(c|t) is the probability that a
sample is in class ¢ (0 or 1) given that it falls into a node t. The partitioning algorithm is recursive until
a terminal node is reached for which no split improves the within-node homogeneity or the node size

is too small. To avoid over-fitting data, the cross-validation approach with minimal cost-complexity



pruning method is used. The CTree assigns each terminal node to the class ¢ = 1 if the terminal node
p(c|t) is greater than the threshold. The threshold of 0.5 is the default.
Let p. denote the mean of x for the class ¢ (¢ = 0,1), and ¥ denote the covariance matrix. The

Fisher’s linear discriminant analysis (FLDA) [16] assigns x to class 1 if

[z — (po + 1) /2" S (11 — po) > log(no/n1);

otherwise, assigns = to class 0. The FLDA produces a binary output; the decision rule assigns x to
either class 0 or class 1 according to the relative class size (in log scale), log(ng/n1). Unlike LR or
CTree, log(ng/mn1) is not the probability of a class membership. For the purpose of evaluations across
classification methods, log(ng/n1) is re-scaled to the corresponding decision threshold ngy/(ng + n1).
For example, if the negative-to-positive ratio is 2 to 1, then the default FLDA cutoff is log2, the
corresponding decision threshold is 2/3.

The kNN classifiers [16] can be based on either a distance or a similarity metric, where k is an odd
number. Given a future sample x, k-NN method finds the k£ nearest neighbors to x, and then classifies
using majority vote among the k£ neighbors. The choice of k will influence the performance of a &-NN
classifier. The k may be determined by cross validation. Let [ denote the number of class 1 samples
in the k£ neighbors. The k-NN method assigns x to either class 0 or class 1 by a majority voting; that
is, it assigns « to class 1 if I/k > 0.5 and to class 0 if [/k < 0.5. The 0.5 can be regarded as a default
decision threshold. The decision threshold can be adjusted to i/k (i = 1,2,...,k). This extension
would require a large k. Alternately, a distance weighting k-NN classifier was used, a weighted k-NN
algorithm. Let Ni(x) denote the k nearest neighbors of a future sample . The similarity between
x and a sample x; in the nearest neighbor (x; € Ni(x)) is denoted by sim(x,x;), | = 1,...,k. The

normalized similarity between & and x; is then

sim(x, x;)

w; = N .
Z:cleNk(:L') Slm(x7 wl)

The probability (measure) that @ is in class j can be expressed as
Ply=jlz)= > &,
T ENL(T)

where 0; is an indicator function with §; = 1 if y = j, and d; = 0 otherwise. There are various kernel

functions for similarity measure. We apply the Gaussian kernel function to define the similarity, based



on our preliminary empirical studies. The Gaussian kernel function is
1 [ d*(x, ml)]
exp |[——55 |
V2mo 20

where d(x, x;) is the Euclidean distance between = and x;. The weighted k-NN classifier assigns « to

sim(x, x;) =

class 1 if P(y = 1|x) > 7, otherwise to class 0, where 7 is the decision threshold.

Decision Threshold Adjustment

For a given classification method (e.g., logistic regression), the sensitivity, specificity, and concor-
dance depend on the chosen threshold 7. For a given decision threshold, the performance of a classifier
can be summarized by a 2 x 2 confusion matrix (Table 1). Let TP(7) and TN (1) be the numbers of cor-
rect predictions for the positive and negative samples, respectively. The fraction SN (7) = T'P(7)/ny is
the sensitivity, SP(r) = TN(7)/ny is the specificity, and (T'N(7) +TP(7))/n is the concordance. For
instance, change of decision threshold from 0.5 to 0.1 will generally result in increasing the sensitivity
(increasing TP) and decreasing the specificity (decreasing TN). When the class sample sizes are equal,
a classifier using the default threshold should have unbiased estimates of the sensitivity, specificity,
and concordance. But, when the class sizes are different, a classifier using the default threshold may
lead to an unacceptably low sensitivity (or specificity, depending on the objective of the study). Sim-
ulation results on the effect of the ratio between two class sample sizes on the sensitivity, specificity,
and concordance are shown in the next section.

The Receiver Operating Characteristic (ROC) analysis has been developed to determine an optimal
decision threshold for relative costs of false positive and false negative errors [13-15,18]. An ROC curve
is the plot of sensitivity (SN) versus false positive rate (F'PR) (or 1-specificity); each point on the curve
corresponds to a different threshold 7 that separates the negative samples from the positive samples.
In the remaining section, the ROC analysis was applied to improve performance of sensitivity or
specificity of a classification algorithm. However, unlike the conventional use of the ROC analysis for
determining the optimal decision threshold with respect to the total expected cost, the relationship
between 7 and SN and between 7 and SP was applied to improve performance of either sensitivity
or specificity.

Denote the prior probability of negative and positive as my and mp, respectively. Let FP$ and
FN$ denote, respectively, the cost for making false positive and false negative errors, and let P(F P)

and P(FN) denote the corresponding probabilities of making false positive and false negative errors,



respectively. The expected cost for a false positive error is Cpp = P(FP)-FP$ =m-(1— SP)-FP$
and of making a false negative error is Cpy = P(FN)-FN$ =71 -(1—SN)-FN$. The cost function
Crp (Crp) is a non-decreasing (non-increasing) function of 7. The total expected cost is the sum of

the false positive cost and false negative cost,
Crota =m0 (1 —SP)-FP$+m -(1—SN)-FN$=mny- FPR-FP$+m-(1—SN)-FNS.

Note that the sensitivity (SN) is a function of false positive rate (F'PR) by the curve of ROC. Thus,

the total expected cost is equivalent to
Crotat =70 FPR-FP$+ m - [1 — ROC(FPR)|- FNS.

The optimal cutoff for minimal cost can be obtained by taking the derivative with respect to FFPR
and setting it to zero:

, _ dROC(FPR)

The )\ is the slope of the tangent to the ROC curve (1 — SP,SN) at the optimal point. Traditionally,
the optimal cutoff point is obtained by a graphic method which moves a line with the above slope
that intersects (is tangent to) the ROC curve [19]. Alternatively, we suggest the optimal cutoff be
computed empirically by directly evaluating all Crryeq;’s; the optimal cutoff corresponds to the (1—SP)

for which Cpote is the minimum.

When the misclassification costs are equal, say, FP$ = FN$ = C, the total cost becomes
Crotat =C [ (1= SP)+m - (1 —SN)].
The minimization of the total cost is equivalent to minimization of the predictive error rate
Pgr =1— (SN -m + SP - m).

Note that the sensitivity, specificity, and concordance measure accurate performance of the prediction
rule for the current sample data, regardless of the class distribution, 7y and 7. But, the total cost
function (or predictive error rate) takes the class distribution into consideration. When the class
sample proportions represent class probabilities, i.e., mg = ng/n and m = ni/n, the optimal cutoff

has the tangent slope of N = ng/nj. Note that this ratio is the same as the cutoff of FLDA (in



log scale). The corresponding decision threshold is ng/n. When ng > ni, the ng/n > 0.5. This
proportion will impose more weights on the majority class (class 0). That is, under the model of an
equal misclassification cost, setting the decision threshold at the proportion of the class 0 samples,
no/n, will have the minimum predictive error. On the other hand, the effect of unequal class sizes
might be alleviated by imposing more weight on the minority class. That is, setting the decision
threshold at the proportion of the class 1 samples, ni/n, should have better balance in the sensitivity
and specificity. We will investigate the performance of these two sample proportions, denoted by
po = no/n and p; = ny/n, for the decision threshold for the four classification methods.

In many practical applications, either the misclassification costs or the prior probabilities of the
class distribution are not known; it is not feasible to estimate an optimal decision threshold. However,
it may be possible to find a range of the decision thresholds such that the corresponding classifiers
have at least the specified desirable sensitivity and specificity levels. For specified SN and SP levels,
the range of 7 can be obtained via the monotonic relationship between 7 and SN and between 7 and
SP. As the threshold 7 increases, SN decreases and SP increases. Let 7; be the largest decision
threshold such that the corresponding SN meets the specified sensitivity level and 7, be the smallest
decision threshold such that the corresponding SP meets the desired specificity. The classification
models corresponding to the interval (7,7, ), if 77 < 7, will have the desired sensitivity and specificity.
The classifier with the highest concordance value was chosen. The interval (7, 7,) is empty if 77 > 7.

This classifier is generally sub-optimal with respect to the concordance.

RESULTS

Simulation Experiments

A simulation study was conducted to examine the effect of the decision threshold on sensitivity,
specificity, and concordance for the negative-to-positive ratio of 56:56 (an equal class size) and 112:56
(unequal class sizes). Since the LR and FLDA methods generally require the number of samples much
larger than the number of predictors [20], we used 20 predictors with class sample sizes 56 and 112.
For each simulated data set, ten 10-fold cross validation with 10 different partitions were performed,
and the sensitivity, specificity, and concordance were calculated using the LR, CTree, FLDA, and

weighted k-NN classification algorithms. The entire process were repeated 100 times to obtain different



simulated sample data. The mean and standard deviation of 1,000 (10 x 100) sensitivities, specificities,
and concordances were calculated.

The first simulation considered the model (MO0), in which two classes are from the same population.
All 20 predictors were randomly generated from N(0, .2?), and samples were arbitrarily assigned to
either class 0 or class 1. Because of no underlying difference between two classes, the prediction
accuracy is expected to be 0.5. Figure 1 shows the plots of the sensitivity, specificity, and concordance
for the (equal) class size 56:56 (upper panel) and the (unequal) class sizes 112:56 (lower panel). In
both equal and unequal class sizes, the sensitivity (SN) decreases and specificity (SP) increases as the
threshold increases. The concordances (CC) are almost constant at about 0.5 in the equal class size.
The concordance generally increases with the decision threshold, and reaches its maximum at about
2/3, the proportion of majority class, in the unequal class sizes. LR and FLDA have low concordance
values for small 7, e.g., both CC’s are about 35% when 7 = 0.1. For CTree and weighted k-NN, the
concordances are close to 50% for 7 = 0.1 and increase gradually. LR, CTree, and Weight k-NN have
the 50% concordance at about 7 = 1/3; while FLDA has the concordance of 50% at 7 = 1/2.

In the second and third simulations, all 20 predictors in the class 0 samples and the first 8 predictors
(random noises) in the class 1 samples were generated from N(0, .22). The remaining 12 predictors
were generated from N(.1, .22) (M1) in the second simulation and from N(.2,.2%) (M2) in the third
simulation.

Figure 2 shows the plots of the sensitivity, specificity, and concordance of M1 (upper panel) and
M2 (lower panel) for the equal class size. When the class sizes are equal, the two sample proportions
are 0.5. All four methods reach their maximums at about 7 = 0.5, as expected. In both M1 and
M2, the concordance values at 7 between 0.3 and 0.7 are less than 1% different from their respective
maximums. FLDA and LR clearly outperform CTree and Weighted k-NN; CTree is the poorest in this
simulation. In M1, the maxima are 75%, 60%, 75%, and 63% for LR, CTree, FLDA, and weighted
k-NN, respectively. In M2, FLDA appears to be slightly better than LR. The maxima are 90%, 76%,
93%, and 87% for the four methods, respectively. For example, LR has SN = 74.5%, SP = 74.7%,
and CC = 74.6% for M1 and SN = 89.7%, SP = 89.7%, and CC = 89.7% for M2.

Figure 3 shows the plots for the unequal class sizes. The general patterns of the sensitivity,
specificity, and concordance are similar to those shown in Figures 1 and 2. FLDA has the best

concordances in M1 and M2 and CTree is the poorest. LR and FLDA reach their respective maximums



at the decision threshold 7 = pg = 0.67. However, FLDA has the best balance between the sensitivity
and specificity at about 7 = 0.5, while LR has the best balance at about the decision threshold 7 =
p1 = 0.33. For example, in M1 FLDA has SN = 65.4%, SP = 86.3%, and CC = 79.3% for 7 = 0.67;
it has SN = 76.0%, SP = 78.5%, and CC = 77.7% for 7 = 0.50. LR has SN = 55.1%, SP = 90.3%,
and CC = 78.6% for 7 = 0.67; it has SN = 74.0%, SP = 79.3%, and CC = 77.6% for 7 = 0.33. Note
that the differences in the concordances between the optimal threshold and best balance threshold is
about 1%. CTree and Weighted A-NN have the maximum concordances at about 7 = 0.9, where both
have low SN and high SP. CTree and Weighted k-NN have the best balances between the sensitivity
and specificity at about 7 = 0.1. For example, in M1, weighted k-NN has SN = 33.9%, SP = 87.9%,
and CC = 69.9% at 7 = 0.9 and has SN = 63.3%, SP = 66.4%, and CC = 65.9% at 7 = 0.1. In M2,
weighted k-NN has SN = 70.1%, SP = 96.2%, and CC = 87.5% at 7 = 0.9 and has SN = 87.2%, SP
= 88.5%, and CC = 88.1% at 7 = 0.1. Figure 3 shows that the decision threshold has less impact on
the sensitivity, specificity, and concordance when the separation between the two class means is large.
It can be seen that the ranges of the sensitivity, specificity, and concordance in M2 are much smaller
than the ranges in M1.

In summary, setting the decision threshold at p; from the default of 0.5 or py appears to improve
the balance between the sensitivity and specificity except for FLDA. Perhaps the outputs of the logis-
tic regression, C'Tree, and weighted k-NN represent the probability of class membership; the decision
boundary for FLDA is based on the mean under the equal variance model. Also, FLDA outperforms

the other three methods this is because the data were generated from the normal models.

Examples

We considered three data sets. The first two data sets are applications of SAR (structure-activity
relationship) models to predict toxicologic effects of chemicals. The first data set is to predict animal
liver carcinogenicity, and the second data set is to predict estrogen receptor binding activity. (Both
data sets are available from the authors on request.) Both data sets consist of more than 200 predic-
tors. The third data set is the public colon tumor data set [5] with 2000 predictors. We selected 32
highest ranked predictors based on t-statistic. Weighted k-NN method used & = 5 for all data sets.
This number was based on our empirical investigations; this value showed the most consistent results

for all data sets.
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NCTR Liver Tumor Data Set

The NCTR liver tumor database was derived from Gold’s Carcinogenic Potency Database [21]
of rodent bioassays. Rodent bioassays are conducted to assess carcinogenic effects of a chemical
on humans. Because each study costs several million dollars and takes several years to complete,
rodent bioassays are conducted on only a small fraction of the thousands of chemicals in use or in
the environment. SAR models have been developed to predict potential genetic toxicants [3]. The
SAR model can be applied to identify hazardous chemicals at low cost and to reduce the number of
laboratory animal experiments. This example applies the SAR model to the prediction of animal liver
carcinogenicity. The NCTR liver tumor data set consists of 282 liver carcinogens and 714 non-liver
carcinogens. The SAR model was based on 282 descriptors (predictors) mostly generated by Cerius2
(Accelrys, Inc., San Diego, CA). The ratio of negatives to positives is about 2.5:1.

This data set has been analyzed by Young et al. [22] using the following four classification methods:
multivariate adaptive regression spline, rough sets, support vector machines (SVM), and partial least
square discriminant function. The reported concordance ranged from 54 to 71%, the sensitivity from
12 to 57% and specificity from 68 to 91%. Note that the concordances for this database are in the
range between 24% and 79% reported in the Predictive Toxicology Challenge [1]. The SVM classifier
had the best concordance of CC = 71% with SN = 26% and SP = 91%. However, a ‘naive’ procedure
which classifies all chemicals to be negative will have CC =71.6%; this data set is used for illustrative
purposes.

For the 32 selected predictors, 10-fold cross-validation with 100 different partitions was performed
using decision thresholds of {0.1,0.2,...,0.9}, and the two sample proportions py threshold and p;
threshold. Table 2 shows the means and the standard deviations of sensitivity, specificity and con-
cordance for the four classification methods. The results given in Table 2 are consistent with the
simulation results: sensitivity (SN) decreases and specificity (SP) increases as the threshold increases.
Both logistic regression and FLDA appear to be sensitive to the changes of decision threshold. The
SN’s are greater than 90% at 7 = 0.1 and the SP’s are 99% at 7 = 0.9. All four methods show that
the concordances increases as 7 increases from 0.1 to 0.5. Logistic regression reaches the maximum
concordance at 7 = 0.5 and FLDA reaches the maximum at 7 = 0.7; both concordances then slowly

decrease. CTree is less influenced by the decision threshold. It reaches the maximum at about 7 = 0.8;
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the concordances are fairly constant for the range 7 between 0.2 and 0.9. Weighted k-NN improves
the concordance gradually as 7 increases; the concordance reaches the maximum at 7 = 0.9.

Among the four classification methods, FLDA has the best concordance 74.3% (but, only slightly
higher than the naive procedure), while the CTree has the lowest concordance, 64.3%. The concor-
dances at the pg threshold 7 = 0.717 range from 64.1% (CTree) to 74.2% (FLDA). These values are
less than 2% different from their respective maximums. As might be anticipated, the maximum con-
cordances are accompanied by very low sensitivity (50% or less) and high specificity. In the context

of predictive toxicology, it is important to have a high sensitivity because of health concerns.

NCTR Estrogen Activity Data Set

The NCTR estrogen activity data set consists of 232 structurally diverse chemicals, of which 131
chemicals exhibit estrogen receptor binding activity and 101 are inactive in a competitive estrogen
receptor binding assay [23]. The ratio of negatives to positives is 1:1.3. This data set has 202 descriptors
(predictors) generated using the Cerius2 software for each chemical. This data set has been used to
develop SAR models for predicting estrogen binding for prioritizing the chemicals for further testing.

Table 3 shows the means and the standard deviations of sensitivity, specificity and concordance for
the four classification methods. Again, sensitivity decreases and specificity increases as the threshold
increases. However, the ranges of SN and SP are much narrower than the ranges obtained from the
liver tumor data set. Furthermore, the concordances in a classification method do not vary much.
The ranges of the concordances from 7 = 0.4 to 0.5 are less than 1%. Both py threshold, 0.435, and
p1 threshold, 0.565, are in the interval of [0.4,0.6]. The concordances from the two thresholds are very
close, but, p; threshold does provide a better balance between sensitivity and specificity. Among the
four methods, weighted k-NN appears to outperform the other three methods. Finally, when 7 is be-
tween 0.55 and 0.6, the weighted k-NN method will give at least 85% sensitivity and 75% specificity. In
particular, 7 is at the p; threshold, the weighted k-NN has SN = 85.8%, SP = 75.1%, and CC = 81.1%.

Colon Data Set
The colon tumor data set [5] consists of 22 normal and 40 colon tumor tissue samples on 2000 human
genes with highest minimal intensity across the 62 samples. The goal of the analysis is to discriminate

the normal samples from the cancer samples based on the gene expression profiles. The colon cancer
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data set has negative-to-positive ratio of about 1:1.8. There were more positive than negative samples.
Table 4 shows the sensitivities, specificities, and concordances from the four classification methods.

The results for the colon data set are generally similar to the results from the liver tumor and
estrogen data sets. The concordances do not vary much in the interval near the maximum concordance.
The width of the interval varies among the classification methods. The concordances from logistic
regression and FLDA are almost constant. Logistic regression, CTree, and FLDA have the maximum
concordance at (or near) the py threshold. The weighted k-NN method has the best performance, and
the CTree has the poorest performance. For 7 between 0.5 and 0.7, the weighted k-NN method will
give at least 85% sensitivity and 85% specificity. For 7 = 0.5, the weighted k-NN has SN = 92.0%,
SP = 86.5%, and CC = 90.1%. For 7 = 0.645, it has SN = 85.7%, SP = 90.6%, and CC = 87.4%.

Figure 4 is the ROC plots of four classification methods for the three data set. It can be seen that
logistic regression and FLDA are the dominating models for the NCTR liver cancer data set since
their ROC curves are completely above the ROC cruves for CTree and Weighted k-NN. Similarly, the
weighted k-NN is superior for the NCTR estrogen and colon data sets. Note that the z-axis represents
1-specificity. Each point corresponds to a decision threshold from a classification method; different
classification methods would have different decision thresholds.

For a comparison between the weighted k-NN and the standard k-NN based on the majority vot-
ing, the standard k-NN method has SN = 32.9%, SP = 84.7%, and CC = 70.1% for the NCTR liver
data, has SN = 89.8%, SP = 60.0%, and CC = 76.8% for the NCTR estrogen data set, and has SN =
90.0%, SP = 90.9%, and CC = 90.3% for the colon data set.

DISCUSSION AND CONCLUSION

This paper investigates the use of decision threshold to improve the performances on four classifi-
cation methods. The performance of a classification method depends on the feature selection method,
the number of predictors and selected predictors, and the classification method. Regardless of the fea-
ture selection method, different numbers of predictors will give different classification results. There
is no theoretical estimation of the optimal number of selected predictors even for a given specific
classification method. Thus, the optimal predictor set may depend on a classification method and can

vary from data set to data set. Selection of predictor set can be conducted before the building of a
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classification model, such as FLDA and k-NN, or be incorporated into model building, such as CTree
and step-wise logistic regression. Cross-validation can be performed prior to feature selection (external
cross-validation) or after feature selection (internal cross-validation). In the internal cross-validation,
the same selected predictor set is used in each of training samples. On the other hand, in the external
cross-validation, a new predictor set is selected for each training sample set. Ambroise and McLachlan
[24] argued that the cross validation should include the feature selection in the training phase (external
cross validation) to avoid selection bias in estimating prediction accuracy. However, the purpose of
this paper is to investigate the effects of the decision threshold on the performances of the four classi-
fication methods. The same set of predictors is used in the evaluation. The cross-validation restricts
to the selected 32 predictors.

Standard classification algorithms generally use a default decision threshold 0.5 and/or based on
maximization of the classification concordance. This performance measure might be inappropriate
if the sample class sizes are unequal or misclassification costs are different (Table 2). This paper
considers a simple modification of the standard algorithm by changing the decision threshold in as-
signing class memberships for four classification methods. The simulation and example results show
that the sensitivity and specificity decreases and increases, respectively, with the decision threshold, as
expected. The concordance does not vary much in an interval near the maximum concordance. Thus,
a change of decision threshold simply makes a tradeoff between the number of true positive and the
number of true negative predictions. It has limited effects on the concordance in the interval near the
maximum concordance. When the class sample sizes are approximately equal, the optimal decision
threshold and balanced decision threshold are close to 0.5. The default threshold of 0.5 should have
high concordance with a balance between sensitivity and specificity. When the class sizes are unequal,
the interval between two sample ratios, which covers 0.5, appears generally to have the maximum
concordance with the balanced sensitivity and specificity.

Decision threshold approach can only be applied to the classification methods that produce a
quantitative output (e.g., logistic regression) from which different thresholds can be applied to assign
class membership. Classification methods, such as k-NN or SVM, that produce a binary outcome to
determine class membership, cannot be used for threshold adjustment. We used a weighted k-NN
classification method by estimating the probability of the test sample in each class. The probability is

calculated based on the relative distances between the test sample and the class samples in the nearest

14



neighbor. One challenge is the choice of distance metrics. The Gaussian kernel distance function is

used in this paper based on empirical comparisons. Currently, we are developing a generalization of

the SVM classifiers to allow for a decision threshold adjustment.
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Table 1: For a given decision threshold 7, the performance of a classification algorithm is summarized
by the 2 x 2 confusion matrix. The sensitivity is TP(7)/ny and specificity is TN(7)/ng. As 7 increases

the sensitivity decreases and the specificity increases.

Predicted Predicted Total

Negative  Positive

True Negative (Y =0)  TN(7) FP(r) no
True Positive (Y = 1) FN(7) TP(7) ny
Total PN(7) PP(7) n
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(lower panel), where MO: class 0 ~ N(0, .2?) and class 1 ~ N(0, .2?).

22

Performance

1.0

0.2 0.4 0.6 0.8

0.0

Concordance (CC)

B g—Y==Y =t =p=p=g
o LR
a CTree
1 + FLDA
X

Weighted k-NN

0.2 0.4 0.6 0.8
Threshold

n1l=56

Performance

0.2 0.4 0.6 0.8 1.0

0.0

Concordance (CC)

- 0—0=9=2=2
@ gz n—x—x—%
X=x=g=XZF=X
O/ *
- +
9=+
i 0 R
a CTree
+ FLDA
] X Weighted k-NN
0.2 0.4 0.6 0.8
Threshold

Plots of sensitivity, specificity, and concordance of MO for the equal class size (upper panel) and unequal



M1: Equal class size: n0=56 and n1=56

M2: Equal class size: n0=56 and n1=56
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Figure 2: Plots of sensitivity, specificity, and concordance of M1 (upper panel) and M2 (lower panel) for equal class
size, where M1: class 0 ~ N(0, .2?) and class 1 ~ N(.1, .2%) and M2: class 0 ~ N(0, .2%) and class 1 ~ N(.2, .2?%).
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M1: Unequal class size: n0=112 and n1=56
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Figure 3: Plots of the sensitivity, specificity, and concordance of M1 (upper panel) and M2 (lower panel) for unequal
class sizes, where M1: class 0 ~ N(0, .2%) and class 1 ~ N(.1, .2%) and M2: class 0 ~ N(0, .2?) and class 1 ~ N(.2, .2%).
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Figure 4: ROC Plots of the NCTR liver tumor, estrogen activity, and colon cancer data sets.
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