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Abstract
We consider supervised document classification
where a semantic network is used to augment
document features with their hypernyms. A
novel document representation is introduced in
which the contribution of the hypernyms to doc-
ument similarity is determined by semantic net-
work edge weights. We argue that the optimal
edge weights are not a static property of the se-
mantic network, but should rather be adapted to
the given classification task. To determine the
optimal weights, we introduce an efficient gra-
dient descent method driven by the misclassifi-
cations of the k-nearest neighbor (kNN) classi-
fier. The method iteratively adjusts the weights,
increasing or decreasing the similarity of docu-
ments depending on their classes.

We thoroughly evaluate the method using ten
randomly chosen datasets and seven training set
sizes on the problem of classifying PubMed doc-
uments indexed with the MeSH biomedical on-
tology. Using the kNN classifier, the method
is shown to statistically significantly outperform
the commonly used bag-of-words representation
as well as the more advanced hypernym density
representation (Scott & Matwin 98).

1 Introduction

Semantic networks have been shown to offer opportu-
nities for improving the performance of both super-
vised and unsupervised machine learning methods in
a variety of classification tasks. Several semantic sim-
ilarity measures have been proposed and applied in
particular to word sense disambiguation-type prob-
lems, where the similarity between each ambiguous
word candidate and the context words can be used
to choose between the candidates (see e.g. (Budan-
itsky & Hirst 01; Patwardhan et al. 03) for recent
evaluations). Methods applying semantic networks to
document classification, where the class labels are not
themselves part of the semantic network have also been
proposed, although they are not as widely studied.
For instance, semantic networks have been used to
augment the terms occurring in documents with their
synonyms (Gomez-Hidalgo & deBuenaga Rodriguez
97) and hypernyms (Scott & Matwin 98; Bloehdorn
& Hotho 04), thus incorporating the information en-
coded in semantic networks on the level of features.
Semantic networks have also been applied in model-
ing document similarity for a kernel-based document
classification method (Basili et al. 05).

The similarity of terms is typically presented as a
static property that can be directly measured either
from the semantic network (Leacock & Chodorow 98;
Agirre & Rigau 96), from external (unlabeled) data
(Resnik 95), or using a combination of the two (Jiang
& Conrath 97). In this paper, we consider the special
case of similarity through the hyponymy/hypernymy
relation, which is the focus of most proposed measures
of semantic relatedness.

We have previously argued that in supervised clas-
sification tasks the similarity of terms should be con-
sidered dependent on the task and data (Ginter et al.
04). Simply put, terms commonly related to docu-
ments of the same class should be considered similar,
while terms related to documents of different classes
should be considered dissimilar to aid the classification
method in distinguishing between the classes.

traveller

space traveller

cosmonaut

air traveller

astronaut

Figure 1: Hyponymy. The arrows represent hyponymy
relationships between terms in a fragment of a seman-
tic network.

To illustrate this idea, consider the fragment of a se-
mantic network shown in Figure 1. Common measures
of semantic similarity would assign high relatedness to
the terms astronaut and cosmonaut as they are im-
mediate hyponyms of the same term, space traveller.
In most classification tasks, considering astronaut and
cosmonaut essentially synonymous terms would be ap-
propriate. In a document representation, this can be
naturally realized by considering the term space trav-
eller to be highly relevant to documents containing ei-
ther of its two hyponyms. However, we suggest that in
a hypothetical document classification task where the
goal is to distinguish between documents about Amer-
ican and Russian space efforts, space traveller should
not be considered relevant to documents containing
either astronaut or cosmonaut to avoid increasing the
similarity between documents of different classes.

We now discuss some desirable properties for a data-
dependent semantic document representation and
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Figure 2: Document representation. An example illustrating the representation of a document d with direct
terms T (d) = {e, a, k}. Direct terms of d are denoted by bold circles and terms affected by d are depicted in
gray. The semantic network weights are shown by each edge.

means of realizing them. We assume that each doc-
ument has been assigned a set of direct terms from
a semantic network (e.g. terms that are mentioned in
the document, or relevant keywords that have been as-
signed to the document). The representation should
then determine the relevance of each semantic net-
work term for each document. It is natural to limit
this measure of relevance between 0 and 1, and to as-
sign the value 1 to each direct term. As illustrated
by the astronaut/cosmonaut example, hypernyms of
direct document terms are typically relevant and their
relevance values should be allowed to vary in a data-
dependent fashion. We suggest that terms that are
neither direct terms nor hypernyms of direct terms in
a document are not relevant to that document and can
be assigned the relevance value 0: for example, if as-
tronaut is the only direct term, there is no reason to
assume that either cosmonaut or air traveller are rel-
evant. Finally, relevance should not increase with dis-
tance from the direct term: if, for example, astronaut
is the only direct term, traveller should be considered
at most as relevant as space traveller. This implies a
representation where relevance propagates from direct
terms to more general terms, decreasing according to
the data-dependent strengths of connections between
hyponyms and hypernyms.

We have previously introduced a data-driven
method for determining hypernym relevance for docu-
ment classification (Ginter et al. 04), where relevance
was limited to the two cases “fully relevant” and “irrel-
evant”, achieving a modest yet statistically significant
0.9 percentage unit average performance increase from
a 81.7% bag-of-words baseline (average precision mea-
sure). In this paper, we present a method that applies
a finer-grained concept of relevance and shows a more
substantial performance advantage.

2 Document representation

Let T be a finite set of possible terms that are or-
ganized in a semantic network according to the se-
mantic relation of hyponymy. Let t, t′ ∈ T be terms.
We denote by t′ ≺? t the relation when t′ is a hy-
ponym of t. Further, t′ ≺ t denotes the relation when
t′ is an immediate hyponym of t, that is, the relation
encoded by the semantic network. Hyponymy (≺?)
is the transitive closure of immediate hyponymy (≺).

For example, we have astronaut ≺ space traveller ,
astronaut ≺? traveller , but astronaut ⊀ traveller .
The immediate hyponymy relation between the terms
in T is commonly represented as a directed graph, such
as the graph in Figure 1, with an edge from t′ to t
whenever t′ ≺ t. Hyponymy (≺?) is by definition an
asymmetric relation, and the corresponding directed
graph is thus acyclic.

We define a document representation that imple-
ments the intuitions discussed in Section 1. Let D be a
set of documents and let d ∈ D be a document with the
set of direct terms T (d) ⊆ T . As discussed previously,
the document d is represented not only by the direct
terms in T (d) but also by their hypernyms. The pro-
posed document representation implements this prop-
erty through the notion of activation at(d) ∈ [0, 1] of
a term t ∈ T with respect to the document d that
represents the relevance of t to d. For any term t that
belongs to T (d), at(d) is by definition set to 1, the
maximum possible activation value. The activation of
any other term recursively depends on the activations
of its immediate hyponyms so that the activation of
hypernyms of direct terms typically results in a non-
zero value. The activation of the remaining terms is
zero by definition.

We say that a term t ∈ T is affected by a document
d if t ∈ T (d) or ∃ t′ ∈ T (d) : t′ ≺? t. That is, t
is affected by d if t is either a direct term of d or
a hypernym of a direct term. The set of all terms
affected by a document d is denoted Aff (d). Let us
further define the base of a term t ∈ T with respect to
a document d as the set of immediate hyponyms of t
that are affected by d. Formally,

Baset(d) = {t′ | t′ ≺ t, t′ ∈ Aff (d)} .

Unless t is a direct term, its activation is based on the
activations of the terms in Baset(d). For each term
t′ in the base of t, the contribution of t′ to the acti-
vation of t is controlled by a weight wt′t that is as-
sociated with the relationship t′ ≺ t. By definition,
0 ≤ wt′t ≤ 1 for all weights in the semantic network.
The activation at(d) is computed as the weighted sum



of the activations of the terms in Baset(d). Thus,

at(d) =


1 if t ∈ T (d),P

t′∈Baset(d) wt′tat′ (d)

|Baset(d)| if t ∈ Aff (d) \ T (d),

0 otherwise.
(1)

Each document d is then represented in classification
by its activation vector a(d),

a(d) = (at1(d), . . . , atm(d)) ,

where tk ∈ T , 1 ≤ k ≤ m, and m = |T |. Figure 2
illustrates the concepts introduced so far.

Note the following special cases of the document rep-
resentation. If all weights in the network are set to 0,
the document is represented by the set of its direct
terms and the representation is thus equivalent to the
common bag-of-words (BoW) representation—here we
do not consider the case where duplicate terms occur.
If all weights are set to 1, the document is represented
by the set of its direct terms together with all their
hypernyms, an intuitively plausible representation as
well.

3 Weight update algorithm

In this section, we describe an algorithm that opti-
mizes the semantic network weights in order to max-
imize the classification performance on a given doc-
ument classification task. The algorithm thus im-
plements the adaptive component of the proposed
method. In short, the algorithm initializes all weights
to 1 and then iteratively adjusts the weights until no
more improvement in classification performance can
be achieved. The algorithm implements the gradient-
descent search strategy.

3.1 Document similarity and classification

Let â(d) be the normalized activation vector of d, that
is,

â(d) =
a(d)
‖a(d)‖

. (2)

We calculate the similarity between any two docu-
ments di, dj ∈ D from their normalized activation vec-
tors with the commonly used dot-product measure

sim(di, dj) = â(di) · â(dj) =
∑
t∈T

ât(di)ât(dj) . (3)

The weight update algorithm is based on the k-
nearest neighbor (kNN) classifier. Given a training set
of documents D, a document similarity measure, and
a document d to be classified, the kNN classifier com-
putes a set N(d, k, D) ⊆ D of k documents most sim-
ilar to d, also termed as the k-neighborhood. The doc-
ument d does not itself belong to its k-neighborhood.
The class assigned to d is the majority class among
the documents in its k-neighborhood.

3.2 Weight update

The weight update algorithm implements the follow-
ing intuition. As the documents are classified us-
ing the kNN classifier, a misclassification of a docu-
ment d means that the majority of the documents in
N(d, k, D) are of a different class than d. The mis-
classification could therefore be corrected by modify-
ing the k-neighborhood so that it would contain a ma-
jority of documents with the same class as that of d.
This can be achieved by adjusting the semantic net-
work weights, and thus the document representation,
so that the similarity between d and its k-neighbors
with a different class decreases and the similarity be-
tween d and its k-neighbors with the same class in-
creases. As there is only one, global set of weights, any
change affects all the documents and therefore directly
optimizing the similarity of d with its k-neighbors also
indirectly affects the similarity of d with all other doc-
uments. Generally, documents with the same class
are “pulled” towards d while documents with another
class are “pushed” away from d. Naturally, this effect
is strongest for the k-neighbors of d, whose similar-
ity with d is optimized directly. As the other class
k-neighbors are “pushed” away from d, they are re-
placed in the k-neighborhood by same class documents
that are “pulled” towards d. Other variations of the
general scheme are possible as well. For example, the
k-neighborhoods could be optimized for all documents
rather than only for those that were misclassified.

Let us consider two documents di, dj ∈ D. The ob-
jective is to either increase or decrease sim(di, dj) by
modifying the semantic network weights. Let us define
the vector w of all weights in the semantic network in
an arbitrary but fixed order

w = (w1, . . . , wn) ,

where n is the total number of weights. We then de-
fine the weight gradient ∇w(di, dj) with respect to
sim(di, dj) as

∇w(di, dj) =
(

∂ sim(di, dj)
∂w1

, . . . ,
∂ sim(di, dj)

∂wn

)
.

Adding the gradient ∇w(di, dj) to the weight vec-
tor w leads to an increase of sim(di, dj), while sub-
tracting ∇w(di, dj) from w leads to a decrease of
sim(di, dj). The formula to compute the partial

derivative
∂ sim(di, dj)

∂ wrs
of sim(di, dj) with respect to a

weight wrs is fully specified jointly by Equations 5, 11,
and 12 in Appendix A which also details the derivation
leading to the formula.

A learning rate constant η ∈ R, η > 0, is introduced
to control the magnitude of the weight adjustment by
the gradient. The weight vector w is then updated
according to the rule

w ← w + δη∇w(di, dj) ,



where δ = +1 (resp. δ = −1) if sim(di, dj) is to be
increased (resp. decreased).

The complete weight update algorithm is introduced
in Algorithm 1. In each iteration, the weight adjust-
ments δ∇w(di, dj) are summed into w′ over all the
document pairs (di, dj) where di was misclassified and
dj belongs to its k-neighborhood. Subsequently, w′,
scaled by the learning rate η, is added to the weight
vector w. Finally, each weight wk in w is clipped such
that the constraint 0 ≤ wk ≤ 1 holds. The iteration
is finished using some stopping criterion, for exam-
ple the classification performance failing to increase,
which signals that the algorithm has reached a local
optimum.

w ← 1̄
while not done:

w′ ← 0̄
for each document di ∈ D:

classify di using D \ {di} as training set
if misclassified di then:

for each dj ∈ N(di, k, D \ {di}):
if class (di) = class (dj) then:

δ ← +1
else

δ ← −1
w′ ← w′ + δ∇w(di, dj)

w ← w + η · w′

for each weight wk in w:
wk ← max{0, min{1, wk}}

Algorithm 1: Pseudocode of the weight update algo-
rithm.

3.3 Implementation issues

An efficient implementation of the algorithm can be
achieved through the following observation. Let us
consider a weight wrs and a term t such that t is not
a hypernym of s. From the definition of activation,
it is clear that at(d) is constant with respect to wrs

and thus ∂ at(d)
∂ wrs

= 0. Consequently, when comput-

ing
∂ sim(di, dj)

∂ wrs
, it is only necessary to evaluate Equa-

tion 12 for s and its hypernyms instead of all terms in
T . The computation time of a single partial derivative
∂ sim(di, dj)

∂ wrs
is thus constant with respect to |T |. It de-

pends on the number of terms affected by di and dj ,
which is typically several orders of magnitude smaller
than |T |.

Combining this observation and an efficient compu-
tation of the partial derivatives based on a linear walk
through the semantic network in topological order, we
were able to implement the computation of w′ with the
complexity O(cM) with respect to the training set size
M . Roughly, the constant c quadratically depends on
the number of terms affected by the documents di and
dj and linearly depends on the k-neighborhood size.

4 Evaluation

In this section, we discuss the evaluation datasets, the
experimental setup and the baseline methods.

4.1 Datasets

To evaluate the methods, a set of document classifi-
cation tasks was required where the direct terms of
documents belong to a semantic network. We con-
sider datasets consisting of articles from the PubMed
biomedical literature database1, where each article has
been manually assigned a set of relevant terms from
the MeSH ontology2. This approach allows us to eval-
uate the method using large datasets and the use of
manually assigned direct terms to represent the docu-
ments avoids the potential sources of error related to
automatic mapping to a semantic network.

The datasets were formed as follows: for each
dataset, a journal was selected that contains at least
2000 MeSH-indexed articles with abstracts; here we
use the 10 journals we selected randomly in (Ginter et
al. 04). Then, for each of the 10 journals, we randomly
selected 2000 articles that have appeared in the journal
(as positives) and 2000 that have appeared elsewhere
(as negatives). Each task is then a binary classifica-
tion problem where the documents must be classified
either as originating from the journal or not. Since
the journals are usually focused on a subdomain, these
classification problems model document classification
by topic.

To determine the performance of the methods with
respect to different training set sizes, we formed for
each dataset seven different training sets, the largest
consisting of 1000 positive and 1000 negative examples
(the other 2000 being used for testing). Smaller train-
ing sets were formed by downsampling so that the size
is repeatedly halved.

4.2 Methods and performance measurement

We evaluate the proposed document representation
with and without the adaptive component. In the fixed
representation, the semantic network weights are all
set to one constant value wfix, 0 ≤ wfix ≤ 1, deter-
mined from the data. In the adaptive representation,
the weights are computed using the algorithm intro-
duced in Section 3, using a stopping criterion where
iteration ends when the average performance increase
on the training set over the last three rounds drops
below 0.05%.

We compare the performance of the fixed and adap-
tive representations against two baselines, the com-
monly used bag-of-words (BoW) representation and a
modification of the hypernym density (HD) represen-
tation (Scott & Matwin 98). In the BoW representa-
tion, each document is represented by its direct terms.

1http://www.pubmed.com
2We use the 2005 version of MeSH, available at

http://www.nlm.nih.gov/mesh/



1 2 3 4 5

BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad.

31 69.3 74.4 74.4 79.4 81.4 84.0 84.7 86.0 71.6 76.6 71.7 79.2 73.8 74.8 75.9 76.2 97.0 95.5 96.4 95.5

62 71.1 79.5 79.4 85.0 83.0 86.2 87.1 87.8 75.5 77.4 77.3 82.2 75.9 78.1 79.4 82.6 94.8 96.3 96.4 96.8

125 71.2 81.2 81.1 86.3 86.6 88.7 89.0 90.3 77.4 80.8 79.6 86.8 79.8 81.1 81.7 83.7 96.3 96.3 96.7 97.8

250 72.7 83.6 83.2 88.3 88.7 90.3 90.3 90.8 80.4 83.9 83.4 88.4 80.6 83.6 83.8 87.3 97.1 96.6 97.2 98.0

500 74.9 85.2 85.0 89.1 89.1 90.6 90.5 91.7 82.3 85.8 85.1 90.5 83.6 85.8 86.2 88.9 98.0 97.4 98.3 98.2

1000 76.5 86.5 86.3 89.8 90.3 91.8 91.6 92.5 84.0 87.7 87.3 91.0 85.8 87.7 87.2 90.1 97.8 97.5 98.1 98.3

2000 78.7 87.8 88.0 91.1 91.2 92.2 92.1 92.7 86.8 89.3 88.8 91.9 87.1 88.4 88.7 90.5 97.7 97.9 97.9 98.6

6 7 8 9 10

BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad. BoW HD Fix. Ad.

31 64.6 72.9 70.9 71.0 65.1 64.3 66.2 64.7 65.0 66.0 65.4 66.9 65.8 67.5 67.4 69.1 71.8 71.4 71.2 70.9

62 67.3 74.8 74.2 76.5 64.5 68.0 67.1 67.9 66.3 67.4 66.9 68.9 68.1 71.8 71.1 73.1 72.4 73.3 73.1 75.5

125 70.3 77.6 76.3 79.1 65.8 69.9 70.4 70.8 67.8 69.5 68.3 70.9 69.9 71.6 71.4 74.8 73.9 76.8 76.8 79.6

250 75.2 80.2 80.1 82.8 66.5 75.0 73.5 74.7 69.2 71.5 70.8 71.9 72.1 74.6 74.5 76.2 75.1 78.3 77.7 81.7

500 77.3 81.9 82.0 83.8 68.7 76.9 76.1 77.8 70.1 73.3 72.5 73.5 74.5 75.9 75.3 77.4 77.5 81.1 80.4 83.1

1000 80.9 84.5 84.2 85.5 68.3 78.1 76.9 79.4 71.2 74.3 73.6 75.3 76.2 77.5 77.1 78.7 79.2 83.0 82.6 84.9

2000 82.8 85.7 85.5 86.4 69.3 79.8 77.9 80.9 72.9 75.8 75.4 76.2 77.4 78.3 78.7 79.7 80.7 83.8 83.9 85.7

Table 1: Classification performance of kNN. Cross-validated accuracy measurements for each of the ten datasets
and each of the seven training set sizes. The MEDLINE abbreviations of the corresponding journal names are,
in order, Acta Anat (Basel), Appl Environ Microbiol, Biol Psychiatry, Eur J Obstet Gynecol Reprod Biol, Fed
Regist, J Pathol, Nippon Rinsho, Presse Med, Schweiz Rundsch Med Prax, and Toxicol Lett.

In the HD representation, each document di is repre-
sented by a multiset consisting of all direct terms of
di, together with their hypernyms up to a distance h
from any of the direct terms. We modified the HD
representation as follows. We found that in our case
coercing the multiset into a set results in an improve-
ment of performance, and thus we apply this step in
our evaluation. Further, infrequent terms are not dis-
carded. The HD normalization step is performed by
the classifiers. Note that for h = 0 the HD representa-
tion is equivalent to the BoW representation, and for
h =∞ it is equivalent to the fixed representation with
wfix = 1.

The main evaluation was performed using the kNN
classifier. In this evaluation, the parameters of the
various methods—k for BoW, k, h for HD, k, wfix
for fixed, and k, η for adaptive—were selected sepa-
rately in each fold by cross-validated grid search on
the training set. To assess the applicability of the rep-
resentations to other classification methods, we also
performed a limited evaluation using Support Vector
Machines (SVM), a state-of-the-art machine learning
method (Vapnik 98). For this evaluation, only the
SVM regularization parameter C was separately se-
lected, while other parameters were set to their kNN
optimum values.

We measure the performance of the various methods
using average 5×2 cross-validated accuracy, reporting
differences in accuracy as well as relative decreases in
error rate to better estimate the performance of the
methods with respect to different baselines. To as-
sess the statistical significance of results for individual
datasets, we use the robust 5× 2 cross-validation test
(Alpaydin 99). To assess the overall significance across

all datasets, we use the standard two-tailed paired
t-test.

5 Results and discussion

Results with kNN are given in Table 1, and average
differences are plotted in Figure 3. Averages are also
given in Table 2a.

As can be seen in Figure 3, the adaptive method
statistically significantly outperforms all others for all
except the smallest training set size. For training set
sizes 62 and larger, the adaptive method outperforms
BoW by 5–6 percentage units, reflecting a relative de-
crease in error rate systematically over 20% and ap-
proaching 30% for large dataset sizes. The fixed and
HD representations also perform well against BoW,
both achieving a statistically significant increase in
accuracy of 3–4 percentage units (12–20% relative de-
crease in error rate) for all but the smallest training
set size. The differences between these two representa-
tions suggest a small (0.1–0.4 percentage unit) advan-
tage to the HD representation, but this difference is
largely not statistically significant. Against the fixed
and HD representations, the adaptive method offers an
accuracy increase between 1 and 3 percentage units,
that is, a systematic relative decrease in error rate of
10–14% for all but the smallest training set size.

Further, the average absolute performance advan-
tage of the adaptive method over the BoW baseline
grows with increasing training set size from 31 to 250
examples, and falls thereafter. In contrast, in terms
of relative decrease in error rate this performance ad-
vantage grows almost monotonically, indicating that
the adaptive method works better given more data.
As the documents were assigned on average only 10
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Figure 3: Pairwise method differences and their
per-dataset and overall statistical significances for
kNN. Results averaged over all datasets. The num-
ber displayed by each difference denotes the number
of individual datasets for which the difference was sta-
tistically significant (p < 0.05, 5×2cv test). Full circle,
as opposed to empty circle, denotes the average differ-
ence over all ten datasets being statistically significant
(p < 0.05, t-test).

MeSH terms and the MeSH ontology contains almost
23000 nodes, reliable optimization of the edge weights
is expected to be difficult with very small training sets.
Nevertheless, the adaptive method works remarkably
well with as few as 62 training examples.

BoW HD Fix. Ad.

31 72.5 74.8 74.4 75.9

62 73.9 77.3 77.2 79.6

125 75.9 79.4 79.1 82.0

250 77.8 81.8 81.4 84.0

500 79.6 83.4 83.1 85.4

1000 81.0 84.9 84.5 86.6

2000 82.4 85.9 85.7 87.4

BoW HD Fix. Ad.

31 75.6 79.1 78.6 78.1

62 78.2 81.6 81.5 80.9

125 80.9 84.0 84.3 83.0

250 83.2 85.8 85.9 84.7

500 85.4 87.5 87.8 86.7

1000 87.5 88.9 89.2 88.4

2000 88.9 90.0 90.3 89.7

(a) (b)

Table 2: Classification performance. Accuracy mea-
surements averaged over all ten datasets for each of
the seven training set sizes: (a) kNN results, (b) SVM
results.

We now present the results of the evaluation with
SVM. The average SVM results over the ten datasets
are given in Table 2b. The BoW baseline is again
outperformed by the other three representations for all
training set sizes, with relative decrease in error rate
ranging between 12–18% for the fixed representation,
10–17% for the HD representation, and 6–13% for the
adaptive method. These differences are statistically
significant for all training set sizes for the fixed and
HD representations and for training set sizes of 500
and larger for the adaptive method.

We observe that when applied to SVMs, the fixed
and HD representations outperform the adaptive
method. The difference is statistically significant for

most training set sizes larger than 62, where the rel-
ative decrease in error rate over the adaptive method
ranges between 2–9%. The SVM classification princi-
ple substantially differs from that of kNN. Clearly, the
adaptive method does not optimize a criterion benefi-
cial for SVM classification, and hence modification of
the adaptive strategy is required to increase applica-
bility to SVM classification. Nevertheless, as the fixed
representation outperforms both the BoW and HD
representations for larger training set sizes (the latter
difference is mostly not statistically significant), the
general strategy appears to apply well also to SVM.

6 Conclusions and future work

In this paper, we have developed the idea that seman-
tic networks can be used to develop an adaptive docu-
ment similarity measure. We have discussed desirable
properties for such a measure and presented a docu-
ment representation that implements these properties.
Further, we have introduced a gradient descent-based
algorithm driven by misclassifications that adapts
the representation to data. We have evaluated the
representation and the algorithm against the BoW,
fixed and HD representations with ten randomly se-
lected datasets from the PubMed biomedical literature
database using MeSH 2005 terms as features.

Our results indicate that the proposed adaptive
method can statistically significantly outperform the
commonly used BoW representation and the more ad-
vanced HD representation as well as our new represen-
tation with fixed weights over a range of training set
sizes from 62 to 2000, for which the relative decrease
in error rate ranged between 20–30% against BoW and
10–14% against the fixed and HD representations.

A separate evaluation with Support Vector Ma-
chines indicated that while the semantic network-
based document representations give a statistically sig-
nificant improvement over the BoW baseline and the
proposed representation performs as well as the HD
representation, the gradient descent component of the
adaptive method, driven by kNN misclassifications, re-
quires modification to apply beneficially to SVMs. A
possible future direction would thus be to introduce
the gradient descent algorithm into the SVM train-
ing phase, potentially leading to further performance
improvements for the classifier.

We conclude that the proposed adaptive similar-
ity measure can successfully determine term-document
relevance in a data-dependent manner, increasing per-
formance in supervised document classification tasks.
As future work, several aspects of the proposed
method can be studied, such as the setting of the ini-
tial weights, the learning rate, and the stopping crite-
rion. An additional natural extension of the method
is to consider relationships other than hyponymy as
activation paths. Careful analysis of these and other
properties may offer further opportunities for the use
of semantic networks in document classification.
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A Derivation of the formula for
∂ sim(di, dj)

∂ wrs

This appendix details the derivation of the formula to compute the value of
∂ sim(di, dj)

∂ wrs
. Starting from (4), the

partial derivative is solved and the final formula is obtained jointly from Equations 5, 11, and 12.

∂ sim(di, dj)
∂ wrs

=
∂ â(di) · â(dj)

∂ wrs
=

∑
t∈T

∂ ât(di)ât(dj)
∂ wrs

=
∑
t∈T

∂ ât(di)
∂ wrs

ât(dj) +
∑
t∈T

∂ ât(dj)
∂ wrs

ât(di) (4)

Let
∂ sim(di, dj)

∂ wrs

def
= Q(di, dj) + Q(dj , di) , (5)

where

Q(di, dj)
def
=

∑
t∈T

∂ ât(di)
∂ wrs

ât(dj) (6)

In the following, we solve Q(di, dj); the formula for Q(dj , di) follows by symmetry.

∂ ât(di)
∂ wrs

(2)
=

∂
at(di)
‖a(di)‖
∂ wrs

=
∂ at(di)
∂ wrs

‖a(di)‖ − at(di)
∂ ‖a(di)‖

∂ wrs

‖a(di)‖2
(7)

∂ ‖a(di)‖
∂ wrs

=
∂

√∑
u∈T [au(di)]

2

∂ wrs
=

1
2‖a(di)‖

∂
∑

u∈T [au(di)]
2

∂ wrs
=

1
‖a(di)‖

∑
u∈T

(
au(di)

∂ au(di)
∂ wrs

)
(8)

Combining (7) and (8) yields

∂ ât(di)
∂ wrs

=

∂ at(di)
∂ wrs

‖a(di)‖ − ât(di)
∑

u∈T

(
au(di)

∂ au(di)
∂ wrs

)
‖a(di)‖2

(9)

Substituting from (9) into (6) gives

Q(di, dj) =

∑
t∈T

∂ at(di)
∂ wrs

‖a(di)‖ât(dj)−
∑

t∈T

(
ât(dj)ât(di)

∑
u∈T au(di)

∂ au(di)
∂ wrs

)
‖a(di)‖2

=

∑
t∈T

∂ at(di)
∂ wrs

‖a(di)‖ât(dj)−
(∑

u∈T au(di)
∂ au(di)
∂ wrs

)(∑
t∈T ât(dj)ât(di)

)
‖a(di)‖2

(3)
=

∑
t∈T

∂ at(di)
∂ wrs

‖a(di)‖ât(dj)−
∑

u∈T au(di)
∂ au(di)
∂ wrs

sim(di, dj)

‖a(di)‖2
(10)

Substituting t for u in the second term of (10) gives

Q(di, dj) =

∑
t∈T

∂ at(di)
∂ wrs

(
‖a(di)‖ât(dj)− at(di) sim(di, dj)

)
‖a(di)‖2

=

∑
t∈T

∂ at(di)
∂ wrs

(
ât(dj)− ât(di) sim(di, dj)

)
‖a(di)‖

(11)

If t /∈ Aff (di) \ T (di) then at(di) is by (1) constant and consequently ∂ at(di)
∂ wrs

= 0. For t ∈ Aff (di) \ T (di),

∂ at(di)
∂ wrs

(1)
=

1
|Baset(di)|

∑
t′∈Baset(di)

∂ wt′tat′(di)
∂ wrs

=
1

|Baset(di)|
∑

t′∈Baset(di)

{
ar(di) if

(
t′, t

)
= (r, s)

wt′t
∂ at′ (di)

∂ wrs
otherwise.

(12)

The value of ∂ at(di)
∂ wrs

is computed recursively by (12). The recursion ends when
(
t′, t

)
= (r, s). Substituting

from (12) into (11) and subsequently from (11) into (5) completes the formula.


