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The discriminant function algorithm was intro-
duced to predict the subcellular location of proteins in
prokaryotic organisms from their amino-acid compo-
sition. The rate of correct prediction for the three
possible subcellular locations of prokaryotic proteins
studied by Reinhardt and Hubbard (Nucleic Acid Re-
search, 1998, 26:2230–2236) was 90% by the self-
consistency test, and 87% by the jackknife test. These
rates are considerably higher than the results recently
reported by them using the neural network method.
Furthermore, the test procedure adopted here is also
more rigorous. The core of the current algorithm is the
covariance matrix, through which the collective inter-
actions among different amino-acid components of a
protein can be reflected. It is anticipated that, owing
to the intimate correlation of the function of a protein
with its subcellular location, the current algorithm
will become a useful tool for the systematic analysis of
genome data. © 1998 Academic Press
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The rapidly increasing number of sequences enter-
ing into the genome databank has created the need for
fully automated methods to analyze them [1]. Knowing
the cellular location of a protein is a key step towards
understanding its function. Even if the basic function
of a protein is known, knowing its cellular location may
provide insights as to which pathway an enzyme is
involved. The pioneer study by Nakashima and Ni-
shikawa [2] indicated that intra- and extracellular pro-
teins differ significantly in their amino-acid composi-
tion. Subsequently two automatic methods for
assignment of the subcellular location of proteins ac-
cording to their amino-acid composition were proposed.
One of these [3] is based on Mahalanobis distance [4]
which, however, is valid only when the subset sizes in
the training dataset are the same or approximately the
same [5]; while the other is based on the neural net-

work technique [6] for which it is difficult to give a
physical explanation although the results are often
successful in practice. For example, as pointed out by
King [7], the neural networks methods have “very poor
explanatory power” and “they are statistically rather
poorly characterized”. Nevertheless, in comparison
with [3], the dataset constructed by Reinhardt and
Hubbard in [6] is one step forward as reflected by the
following features: (a) intracellular proteins are distin-
guished as cytoplasmic or mitochondrial and eukary-
otic and prokaryotic sequences handled separately; (b)
all transmembrane proteins are excluded because reli-
able prediction methods for this group already exist [8];
(c) the number of proteins in each subset (subcellular
location) is considerably different as reflecting the re-
ality in cells. In view of this, the Reinhardt and Hub-
bard dataset can be used to examine the effectiveness
of a new prediction algorithm.

DISCRIMINANT FUNCTION

Suppose there are N proteins forming a set S, which is
the union of m subsets Sj (j 5 1, 2, . . . , m) each repre-
senting a subcellular location. The size of each subset is
given by Nj (j 5 1, 2, 3, . . . , m), where Nj represents the
number of proteins in the subcellular location j. Obvi-
ously, N 5 ¥j51

m Nj. The prediction algorithm is based on
the correlation between the subcellular location of a pro-
tein and its amino-acid composition. Any protein corre-
sponds to a vector or a point in the 20-D (dimensional)
space; i.e., it can be described by [9]

Xk
j 5 3

xk,1
j

xk,2
j

···
xk,20

j

4 ,

~k 5 1, 2, . . . , Nj; j 5 1, 2, 3, . . . , m! [1]

where xk,1
j , xk,2

j , . . . , xk,20
j are the normalized occur-

rence-frequencies of the 20 amino acids in the kth
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TABLE 1

List of the 997 Prokaryotic Protein Sequences Classified in Three Subcellular Locations
as Studied by Reinhardt and Hubbard [6]
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protein Xk
j of the jth subcellular location. The standard

vector for the subcellular location j is defined by

Xj 5 3
x1

j

x2
j

···
x20

j

4 , ~j 5 1, 2, 3, . . . , m! [2]

where

xi
j 5

1
Nj

O
k51

Nj

xk,i, ~i 5 1, 2, . . . , 20!. [3]

Suppose X is a protein whose subcellular location is to
be predicted. It also corresponds to a point ( x1, x2, . . . ,
x20) in the 20-D space, where xi has the same meaning
as xk,i

j but is associated with protein X instead of Xk
j .

Thus, the current algorithm can be formulated as fol-
lows.

The similarity between the standard vector Xj and
the protein X is characterized by the Bayes discrimi-
nant function, as defined by [10]

F~X, Xj ! 5 D2~X, Xj ! 1 ln~l2
jl3

jl4
j , . . . , l20

j !. [4]

The first term is the squared Mahalanobis distance
between Xj and X [4, 11]:

D2~X, Xj ! 5 ~X 2 Xj !TCj
21~X 2 Xj !,

~j 5 1, 2, 3, . . . , m! [5]

where Cj is the covariance matrix for subset Sj, given
by

Cj 5 3
c1,1

j c1,2
j · · · c1,20

j

c2,1
j c2,2

j · · · c2,20
j

···
···

· · ·
···

c20,1
j c20,2

j · · · c20,20
j

4 , [6]

and the superscript T is the transposition operator;
Cj

21 is the inverse matrix of Cj. The matrix elements
ci, j

j in eq.6 are given by

ci, j
j 5

1
Nj 2 1 O

k51

Nj

@ xk,i
j 2 xi

j#@ xk, j
j 2 xj

j#,

~i, j 5 1, 2, . . . , 20!. [7]

Note that, different from the covariant matrices formu-
lated in [4], a denominator Nj 2 1 is incorporated in
the above equation. The second term of eq.4 reflects the
difference of covariance matrices for different subcel-
lular locations, in which li

j is the ith eigenvalue of the
covariance matrix Cj (i 5 2, 3, 4, . . . , 20). It can be
proved that, for the covariance matrix Cj as defined by
eq.7, there are no negative eigenvalues. It can also be
proven [9] that Cj has one, and only one, eigenvalue
(represented by l1

j) equal to zero; i.e., l1
j 5 0. In-

corporation of the term ln(l2
jl3

jl4
j , . . . , l20

j ) into the
discriminant function, together with the denominator
Nj 2 1 into the covariant matrices, is very important,
especially when the subset sizes in the training dataset
are much different [5]. It is because of the second term
that the discriminant function F as defined by eq.4 is
no longer a distance because it does not satisfy the
condition of F(X, Xj) 5 0 when X [ Xj, and also it may
have a negative value, obviously in conflict with the
classical definition that a distance must satisfy positiv-
ity, symmetry, and the triangular inequality.

TABLE 1—Continued

Note. The codes are according to the SWISS-PROT Data Bank.
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Thus, the prediction rule is formulated by

F~X, Xx! 5 Min$F~X, X1!,

F~X, X2!, F~X, X3!, . . . , F~X, Xm!% [8]

where x can be 1, 2, 3, . . . , or m, and the operator Min
means taking the least one among those in the paren-
theses, then the superscript x of eq.8 is the predicted
cellular location for the protein X. If there is a tie case,
j is not uniquely determined, but that did not occur in
our dataset.

RESULTS AND DISCUSSION

To show the power of the current prediction algo-
rithm, the comparison was made with the best result
reported by the previous investigators. According to a
recent report by Reinhardt and Hubbard [6], for the
997 prokaryotic proteins classified in three different
subcellular locations (Table 1), the rate of correct pre-
diction by the neural network method was 81%. This is
the highest accuracy rate so far reported about the
prediction of protein cellular location. Now for the
same dataset, we used the discriminant function algo-
rithm to perform prediction. The prediction quality

TABLE 2

Predicted Results for the Three Possible Subcellular Locations of the 997 Prokaryotic Proteins in Table 1

Test method

Rate of correct prediction for each subcellular location
Overall rate of

correct prediction1. Cytoplasmica 2. Extracellular a 3. Periplasmica

Self-consistency
643
688 5 93.5%

94
107 5 87.9%

164
202 5 81.2%

901
997 5 90.4%

Jackknife
630
688 5 91.6%

86
107 5 80.4%

146
202 5 72.3%

862
997 5 86.5%

a The number of proteins in this group has one or two proteins more than that of Table 1 of ref.6. This is because during the training process
performed by Reinhardt and Hubbard all groups had to have a number of sequences dividable by three. As a consequence they left out 1 or
two at the end of those groups if the number of proteins therein cannot be perfectly divided by three (personal communication with Dr.
Reinhardt).

TABLE 3

The Standard Vector and Eigenvalue Set Derived from the Dataset of Table 1
for Each of the Three Subcellular Locations of Prokaryotic Proteins

Standard vector Eigenvalue set

Amino acid
code

1. Cytoplasmic
X1

2. Extracellular
X2

3. Periplasmic
X3

Order
i

1. Cytoplasmic
li

1 3 105
2. Extracellular

li
2 3 105

3. Periplasmic
li

3 3 105

A 0.089 0.098 0.106 1 0 0 0
C 0.010 0.007 0.012 2 0.5 0.7 0.6
D 0.060 0.058 0.061 3 4.2 2.7 4.9
E 0.075 0.037 0.050 4 6.1 4.3 8.7
F 0.039 0.034 0.036 5 8.0 5.2 9.0
G 0.074 0.096 0.081 6 10.1 6.6 12.3
H 0.024 0.017 0.019 7 11.3 8.7 14.2
I 0.063 0.046 0.046 8 13.9 10.4 15.8
K 0.060 0.054 0.070 9 16.1 11.3 16.6
L 0.092 0.070 0.082 10 16.5 15.5 19.1
M 0.026 0.020 0.028 11 21.3 18.8 23.6
N 0.039 0.065 0.046 12 23.2 22.6 26.7
P 0.041 0.038 0.050 13 25.8 29.0 32.0
Q 0.037 0.040 0.041 14 28.5 33.0 38.9
R 0.053 0.037 0.036 15 31.4 38.0 43.0
S 0.050 0.081 0.061 16 38.1 43.5 49.3
T 0.053 0.071 0.059 17 48.3 57.0 67.4
V 0.074 0.068 0.071 18 66.0 80.4 73.1
W 0.010 0.017 0.014 19 99.3 100.6 112.5
Y 0.029 0.044 0.032 20 146.0 148.7 128.3
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was examined by the standard testing procedure in
statistics [12] that consists of the self-consistency and
jackknife tests. In the former, the subcellular location
for each protein in a given dataset was predicted using
the parameters derived from the same dataset, the
so-called training dataset; while in the latter, each
protein in the training dataset was singled out in turn
as a “test protein” and all the rule-parameters were
derived from the remaining proteins. Compared with
the independent dataset test and sub-sampling test
often adopted in biology, the jackknife test is thought
the most effective method for cross-validation in sta-
tistics [12]. This is because in the independent dataset
test, the selection of a testing dataset is arbitrary, and
the accuracy thus obtained lacks an objective criterion
unless the testing dataset is sufficiently large [9]. As
for the subsampling test in which a given dataset is
divided into two or three subsets, the problem is that
the number of possible divisions might be too large to
be handled. For example, in the treatment by Rein-
hardt and Hubbard [6], proteins in each group of Table
1 were equally divided into three subgroups. Thus, the
number of possible divisions would be C 5 C1 3 C2 3

C3, where C1 5
687!

229!229!229! , C2 5
105!

35!35!35! , and

C3 5
201!

67!67!67! . Of C1, C2, and C3, the smallest is C2

. 9.8 3 1047, indicating the number of possible divi-

sions would be C @ 10141! This is an astronomical
figure, which is too large to be handled by any existing
computers. Hence in any practical sub-sampling tests
as carried out in [6], only a very small fraction of the
possible divisions were investigated, and the results
thus obtained would certainly bear considerable arbi-
trariness. Accordingly, the testing procedure adopted
here is much more objective and rigorous.

The predicted results by self-consistency and jack-
knife tests for the 997 proteins of Table 1 are given in
Table 2, from which we can see that the overall rate of
correct prediction is 90% by self-consistency test, and
87% by jackknife test. Both are considerably higher
than the prediction accuracy of 81% obtained by the
neural network method as reported in [6]. Likewise,
better prediction quality was also obtained by using
the current method for all the other datasets con-
structed for studying cellular location of proteins.

Therefore, from both the rationality of testing proce-
dure and the accuracy of test results, the introduction
of the discriminant function algorithm as presented in
this paper can significantly improve the prediction
quality.

To show the difference in amino acid compositions
that distinguish the subcellular locations of proteins,
the 20-D standard vector derived from the proteins in
Table 1 for each of the three subcellular locations is
given in Table 3. Meanwhile, to provide an intuitive

FIG. 1. Radar diagrams to show the difference of the 20-D standard vectors, i.e. the average amino acid compositions which distinguish
the subcellular locations of (a) cytoplasmic prokaryotic proteins, (b) extracellular prokaryotic proteins, and (c) peroplasmic prokaryotic
proteins. Amino acids are denoted by their single-letter codes (see Table 3).
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picture, each such 20-D standard vectors is projected
onto a 2-D radar diagram as given in Fig.1. Further-
more, the 20 eigenvalues for each of the three corre-
sponding covariance matrices are also given in Table 3
that might be of use for investigating the component-
coupled effects at a deeper level, especially for under-
standing the important contribution from the second
term of eq.4. This is a vitally important term for deal-
ing with the case where the sizes of subsets are differ-
ent. However, such an important term as well as the
denominator Nj 2 1 in eq.7 were not included in the
original least Mahalanobis distance algorithm [4] al-
though good results were still yielded because the case
studied there consisted of the same-sized subsets. It is
very important to realize this; otherwise, the predic-
tion algorithm might be misused, leading to poor re-
sults and an incorrect conclusion.

The essence of the discriminant function algorithm is
in the covariance matrix (eq.6), which reflects the col-
lective interactions among different amino-acid compo-
nents of a protein that actually dictate its final folding
state or conformation. On the other hand, different
subcellular compartments will provide different opti-
mal environments for some special protein conforma-
tions. It is based on such an internal relationship that
the current prediction algorithm is established. It is
anticipated that with continuously updating the train-
ing dataset by incorporating more protein sequences
and increasing the accuracy of locational classification,
the prediction quality will be further improved. Since
the possible function of a protein is restricted by its
subcellular location, the powerful prediction algorithm

developed here may become a useful vehicle for sys-
tematic analysis of the wealth of rapidly increasing
data being provided by large scale genome projects.
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