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ABSTRACT Key issues in protein science and
computational biology are design and evaluation of
algorithms aimed at detection of proteins that be-
long to a specific family, as defined by structural,
evolutionary, or functional criteria. In this context,
several validation techniques are often used to com-
pare different parameter settings of the detector,
and to subsequently select the setting that yields the
smallest error rate estimate. A frequently over-
looked problem associated with this approach is
that this smallest error rate estimate may have a
large optimistic bias. Based on computer simula-
tions, we show that a detector’s error rate estimate
can be overly optimistic and propose a method to
obtain unbiased performance estimates of a detec-
tor design procedure. The method is founded on an
external 10-fold cross-validation (CV) loop that em-
beds an internal validation procedure used for pa-
rameter selection in detector design. The designed
detector generated in each of the 10 iterations are
evaluated on held-out examples exclusively avail-
able in the external CV iterations. Notably, the
average of these 10 performance estimates is not
associated with a final detector, but rather with the
average performance of the design procedure used.
We apply the external CV loop to the particular
problem of detecting potentially allergenic pro-
teins, using a previously reported design procedure.
Unbiased performance estimates of the allergen
detector design procedure are presented together
with information about which algorithms and pa-
rameter settings that are most frequently selected.
Proteins 2005;61:918-925. © 2005 Wiley-Liss, Inc.
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INTRODUCTION

In protein science and computational biology, key issues
are design and evaluation of detectors for proteins of a
specific family. Such families can be defined on structural,
evolutionary, or functional grounds and many algorithms
aimed at the specific detection of certain protein groups,
each with similar characteristics, are already available.
Examples thereof include the detection of:
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1. complete amino acid sequences of transmembrane
proteins or fractions thereof,'

2. protein targeting signals,*”
3. subcellular location,®~'*
4. RNA-binding proteins,®
5. protein structure,®
6. alpha-turns,'”
7. subgroups of G-protein coupled receptors,'®
8. homodimers,*®
9. subgroups of enzymes,?° and
10. allergens.?!~3!

In addition to these topics, there are also studies on less
application-specific approaches.?2-34

As can be understood from the many applications listed
above, reliable detection of protein families is an invalu-
able help in many areas of biology and biomedicine. In
essentially all of these applications, it is important to
obtain unbiased estimates of the detection performance so
that overly optimistic interpretations of results are avoided.
Potential sources of bias are, however, easily overlooked,
particularly because the datasets available for analysis
usually are rather small. Among the broad range of reports
on protein family detection, it is often difficult to deter-
mine to what extent the various sources of bias are
avoided. This applies to performance estimates obtained
by any validation technique, such as holdout test, n-fold
cross-validation (CV), or different bootstrap methods. In
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n-fold CV, all data examples are partitioned in n roughly
equally sized fractions. In each of the n iterations, each
fraction is used for validation purposes, whereas the
remaining n-1 fractions are used to design the detector.
The final estimate is calculated as the average estimate of
the n iterations. If n equals the total amount of data N, the
procedure is often referred to as leave-one-out (LOO) CV.

It is well known in supervised learning that perfor-
mance evaluation of a detector, using test examples that
already have been involved in any part of the design, may
result in appreciably over-optimistic performance esti-
mates.?® The most apparent course is to use all examples
for both design and test. Although this overtly inappropri-
ate evaluation is rarely seen in the literature, there are
less obvious cases, e.g., allowing all data (instead of
exclusively design data) to be used in the feature selection
step, before detector design and error rate estimation. The
potential bias caused by using test examples in the feature
selection procedure seems to have been overlooked in
many areas but was recently pointed out in a study on
classification of microarray gene expression data.®® The
study showed that negligence of this problem might result
in quite dramatic biases, in particular for small sample
sizes.

In this article, we deal with another often overlooked
bias in the context of protein family detection, which is
associated with parameter optimization based on the error
estimates. Validation techniques are correctly employed
when they are used for unbiased performance estimation
of a single parameter setting, or used to select the most
promising parameter setting (being that of the lowest
error estimate) from several alternatives. Even though the
parameter setting obtained in the latter case has been
appropriately selected, the entailed error estimate may,
however, show an overly optimistic error rate, as discussed
and demonstrated in this work. Parameter tuning, either
for optimizing parameter settings in the feature selection
process or in the detection process, increases the risk of
selecting a parameter setting that is overfitted to data
presented in the validation procedure. In other words, a
bias can easily appear because the selected combination of
detector algorithm and parameter setting is not being
evaluated on any independent test examples outside the
validation procedure used for parameter selection. An
illustrative practical example of such a bias was recently
reported by Bhasin and Raghava®’ in the context of
detecting HLA-DRB1*%0401-binding peptides in antigen
sequences. The detector performance drastically de-
creased, when evaluated on a completely independent
external holdout test set, as compared with the CV esti-
mate selection of detector algorithm and parameter set-
tings.

In this work, we show that it is possible to obtain
unbiased performance estimates, while allowing for detec-
tor setting optimization, by means of introducing an
external CV loop that embeds an internal validation loop.
The internal validation is strictly used for parameter
optimization and the accordingly selected parameter set-
ting is subsequently evaluated on test data in the external
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CV loop, which are independent of data used in the
internal validation procedure. In the internal validation,
we use CV for comparing detector settings but it could also
be replaced, for example, by a bootstrap or holdout test
procedure. A similar approach has been used to validate
multivariate regression models of structure-activity rela-
tionships in chemistry and to validate the potential of
proteochemometrics.?®3° By means of computer simula-
tions, we illustrate the power of the external CV procedure
and we thereafter exemplify how it can be used practically
by applying it to a previously reported detector of potential
protein allergens.

MATERIALS AND METHODS
External CV Loop for Identification and Avoidance
of Validation Bias on Simulated Data

Computer simulations were performed to illustrate that
the performance estimate, associated with the best param-
eter found among several alternatives, is biased. One
thousand different simulated datasets, each consisting of
25 examples per class, were generated from two partially
overlapping Gaussian distributions. For each of the gener-
ated datasets, the 25 examples per class were partitioned
into 10 subsets consisting of two or three samples each. In
each iteration of an external 10-fold CV procedure, nine
subsets (45 examples) were used to form an external
design set and the remaining subset (five examples) was
kept as a small external test set. In each of the 10
iterations, an internal LOO error estimate was deter-
mined for all possible choices of the number of neighbors
(k) of the supervised k-nearest neighbor (kNN) classifier.
For more details of the kNN, see Hastie et al.?®* The LOO
error rate estimate was strictly based on the 45 data
samples in the external design set, i.e., the five examples
in the external test set was not included in this estimation.
The value of k&, which yielded the lowest LOO error rate
estimate, was finally used to design a kNN classifier using
all the examples in the (external) design set. In the event of
a draw between two or more values of &, the least complex
classifier was chosen, i.e., the one with the smallest value
of k. The resulting classifier was then tested on the
external test set as well as on a large independent valida-
tion set consisting of 10,000 samples (5,000 per class).
Because the procedure was iterated for all external design-
and validation sets, 10 selected classifiers were obtained.
Thus, for each of these 10 selected classifiers, we obtained
one error rate estimated from the internal LOO procedure,
one estimate from a small external test set, and one
estimate from a large external test set (5,000 examples per
class). Under the assumption that 5,000 samples from
each class are sufficient, the obtained 10 estimates from
the large test set are measures of the classifiers’ “true”
error rates. The three error rate estimates will further on
be referred to as “internal,” “external,” and “true,” respec-
tively. For each of the three error rates, a mean value was
calculated based on the 10 selected classifiers. This exter-
nal CV procedure was then repeated 1,000 times, each
time using one of the generated datasets.
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Fig. 1. Outlines of the detector of potential protein allergenicity. The

figure shows the general outlines for the design and validation of the
allergen detector. Design sequences (allergens and non-allergens) are
aligned against the prototype sequences, using FASTA3. Alignment
score (AS) and alignment length (AL) from these alignments are compiled
to a feature vector, which is used to design a supervised detector
algorithm. The accordingly designed detector is subsequently validated
with a similar feature vector corresponding to the validation sequences.

Design and Validation of Allergen Detectors

The assessment scheme for evaluation of different aller-
gen detectors (detector settings) in the work reported here
largely adheres to our earlier work.2® First, the allergen
and non-allergen datasets were organized into subsets.
The allergen dataset was randomly split into a validation
set and a master set. Subsequent to alignment-based
clustering of the master set sequences, one example from
each such cluster was randomly selected into a prototype
set, whereas the remaining part constituted the design set.
This process ensured that the prototype set was as diverse
as possible in the context of sequence similarity. The
non-allergen dataset was randomly divided into a valida-
tion set and a design set. The steps for detector design and
validation are illustrated in Figure 1 and can be summa-
rized as follows: Local alignment procedures were per-
formed between design sequences (allergen and non-
allergen) and prototype sequences. The resulting alignment
scores (ASs) and the alignment lengths (ALs) were subse-
quently used as input features to design a detector of
allergenic potential, using a supervised detector algo-
rithm. The accordingly designed detector was finally vali-
dated with ASs and ALs from alignments between valida-
tion sequences against the prototype sequences (allergens
and non-allergens).

The allergen detector settings were selected from the
following alternatives: 1) the number of prototypes (100,
150, or 200), 2) the substitution matrix (Blosum80 or
Blosum50), 3) the gap penalties gap opening/gap extension
(default; —12/—2 or high; —10%/—10°), 4) the supervised
detector algorithm (kNN, LG, or QG). For details on these
supervised algorithms, see Hastie et al.?® For kNN, two
different values of the number of neighbors, £ (7 and 9),
were tested. Thus, 3 X 2 X 2 X 4 = 48 detector settings
were evaluated.

D. SOERIA-ATMADJA ET AL.

Two hundred eighty-three and 871 redundant allergen
and non-allergen amino acid sequences (or sequence clus-
ters), respectively, were used in the study. The sequences
were selected from earlier reported datasets consisting of
578 allergens®! and 1,007 non-allergens,?® which both are
publicly available at the following Web site: http:/
www.slv.se/allergyalign/tables2. More information on the
datasets and the procedure used to avoid redundancy is
available in the Supplementary Material.

Application of the External CV Procedure on
Detection of Potential Allergenicity

The external CV loop was applied to the aforementioned
detector of potentially allergenic proteins and the proce-
dural steps in each external iteration i are illustrated in
Figure 2. A tenth of all sequences was held out as the
external Validation set i (Allergen and Non-Allergen)
whereas the remaining examples constituted the external
Allergen Master set i and the external Non-Allergen
Design set i, respectively. These two sets were first used in
an internal 10-fold CV to find the most promising detector
setting from 48 alternatives (each setting corresponds to a
unique combination of algorithm and parameter values)
and were subsequently used externally to design a final
detector i. For more information on the organization of
datasets in both the external and internal CV iterations,
see Figure S1 in the Supplementary Material.

For each of the 10 external CV iterations i, an internal
10-fold CV was used for selection of detector settings. The
selection procedure was performed using conservative re-
ceiver operating characteristics (ROC) curves based on the
10 internal CV iterations ij. An ordinary ROC curve
depicts the probability of detection (sensitivity, correctly
classified allergens) on the ordinate versus the probability
of false alarm (1-specificity, erroneously classified non-
allergens) on the abscissa. Each point on the curve shows
the variation of the two aforementioned measures with
changes in the decision threshold, i.e., the trade-off be-
tween sensitivity and specificity for a two-class test.*® In
contrast to the point estimates of the probability of detec-
tion and false alarm as shown in an ordinary ROC curve, a
conservative ROC curve shows the lower (95%) confidence
boundary for detection (LBDet) versus the upper (95%)
confidence boundary for false alarms (UBFA).3! For each
of the 48 detector settings, the confidence boundaries
LBDet and UBFA were calculated from the 10 internal
estimates obtained in the internal CV loop. The setting
yielding the highest LBDet for the majority of the UBFA
levels, ranging from 1 to 25%, were selected for external
evaluation. This range encompasses an appreciable part of
the conservative ROC curves and false alarm levels higher
than 25% are beyond the scope of practical importance.
This majority voting in the selection was used to obtain a
robust setting in comparison to a setting based on the
maximal LBDet at a single UBFA level.

In each iteration i of the external 10-fold CV procedure,
a final design and evaluation was ultimately performed. In
conjunction with the accordingly selected detector setting,
the two datasets external Allergen Master set i and
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External CV iteration i

I. External Allergen Master set i and Non-Allergen Design set j are
used for parameter selection through an internal 10-fold CV

Internal CV iteration ij ;
A Design and Testing of ten internal detectors

« Datasets (see supplementary Figure S1): Internal Prototype
set jj, internal Design sets jj (Allergen and Non-Allergen) and
internal Validation sets ij (Allergen and Non-Allergen)

» Detector settings: In each iteration j of the inner loop, 48
detectors, each with a different setting are designed and tested

B Selection of parameter settings
* Foreach of 48 settings, a conservative ROC curve using the

10 performance estimates obtained in the tests is computed
s« Based on the 48 ROC curves, select the most promising

detector setting

Il. Design and Testing of the final external detector j
« Datasets (see supplementary Figure S1): External Prototype
set j, external Design sets / (Allergen and Non-Allergen) and
external Validation sets i (Allergen and Non-Allergen)
» Detector settings: The detector setting selected in the internal
CV is used in the design and validation.

Fig.2. External CV procedure applied to the design and evaluation of an allergen detector. Internal CV iteration jj (in white) for detector selection and
external CV iteration / (in gray) for detector evaluation. The figure depicts the procedure of using 10 internal CV iterations j for each of 10 external CV
iterations i to separate the evaluation of detector performance estimates from the selection of detector setting. In the external evaluation of detector i, the
detector is designed with Prototype set iand Design sets i (allergen and non-allergen) using the detector setting suggested most suitable according to the
10 internal CV:s. The performance of the ultimately designed detector i is validated with the held-out external Validation sets i (allergen and

non-allergen).

external Non-Allergen Design set i were used to design an
allergen detector i, whose performance was evaluated with
the sequences in the external Validation set i.

Computer Programming

Except for the local and global alignment algorithms
included in the FASTA3 package,*' development and
computational exercises were performed in MATLAB (The
MathWorks, Inc., Natick, MA). Particular extension mod-
ules used were the Statistical Toolbox from MathWorks
and the PRTools toolbox.*?

RESULTS
Computer Simulations for Identification of CV Bias

Computer simulations were performed as described in
M&M, using data generated from two Gaussian distribu-
tions. For each of the 1,000 simulated datasets and for
each type of error estimate (internal, external, true), 10
corresponding error rate estimates were obtained. The
averages of these 10 estimates were computed, thus result-

ing in 1,000 different sets of mean values for each error,
denoted my,;, Mgy, and Mmrp,.,.. For each simulation, m,,,
Mg, and mr,.,. were combined into joint observations
consisting of three possible pairs: (mp,;, M), (Mpy,
my,...), and (mp,,, mg,), which are presented as two-
dimensional histograms in Figure 3. The averages of the
1,000 my,,, Mgy, and mr,.,., denoted My, Mg, and
M., are listed in Table I. Also listed in Table I are the
standard deviations of the means M;,;, My, and M, ..
As expected and shown from Figure 3(A, B), as well as in
Table I, the internal average error estimate M, has a
large optimistic bias whereas the external average error
estimate Mg, is almost identical to the true average error
estimate Mr,.,.. Moreover, results in Figure 3(C) show that
the internal and external estimates have a strong positive
correlation, but the large variances imply that the result
from a single study (representing one of these 1,000 points)
might be quite misleading, even if it is unbiased. For
example, as can be seen in Figure 3(B), the vast majority of
the average of “true” error rate estimates are observed on
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Fig. 3. Comparison of internal and external error rate estimates with
true estimates. Results from computer simulations are illustrated as
two-dimensional histograms over pairs of the 100 m; (i = Int, Ext, or True),
which are the averages of the 10 error rate estimates, obtained in the
external 10-fold CV. The histograms were created by dividing the range
between the largest and smallest value on each axis into 100 equally
sized sections, thus forming a two-dimensional grid. For each square in
the grid, the number of observations was counted. The resulting matrices
were finally visualized by giving each square a gray-scale value corre-
sponding to the number of points it contained, spanning from white (no
points) to black (many points). The center of each distribution, which is the
average of the 1,000 averages m,, is denoted M, and is indicated by a
black line. A: The average true error rate mq ., versus the average
internal error rate m,,,. B: The average true error rate m,,. versus the
average external error rate mg,,. C: mg,, versus the average internal error
rate my.

TABLE 1. Averages (M) and Standard Deviations of
Averages (STD) Based on 1,000 Average Error Rate

Estimates
Type of error rate ¢ M; STD,
Int (internal) 0.141* 0.00152
Ext (external) 0.180° 0.0020°
True 0.1863°¢ 0.0006°

2Each of the 1,000 internal error rate estimates is a LOO estimate.
PEach of the 1,000 external error rate estimates is a 10-fold CV
estimate (on five samples).

“Each of the 1,000 true error rate estimates is an average of 10 holdout
estimates (on 10,000 samples).

the interval [0.16,0.22], whereas the corresponding “exter-
nal” error rate estimates are observed on the interval
[0.05,0.30].

Selection of Detector Settings for Detection of
Potential Allergens

Table II lists the selected detector settings that were
selected as the most promising in the internal CV and used
in the subsequent design of the 10 external allergen
detectors i. Whenever several sets of detector settings
appeared as being equivalent, one of them was selected at
random. Regarding the selection of detector algorithms,
results between each external CV were consistent, show-
ing a preference for the kNN algorithms (either £ = 7 or 9)
over both the LG and the QG counterparts. Moreover, a
rather clear preference was evident for a combination of
Blosum80 with a high gap penalty setting. No clear-cut
difference on prototype numbers was, however, seen; 100,
150, and 200 prototypes were chosen at least two times
each.

Evaluation of Detector Performance

The selected detector settings were finally evaluated
with the corresponding external Validation sets i (Allergen
and Non-Allergen), using Allergen Master set i and Non-
Allergen Design set i for design. Hence, the external
Master set i and the Non-Allergen Design set i were in this
process used strictly for design (see M&M, Fig. 2 and
supplementary Fig. S1). The corresponding performance
for each of these 10 external detectors i is depicted in
Figure 4, using ordinary ROC curves based on point
estimates of the error rates. In addition to the ROC curves,
the average probability of detection (of the 10 detectors i)
in each false alarm point is depicted. The average ROC
curve in the allergen detector design procedure is analo-
gous to one of the 1,000 average values my,, in the
computer simulations.

DISCUSSION
Bias Attributed to Improper Validation for
Classifier/Detector Performance Estimation

In a recent report on prediction of protein domains, Liu
and Rost*® performed a 10-fold CV procedure in which
approximately 9% of the examples were set aside as an
external holdout set and the remainder for design and
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TABLE II. Top-Ranked Detector Settings to Be Used in Design of Each External Allergen Detector i

Setting Detector Amount of Substitution Gap penalties
CV iteration number algorithm prototypes matrix (opening/extension)
1 36 kNN (k = 9) 200 Blosum80 High (—10%/-10%)
2 40 kNN (k = 7) 100 Blosum80 High (—10%/-10%)
32 36 kNN (k = 9) 200 Blosum80 High (—10%/-10°)
32 48 kNN (k = 7) 200 Blosum80 High (—10%-10°)
4 36 kNN (k = 9) 200 Blosum80 High (—10%/-10%)
5 32 kNN (k = 9) 150 Blosum80 High (—10%/-10°)
6 28 kNN (k = 9) 100 Blosum80 High (—10%-10°)
72 28 kNN (k = 9) 100 Blosum80 High (—10%/-10%)
72 32 kNN (k = 9) 150 Blosum80 High (—10%/-10°)
78 36 kNN (k = 9) 200 Blosum80 High (—10%-10°)
8 28 kNN (k = 9) 100 Blosum80 High (—10%/-10%)
9 48 kNN (k = 7) 200 Blosum80 High (—10%/-10°)
10 32 kNN (k = 9) 150 Blosum80 High (—10%/-10°)

2In iterations in which multiple detector settings proved equally good, one was randomly chosen as top-ranked.

b ' — I : for detector design, which is a well-known advantage
o0} J—] I - | and motivation for CV in comparison with holdout
- | B ] A‘J 1 testing.
S ol | — ’_'_E _ 2. The external CV loop yields statistics on how often
S =T different parameter settings are selected (see Table II).
g eoF i
1. a —
:g; ° _‘/ | Detector settings occurring in the majority of the i external
= iterations support the assumption that these parameters
S j ] are favorable for the construction of the detector in general
& - and not solely for examples used in the internal validation.
o _4/ | The ability to detect such tendencies (or lack of tendencies)
T . B ) . is an important advantage over a single holdout validation
% 5 10 15 2 b3 Ed test. We would like to stress that a single external holdout

Probability of false alarms (%)

Fig. 4. Detector estimates for external CV. The graph shows the 10
ROC curves for each allergen detector i, designed with Allergen Master
set i and Non-Allergen Design set j, and validated with the Allergen and
Non-Allergen Validation sets i. For each allergen detector i, the detector
setting selected from the internal CV is used. The thicker line shows the
average detection for all 10 curves at a given level of false alarms. (Note
that the probability of false alarm axis is between 0-30%.)

validation. Together with the aforementioned work of
Bhasin and Raghava,®” this is one of very few reports we
have been able to find on protein detection and classifica-
tion that clearly describes implementation of an unbiased
external test procedure.

In this article, we suggest an alternative procedure
(based on an external CV loop), which also is aimed at
separating the selection of detector setting from perfor-
mance estimation. Our results on simulated data clearly
show that the estimate obtained after selection among
several alternatives is biased. The results also demon-
strate the feasibility of an external CV loop to obtain
unbiased performance estimates. The advantage of the
proposed external CV loop, compared with a single exter-
nal (independent) holdout set, can be segmented into two
principally distinct categories:

1. The external CV loop uses the available examples more
efficiently in the sense that more examples can be used

test results in an unbiased estimate of the finally selected
detector, whereas in the procedure presented here, the
final estimate reflects the average performance for the
detector design procedure used. Thus, the external CV loop
enables the analysis of the robustness of the detection
system in parameter selection as well as in performance
estimation even though no final detector is specifically
evaluated. Moreover, the internal CV loop for parameter
selection used in this work could be replaced by other
methods such as a single holdout test or any bootstrap
method.

The sample sizes in the simulations were rather small
compared with the specific case of the application to
detection of potential allergens, but they were chosen to
make the simulations fast and illustrative. Moreover, in
many biological prediction systems, the amount of data is
scarce, which supports the relevance of using small samples
in the simulation. With larger datasets, the bias of interest
in this specific computer simulation would be less pro-
nounced and therefore more difficult to visualize. A more
complex detection problem (in this case only one parame-
ter is optimized) would probably increase the bias, but
because our purpose is to demonstrate the existence of the
bias, a simplistic experimental outline was preferred. It
should also be noted that small datasets increase the
uncertainty in the obtained estimates, regardless of
whether holdout, CV, or bootstrap methods are used
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(either internally for parameter optimization or externally
for unbiased error rate estimation).

A seemingly specific but quite general problem associ-
ated with amino acid sequence detection pertains to identi-
fication of a small set of reliable features of the sequences
that yields powerful discrimination. This is an important
issue because most supervised learning algorithms rely on
feature vectors of fixed length (with few exceptions such as
hidden Markov models). One successful and frequently
used approach, proposed by Rost and Sander** for protein
structure prediction, is to perform a multiple alignment for
every unknown sequence, and subsequently represent
that sequence in terms of features that characterizes its
multiple alignment with the closest neighbors in sequence
space. As regards the detection (two-class) problem consid-
ered in this work, a slightly different approach is used in
which features are extracted using individual alignments
of the unknown sequences to a diverse set of sequences
that are known to belong to the class of interest (aller-
gens). For both methods, several parameters have to be
selected. (The choice of prototype number, substitution
matrix, and gap penalty setting can be viewed as feature
selection parameters because they directly influence the
features ASs and ALs.) As elaborated in this work, all such
parameters must be selected inside an internal validation
procedure to avoid introduction of an undesired bias.

Why Are Certain Settings Preferred in the Allergen
Detector Design?

Results, from the selection of settings for detecting
allergen potential, listed in Table II, indicate a preference
for kNN over the two Gaussian counterparts in all the
external CV iterations. There is also a consistency on
choice of substitution matrix as well as gap penalty
setting, as revealed by a preference for Blosum80 and high
gap penalty in all CV iterations. This robust pattern of
supervised algorithm and parameter settings is indicative
of their relevance to the construction of detectors for
allergenic potential. Our first work on detection of aller-
genic potential®® describes a detector specific for food
allergens. The preferred detector algorithm used in that
work was kNN with £ = 9 as the favored amount of
neighbors, largely in line with the results presented herein.
In a subsequent work,?® aimed at detecting any kind of
allergen, extended sets of supervised algorithms and local
alignment parameters were evaluated. The overall best
detector in that work was based on the linear Gauss
algorithm with a feature vector consisting of the mixed
ASs using different substitution matrices. When a feature
vector composed of AS and AL was used (as in this work),
however, kNN proved to be the most robust supervised
algorithm, similar to results presented herein. Regarding
gap penalty settings, results reported herein show a
preference for high gap opening/extension penalties, which
differs from findings in the earlier study.?® The conse-
quence of using high gap penalties is that shorter un-
gapped regions, which may contain linear epitopes neces-
sary for allergic reactions, become favored. The
discrepancies might in part result from differences in the
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datasets used but may also reflect procedural differences,
because the external CV procedure described herein was
not used in any of the previous work.

Markedly variable detector settings across the external
CV iterations could be attributable to at least two distinct
mechanisms: The most obvious reason is that the detector
design procedure is not robust enough and accordingly too
dependent of design data. This is plausible in cases with
small data sets. Discrepancies between iterations may also
occur if many settings of a single parameter are evaluated,
or if there are many different parameters to select from. If
the difference between two detector settings is small it is
likely that their respective estimates in the internal
validation procedure will be almost identical, leading to
difficulties in distinguishing among the best settings. In
these cases, it will be necessary to analyze not only the
top-ranked setting (in each iteration) but also the settings
yielding estimates close to those of the best. Otherwise a
detector setting that performs well in all iterations may be
overlooked, because another setting yields a slightly better
estimate in one of the iterations.

General Molecular Family Detection

The problem of protein family detection may be consid-
ered as a branch of molecular family detection, i.e., detec-
tion of molecule groups of interest. A recent example of this
is the detection of molecules that are permeable with
respect to a particular barrier.*® Therefore, it should be
accentuated that the bias discussed in this study is not
restricted to in silico detection of protein families but may
appear in any molecular family detection problem wherein
validation procedures are used to evaluate performance of
many alternative parameter settings. This source of bias
should always be taken into consideration before the
design of such detectors and the procedure presented
herein should be helpful in that process.

CONCLUSION

This work demonstrates a frequently overlooked bias in
CV-based evaluation of in silico protein family detectors. One
solution to this problem is to use an external test set and
another is to embed the design procedure in an external CV
loop as suggested in this work. When applied to detection of
potential protein allergens, the proposed external CV loop
procedure shows that particular subsets of parameter set-
tings are selected much more often than others. This demon-
strates that the suggested external CV loop is important not
only for bias elimination, but also for improved understand-
ing of classification algorithms and parameter settings to be
selected for a particular application.
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