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A supervised classification scheme for analyzing microarray expression data, based on the k-nearest-neighbor
method coupled to noise-reduction filters, has been used to find genes involved in the osteogenic pathway of
the mouse C2C12 cell line studied here as a model for in vivo osteogenesis. The scheme uses as input a training
set embodying expert biological knowledge, and provides internal estimates of its own misclassification errors,
which furthermore enables systematic optimization of the classifier parameters. On the basis of the
C2C12-generated expression data set with 34,130 expression profiles across 2 time courses, each comprised of 6
points, and a training set containing known members of the osteogenic, myoblastic, and adipocytic pathways,
176 new genes in addition to 28 originally in the training set are selected as relevant to osteogenesis. For this
selection, the estimated sensitivity is 42% and the posterior false-positive rate (fraction of candidates that are
spurious) is 12%. The corresponding sensitivity and false-positive rate for detection of myoblastic genes are 9%
and 31%, respectively, and only 4% and ∼100%, respectively, for adipocytic genes, in accordance with an
experimental design that predominantly stimulated the osteogenic pathway. Validation of this selection is
provided by examining expression of the genes in an independent biological assay involving mouse calvaria
(skull bone) primary cell cultures, in which a large fraction of the 176 genes are seen to be strongly regulated, as
well as by case-by-case analysis of the genes on the basis of expert domain knowledge. The methodology should
be generalizable to any situation in which enough a priori biological knowledge exists to define a training set.

[Online supplementary material available at www.genome.org]

In recent years, much use has been made of clustering meth-
ods in the analysis of some of the large gene expression data
sets generated by microarrays (Eisen et al. 1998; Wen et al.
1998; Alon et al. 1999; Ben-Dor et al. 1999; Tamayo et al.
1999; Alizadeh et al. 2000; Ross et al. 2000). Such unsuper-
vised methods of data organization are very well suited to
situations in which there is little a priori knowledge regarding
the expected behavior of gene expression in the given bio-
logical system. However, clustering methods also suffer from
the fact that they are in part qualitative exploratory tools,
ideally suited for visualization, but not as well adapted for
precisely defining class boundaries between groups of genes,
nor for estimating error rates in classification.

In this study, we present an alternative approach for clas-
sifying genes based on a well-known supervised learning
method, the so-called k-nearest-neighbor (kNN) method
(Duda and Hart 1973; Fukunaga 1990). This method is applied
to finding genes in the differentiation pathways of a well-
characterized system, the pluripotent mouse C2C12 cell line
(Katagiri 1994), with a focus on the genes involved in the
osteogenic pathway. The premise of the method is that one
first constructs a training set. This training set is a collection
of genes that is a subset of the data set under investigation,

and for which precise class memberships can be assigned. The
definition and choice of the training set classes is determined
by the biological context and by the types of questions being
asked of the data; in the present case, each class represents a
different differentiation pathway. Once the training set has
been defined, the remaining genes in the data set can be clas-
sified, that is, assigned to one of the classes in the training set.
In the kNN method, this is done by a voting scheme in which
the class memberships of the k-nearest-neighbors in an ex-
pression space to a given gene are used to establish its as-
signed classification. The nearest neighbors are picked only
from the training set, and k is a fixed parameter, typically in
the range from 1 to 10 (for the final classification results pre-
sented here, k = 2 was found to be optimal).

The classifier used here has been called GENNC (gene ex-
pression nearest neighbor classifier). The implementation of
GENNC departs from a simple application of the kNN method
in that it also includes two important filtering steps that sup-
press noisy data, and which precede the kNN classification
proper.

Because it incorporates some measure of the truth before-
hand, in the form of the training set, GENNC has the desirable
feature that allows one to estimate its error rates. As a conse-
quence, optimization of the classifier parameters is possible,
and in particular, one can maximize sensitivity at a given,
fixed level of selectivity. This state of affairs removes much of
the arbitrariness that is often present when one is selecting
genes using unsupervised methods, although one should re-
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main aware that the results are critically dependent on the
quality and relevance of the training set.

Below, we first present the GENNC classifier applied to
finding genes in the osteogenic differentiation pathway of the
mouse C2C12 cell line, a pathway of direct relevance to dis-
ease processes such as osteoporosis. Starting from a data set of
34,130 expression profiles, and by use of an optimized set of
classifier parameters, GENNC classifies 176 genes into the
C2C12 bone pathway. Biological validation of this selection is
then provided by analyzing expression in an independent
biological assay consisting of a primary cell culture derived
from mouse calvaria (skull bone) tissue.

Related Work
Supervised learning schemes have been applied only rela-
tively recently to the analysis of gene expression. These in-
clude the work of Golub et al. (1999), the SPLASH algorithm
(Califano et al. 2000), and classification by so-called support
vector machines (Brown et al. 2000). The algorithms de-
scribed by Golub or in connection with SPLASH have been
used for a somewhat different task than the one considered
here, that of classifying and predicting cell types rather than
genes. Furthermore, whereas the support vector machines
have been used, as has been GENNC, for the classification of
genes, the problems considered are different; for instance, the
classification of Saccharomyces Cerevisiae genes into five broad
functional classes. Because of these differences, a direct com-
parison of the methods is not straightforward, and was not
attempted here, where, instead, we focused on a self-
contained presentation.

Biological System and Experiment Design
In vivo, undifferentiated mesenchymal stem cells (MSC) have
the ability to differentiate into chondrocytes, myocytes, adi-
pocytes, and osteoblasts (Taylor and Jones 1979; Grigoriadis
et al. 1988; Yamaguchi and Kahn 1991; for review, see Triffitt
1996; Karsenty 1999), and thus represent a valuable model for
the study of gene regulation associated with these mutually
exclusive differentiation pathways. In particular, several
members of the transforming growth factor-� (TGF-�) super-
family have been shown to play regulatory roles in osteoblast
differentiation and maturation. Thus, bone morphogenic pro-
tein 2 (BMP-2) was initially characterized by its ability to in-
duce new bone formation when implanted into muscular tis-
sues. In vitro, BMP-2 has been reported to stimulate osteoblas-
tic maturation and has the ability to induce or accelerate the
appearance of osteoblastic markers in both undifferentiated
nonosteogenic cells and committed osteoblast precursors
(Groeneveld and Burger 2000).

In the study presented here, we used the GENNC classifier
on a specific in vitro system, the well-characterized mouse
C2C12 cell line, which captures important aspects of the gen-
eral MSC differentiation program outlined above. The mouse
C2C12 cells are an established progenitor cell line that was
initially derived from parental C2 myoblasts isolated from
regenerating muscle of adult mouse (Yaffe and Saxel 1977;
Blau 1983). Exposure of these pluripotent cells to a low-
mitogen medium (2%–5% serum conditions) induces a pro-
gram of muscle differentiation coupled with terminal with-
drawal from the cell cycle and fusion of cells in multinucleate
myotubes (Halevy et al. 1995). On the other hand, treatment
of the C2C12 cells with recombinant BMP-2 blocks myotube
formation and induces osteogenic differentiation instead

(Katagiri 1994). Exposure of C2C12 cells to long-chain fatty
acids or thiazolidinediones also blocks myotube formation,
but now leads to the expression of a typical adipocytic differ-
entiation program (Teboul et al. 1995; Grimaldi et al. 1997).
Finally, treatment by TGF-�1 shares with the BMP-2 treat-
ment the ability to repress the myoblastic pathway, but fails
to induce osteoblastic differentiation (Katagiri 1994), and
thus maintains the C2C12 cells in a undifferentiated state.

The present experimental study focused on the osteo-
genic pathway of the C2C12 cell line, and thus explored only
a subset of the possible differentiation events described above.
C2C12 cells were grown for 4 d under three distinct medium
conditions (see Methods) as follows BMP-2 (1 µg/mL), TGF-�1
(2.5 ng/mL), and an all-solvent control (HCl 10 mM), these
assays promoting either joint osteoblastic induction and
myoblastic repression (under BMP-2), or pure myoblastic re-
pression (under TGF-�1). Total RNA samples were obtained at
six time points (4 h, 8 h, 1 d, 2 d, 3 d, and 4 d) under each
treatment, and the resulting cRNA samples were then hybrid-
ized to the Affymetrix 35K murine chip set. For each Af-
fymetrix qualifier (a “qualifier” refers to the set of features
which together measure the abundance of transcripts con-
taining a given RNA sequence), ratios for expression in each of
the treated samples relative to the solvent control were com-
puted. The assembly of the expression data (see Methods)
resulted, on a qualifier-by-qualifier basis, in 34,130 expression
profiles, each consisting of 12 points (6 points for the BMP-2
time course, 6 points for the TGF�1 time course) with the
treated-to-solvent-sample expression ratios given at each
point.

RESULTS

Construction of the Training Set
To analyze the C2C12 expression data using GENNC, a training
set containing genes from all three potential C2C12 differen-
tiation pathways (osteoblastic, myoblastic, and adipocytic), as
well as classes of genes defining negative controls, was con-
structed. The training set contained 481 qualifiers mapping
into 241 distinct genes, and subdivided into 5 classes labeled
Bone, Muscle, Adipocyte, Tubulin, and Hsp (Supplementary
Table 1, available as an online assignment at www.genome-
.org). Each of the Bone, Muscle, and Adipocyte classes was
meant to represent, at least partially, an entire pathway of
differentiation into the corresponding cell type, whereas the
Tubulin and Hsp embody negative controls.

The Bone class (Supplementary Table 1a, available as an
online assignment at www.genome.org) contains 83 qualifiers
mapping into 28 genes. The list contains genes for growth
factors (BMP-2, BMP-4), gene regulatory proteins and tran-
scription factors (Id, Id-2, Id-3, Osf2/Cbfa1, Hox-8), bone-
specific collagens (Type I �1 and �2 chains, Type III �1 chain,
and Type V �1 and �2 chains), cell-surface proteins (PTH/
PTHrP receptor, CD44), as well as for several extracellular ma-
trix (ECM) proteins constitutive of bone. Note that the selec-
tion strives to provide coverage of the commitment and dif-
ferentiation process from start to finish, and it is in this sense
that the Bone class can be said to represent the entire path-
way.

The Muscle class (Supplementary Table 1b, available as
an online assignment at www.genome.org ) contains 121
qualifiers mapping into 32 genes chosen on the basis of their
specificity to skeletal, cardiac, or smooth muscle. It includes
multiple components of the motor proteins (myosin, tropo-
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myosin, and troponins T, I, and C), associated structural pro-
teins (dystrophin, dystrobrevin, and DRP2), as well as tran-
scription factors of the myogenic family (MyoD, myogenin,
myf-5, herculin/myf-6, and MRF4) and proteins involved in
metabolism (CAIII and creatine kinase).

The Adipocyte class (Supplementary Table 1c, available
as an online assignment at www.genome.org) consists of 48
qualifiers mapping into 19 genes. These include receptors spe-
cific to adipocytes (RXR-�, PPAR-�, and leptin receptor), tran-
scription factors (C/EBP � and C/EBP �) as well as metabolic
proteins (PEPCK and LPL) and ECM proteins (collagen VI).

The selection criteria for the Tubulin and Hsp (heat
shock proteins) classes were looser and nonexhaustive, as the
aim was chiefly to provide negative controls for the nearest-
neighbor classification scheme. A total of 110 qualifiers (53
genes) were selected for the Tubulin class and 122 qualifiers
(84 genes) for the Hsp class, with the overall number adjusted
to be roughly equal to the number of qualifiers present in the
combined Bone, Muscle, and Adipocyte classes. Below, we
refer to the training set members as markers of their corre-
sponding classes. Qualifiers that are not in the training set are
referred to as blank qualifiers.

�2 Diagnostic and Filtering of the Data Set
A first step in the analysis was to reduce the large number of
profiles in the C2C12 time courses to a more manageable
number by retaining only those with the most significant
variation of expression in treated samples relative to the con-
trol samples. To do this, all profiles were ranked according to
a �2 statistic defined as the sum of squares of the difference in
expression between the treated and control samples, each
term in the sum being divided by an estimate of the variance
in the measurement at that point (Theilhaber et al. 2001; see
equation 1, Methods). The statistic not only gives importance
to profiles with a few, very large, and/or very small ratios, but
also to profiles with more moderate but more persistent ratios
not equal to 1. Although other filtering methods can be used,
such as requiring expression ratios above a certain threshold
at a certain number of points, an advantage of the �2 statistic
over such pass-fail criteria is that it provides a continuous
rather than binary ranking of all profiles.

�2 Diagnostic
The continuous ranking provided by the �2 statistic can be
used as a diagnostic for the global amount of regulation in
each of the classes defined in the training set. For instance,
Figure 1a shows the cumulative distribution of the 83 Bone
markers relative to the �2 ranking of all 34,130 qualifiers in
the data set. In the figure, the rank is indicated on the abcissa,
with significance decreasing left to right, and the ordinate
indicating the number of Bone markers that have rank lower
than or equal to the rank indicated on the abcissa. The steep
leftward rise of the cumulative distribution occurs because a
large number of the Bone markers have highly regulated ex-
pression profiles. Thus, the over-representation of the Bone
markers among the profiles with the greatest variation is such
that 50% of the Bone markers (42 qualifiers) are found in the
top 5.8% of the profiles in the ranked list (1995 qualifiers).
This over-representation (enrichment) of markers can be
quantified by a profile concentration C (Methods), which is
equal to 0.5 divided by the population cumulative distribu-
tion function, computed at the sample median. For the Bone
markers, CBone = 0.5/0.058 = 8.6.

The statistical significance of the distribution of Bone
markers can be further quantified by assigning a P value Pks

obtained by use of the Kolmogorov-Smirnov test (Keeping
1995) against the reference distribution that would be ob-
tained from a random sample of the population. For the data
presented in Figure 1a, one finds Pks

Bone = 2.9 � 10�15, a high
level of significance confirming the visual impression of pro-
nounced skewness (note that C and Pks are not redundant
quantities, as one can have C � 1 alongside Pks << 1).

The distribution of Muscle markers in the global �2 rank-
ing (Fig. 1b), with CMuscle = 1.1 only, is much less concentrated
near the top than for the Bone markers. Nonetheless, the dis-
tribution is still significantly different from random, as quan-
tified by Pks

Muscle = 5.1 � 10�3 and as visible in the figure.
Finally, the distribution of Adipocyte markers (figure not
shown) is essentially uniform, with CAdipo = 1 and Pks

Adipo = 0.78.
The profile concentrations and P values Pks for the Bone,

Muscle, and Adipocyte markers quantify the global responses
along each of the three pathways of the C2C12 cell line sub-
jected to the treatments with BMP-2 and TGF-�1, and, hence,
can be thought of as diagnostics for ascertaining whether or

not significant response is occurring along a given
pathway. Thus, the P values obtained above are con-
sistent with the phenotype of the C2C12 premyoblasts,
which can be induced into the osteoblastic pathway
upon BMP-2 treatment (Pks

Bone, Pks
Muscle << 1), but do not

spontaneously express the adipocytic phenotype
(Pks

Adipo ∼ 1).

�2 Filtering of the Data
With profiles ranked according to the �2 statistic, one
can proceed with data reduction through profile elimi-
nation, a step we will refer to as the �2 filter. Here, the
first N�

2 = 2500 qualifiers were selected from the
ranked list, a number determined heuristically to in-
sure that relative to the training set, about half of the
Bone markers were retained. Overall, 109 markers are
retained from the total of 484 initially present in the
training set, leaving 2391 blank qualifiers to be classi-
fied. Note that 22% of the training set markers are re-
tained by filtering the overall data set to 7.3% of its
original size, resulting in a threefold relative enrich-

Figure 1 Distribution of the 83 Bone and 121 Muscle markers (= training set
members) in the population of 34,130 profiles ranked according to the �2 sta-
tistic. A rank R of 1 denotes the most variable (significant) profile, a rank of
34,130 the least variable (least significant) profile. N is the cumulative number of
markers found with rank below or equal to the rank R indicated on the abcissa.
C denotes the profile concentration (see text and equation 3, in Methods) and Pks
is the companion P value (Kolmogorov-Smirnov test). The straight lines indicate
the distributions expected if markers were sampled at random in the global
population. (a) Bone markers; (b) Muscle markers.
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