
Hybrid fragment mining with MoFa and FSG∗

Thorsten Meinl
Computer Science Department 2

University of Erlangen-Nuremberg
Martensstr. 3, 91058 Erlangen, Germany

Email: meinl@cs.fau.de

Michael R. Berthold
Dept. of Computer and Information Science

University of Konstanz
78457 Konstanz, Germany

Email: berthold@inf.uni-konstanz.de

Abstract – In the last few years a number of different sub-
graph mining algorithms have been proposed. They are often
used for finding frequent fragments in molecular databases.
All these algorithms behave quite well when used on small
datasets of not more than a few thousand molecules. How-
ever, they all fail on larger amounts of data because they are
either time consuming or have enormous memory require-
ments. In this paper we present a hybrid mining technique
that overcomes the individual problems of the underlying
algorithms and outperforms the individual methods impres-
sively on large databases.
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1 Introduction
A frequent problem in biochemistry concerns the discov-

ery of common parts of molecules. This is e.g. the case in
drug discovery where the biochemists try to predict the be-
haviour of new agents even before synthesizing them. They
use large libraries with often tens to hundreds of thousands
of candidates. Another example are so-called high through-
out screens (HTS), the output of which are activity informa-
tion of hundreds of thousands molecules. Using graph based
data-mining techniques one can now try to find frequent dis-
criminative fragments – i.e. fragments that occur frequently
in one group of the molecules and which are infrequent in
the others – which (hopefully) explain the reactions the com-
pounds have shown (or have not shown).

There are two classes of approaches that are able to solve
this type of problem. The first class is formed by algo-
rithms that rely on methods from Inductive Logic Program-
ming (ILP), where molecules are essentially encoded as lists
of basic facts and the result is a combination of facts (usu-
ally based on first order logic) that is compatible with both
negative and positive examples [3]. The second and bigger
classof algorithms represents molecules as graphs and then
searches for frequent subgraphs in the molecule database.

All known graph based data mining algorithms rely on one
of the two well-known frequent item-set mining algorithms,
Apriori [1] or Eclat [11]. Examples are MoFa [2], FSG [6],

gSpan [10], FFSM [5] and Gaston [9]. They all can be clas-
sifiedusing three criteria:

• search strategy (depth-first, breadth-first, beam search)

• generation of new candidate fragments (extension
and/orjoin of smaller fragments)

• support computation (subgraph isomorphism tests, use
of embeddings lists).

In the following we consider two of these algorithms,MoFa
andFSG because they are two well-known representatives
of the two different search strategies.MoFa performs a
depth-first search and generates new fragments by extend-
ing smaller ones while keeping embedding lists to speed up
the support computation1. Additionally it uses some sophis-
ticatedpruning strategies. One big disadvantage of this ap-
proach is the potentially huge memory consumption because
of the embeddings lists that can become extremely long (es-
pecially for small fragments). This makes it nearly impos-
sible to find all – especially small – frequent discrimina-
tive fragments on larger databases of about 20,000 molecules
and more. However, if carbon-only fragments are omitted –
which are not very interesting for biochemists anyway – the
boundary is much higher. It is then no problem to search on
databases of 50,000 molecules with 1GB of RAM.

FSG on the other hand searches breadth-first, creates new
fragments by joining smaller structures that share a common
core and checks for subgraph isomorphism in the database
for every new candidate. In the early stages of the search tree,
when the molecules are small,FSG is fast and has only mod-
erate memory demands. However, the bigger the fragments
grow, the slower the search gets. Additionally, because of the
breadth-first search and exponential growth of the the num-
ber of fragments towards the middle of the search tree, the
memory consumption rises dramatically.

Since the problems of these two approaches are quite com-
plementary, this paper presents a hybrid approach that com-
bines these two algorithms. In section2 we describe this
hybrid strategy in more detail, in section3 we present some
experimental results and section4 summarizes our work.

1An embedding of a subgraph into its supergraph is a “stored” subgraph
isomorphism. The mapped nodes and edges are recorded so that extensions
of the fragment can be tested very quickly for subgraph isomorphism.

http://ieeexplore.ieee.org/Xplore/login.jsp?url=/iel5/9622/30426/01401250.pdf?arnumber=1401250
http://nbn-resolving.de/urn:nbn:de:bsz:352-opus-67754
http://www.ub.uni-konstanz.de/kops/volltexte/2009/6775/


2 The Hybrid approach
Theidea behind the hybrid approach is to combine the two

algorithms in an adaptive way. The main problem ofMoFa
is the vast amount of memory needed in the early stages
of the search. Even in medium sized databases of about
20,000 structures some small fragments occur several hun-
dred thousand times in the molecules. This leads to a mem-
ory consumption of far more than one gigabyte. But once the
fragments grow bigger (typically six to seven bonds) their
number of embeddings drops drastically. Figure1 shows
thenumber of embeddings of the most frequent fragment in
the complete NCI-HIV dataset[8] in relation with its size.
The HIV dataset consists of about 35,000 molecules tested
against HIV. Depending on the reaction they have shown they
are grouped into the three classes CA (confirmed active), CM
(confirmed medium active) and CI (confirmed inactive).
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Figure 1: The number of embeddings depends heavily on
thesize of the fragments. This example is taken from exper-
iments on the HIV dataset.

The reason for the drastic drop between six and seven
bonds are the symmetries of the fragments. Molecular
databases typically contain a large number of rings with five
or six atoms. Having a subgraph that only consists of such a
ring, one can find five (or six) embeddings of this ring into
the molecule at one single place because of the symmetry.
And often there is even more than just one ring per molecule.
But as soon as in subsequent steps of the search an additional
bond is added to the ring, almost all symmetries break and
thus the number of subgraph isomorphisms decreases dra-
matically.

This effect is one of the main motivations for the hybrid
approach. IfMoFa was somehow able to pass this barrier
it would be no problem to mine even very large databases.
This is the point whereFSG comes in. In contrast toMoFa,
FSG does not store embeddings. Instead it tests each new
fragment candidate for subgraph isomorphism (SGI) against
all graphs. Therefore, it needs less memory thanMoFa does.
But as the fragments grow bigger the SGI tests become more
and more expensive (SGI is proven to be in NP, see [4] for
details). The central idea of our hybrid approach is to start
the search process usingFSG and switch toMoFa once the
discovered fragments satisfy a suitable criterion. This is done
by using each fragment fromFSG as aseedfor MoFa. Seeds

are starting points from whichMoFa generates new frag-
ments by extending the seed fragment, see [2] for details.

Althoughthe idea of a combined approach is apparent, two
questions remain: What is a suitable boundary criterion and
how well doesMoFa work if a potentially large number of
seeds needs to be expanded during its search? The next two
sections present some answers.

2.1 A suitable boundary criterion
A naive idea is to use a fixed fragment size as a switch

criterion betweenFSG andMoFa. Having figure1 in mind
thiswill seem to be quite natural: The number of embeddings
and thus the amount of memory needed to store them drops
significantly at a fragment size of 7. So the approach would
be to start withFSG and let it mine until level 7 of the search
tree. Then each discovered frequent fragment is passed as a
seed toMoFa. Although this is quite easy to implement it
has a huge drawback. The main problem forMoFa is the
number of embeddings but the size of a fragment is a very
weak indicator for the number of its subgraph isomorphisms.
Of course this does not become clear if one only looks at
the maximum number of embeddings of the most frequent
fragment like in figure1. If one takes chlorine and carbon
for example, their frequencies in the HIV dataset are 8150
and over 680,000, respectively! On one hand there would
be no need to let fragments containing chlorine grow to a
size of seven bonds before switching over toMoFa. On the
other hand it is hopeless to take a single carbon atom as seed,
because the embedding lists will be too large.

The problem of this approach becomes even more obvious
when considering the number of seedsMoFa will receive
as starting point. On the NCI-HIV data with a minimum
support of 5% in classes CA+CMFSG finds 1516 fragments
of size seven. All these will be passed toMoFa and the result
will be that a large amount of the fragment lattice is traversed
multiple times. That is because seeds are freely extendable
at all atoms inMoFa.

Table1 shows the results of using this border criterion on
theHIV dataset. The seeds have to be grown to seven bonds
in FSG otherwiseMoFa will need more than the 750MB
we provided. But then it will take nearly three hours to
find all frequent fragments which is magnitudes slower than
the 5 minutesMoFa needs under the same circumstances if
carbon-only fragments are left out.

Obviously we need a better indicator for the switch from
FSG to MoFa. The number of subgraph isomorphisms a
fragment has is a much better criterion as this directly ad-
dresses the problem of the number of embeddings. Using
this criterion, called theembedding threshold, has two impli-
cations: First, fragments of different sizes are fed intoMoFa
(remember that e.g. chlorine can be used directly without
extending it). Second, inFSG not only the support of each
candidate has to be determined butall occurrences in all
molecules have to be found. This is quite time consuming.
However, it is usually sufficient to check against a random
sample of only about 1% of all molecules. This already gives



Table 1: The number of seeds and the corresponding runtime
on the HIV dataset of theFSG-MoFa-combination.

seed size # seeds runtime

0 8 out of memory
1 27 out of memory
2 63 out of memory
3 153 out of memory
4 307 out of memory
5 554 out of memory
6 929 out of memory
7 1,516 2:45 h
8 2,360 3:51 h
9 3,649 3:58 h
10 5,425 8:14 h

a very accurate measure for the total number of embeddings
that a fragment would have. In our experiments, the predic-
tion of this simple heuristic was only off by about 3% from
the real value, which is more than sufficient for the intended
purpose.

At the end of every search tree level each frequent frag-
ment generated byFSG is evaluated using this measure. If
the predicted number of embeddings is below the specified
threshold the fragment is marked non-extendable andFSG
prevents joins with siblings that share a common core while
generating the next level. Instead this fragment is taken as a
seed forMoFa. Subgraphs whose estimated number of em-
beddings lie above the threshold are joined further inFSG.
Figure2 shows part of the generated search tree. The circled
structures satisfy the embedding threshold criterion and are
fed intoMoFa. The others are grown further.
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Figure 2: Creating seeds forMoFa with FSG

This approach heavily reduces the number of seeds that
MoFa has to extend, as we will discuss in more detail later.
Surprisingly, the number of seeds does not decrease mono-
tonically as one would expect. Consider the partial search
tree in figure3 for an explanation. For each of the frag-
ments the number of embeddings is shown on the right. Let
us assume two different runs with embedding thresholds of
100,000 and 125,000 embeddings. For the smaller case only
the circled fragment at the bottom fulfills the criterion and
is fed intoMoFa. The larger threshold causes the dashed-
circled structure to be used as a second seed. And even

thoughFSG does not join it with any other sibling in the
next step, the circled fragment can also be generated making
a self-join of its other parent on the left. Thus it is used a
seed (which is not necessary at all), too, which results in one
more seed than with the lower threshold. With an even higher
threshold, the parent of both fragments already satisfies the
criterion and the number of seeds would drop again.
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Figure 3: Even though the embedding threshold is higher
more seeds are generated

In order to get correct results one has to keep in mind,
that fragments generated byFSG may already satisfy the
reporting criteria. Thus not only structures found byMoFa
have to be reported. Detailed results on the performance of
this technique in our hybrid approach are given in section3.

2.2 Pruning revisited
One ofMoFa ’s important pruning mechanisms is the so-

calledseed based pruning. If the search is started with an
empty seed,MoFa automatically chooses all frequent atoms
as seeds. Once the search has been completed using one
seed, in the next branch with a new atom as root, no exten-
sions are made using the previous seed atoms. That is be-
cause all fragments containing this atom have already been
discovered. In our new hybrid approachMoFa is seeded with
bigger structures. Thus this type of search tree pruning can-
not be used, slowing down the search process considerably.
This effect is shown in figure4 on the example of the com-
plete search tree created by the hybrid algorithm on the cy-
clin molecule (which is shown on the bottom). Let us assume
that the three circled fragments are created byFSG and are
then handed over toMoFa. In this example the switch cri-
terion does not depend on the number of embeddings, but
is chosen arbitrarily in order to simplify the example. The
dashed-circled carbon-fragment at the right is also found by
FSG but not fed intoMoFa because we assume that is has
too many embeddings. Also it has no child fragment(s) so
it is directly reported byFSG. The lack of seed based prun-
ing results in many fragments having more than one parent
which means that they are discovered more than once (which
is undesirable of course)2.

2The dashed line on the left side of the figure is only traversed if the
fragmentN-C-C-O is grown fromO-C-C . On the path fromN-C-C the
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Figure 4: The search tree of the hybrid approach
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Figure 5: The check for already used seeds makes the search
treesmaller than before

There is an elegant solution for this problem. Instead of
preventing extensions thatadd already used seed atoms we
now discard extension thatlead to already used seeds. As
every seed is freely extendable all child fragments must have
been already found. So the branch can be cut off at this
point. Of course this test — which requires an SGI test of
all previously used seeds against the new fragment candi-
date — is much more expensive than the check if the newly
added atom has already been used. Nevertheless this speeds
up the algorithm again, as we will see in the next section.
Figure5 shows the pruned searched tree. It contains fewer
pathsthan before which means that less fragments are found
more than once. For example the edge labeled 1 is not tra-
versed anymore, because the child fragment ofO=C, which
is O-C=0, containsO-C which has been used as seed before.
The same holds for edge 2 as the larger fragmentN-C-C=0
containsN-C which has already been used as a seed in an
earlier branch.

3 Experimental results
In order to evaluate our new hybrid mining algorithm

we ran several experiments on the already mentioned NCI-
HIV[8] and also NCI’s H23 cancer screen [7] datasets. The
latter dataset contains about 30,000 compounds that have
been checked for possible activity against cancer. It con-
sists of two groups, one having shown activity and the other
having not shown any activity against cancer.

The environment was a Dual-Pentium II machine at
850MHz running Windows 2000 with 1GB RAM. We used
Suns JDK 1.4.1 and allowed a maximum Java heap of 750
MB. The experiments were run using a wide range of em-
bedding thresholds. Additionally we used the proposed seed
based pruning strategy and compared it against the hybrid
approach without pruning as discussed earlier. Together with

left carbon atom is not extendable any more.

the time needed to find fragments with a minimum support
of 5% in the focus molecules (1,503 for NCI-HIV and 4,996
for NCI-H23) and a maximum support of 0.05% in the com-
plement molecules (≈35,000 for NCI-HIV and≈25,000 for
NCI-H23) we also included an approximation of the total
memory that was needed. To determine this we invoked the
garbage collector after every search tree level and recorded
the current heap size. Of course these numbers are only an
approximation of the real value.

In contrast to the normalMoFa operation mode we do not
exclude fragments that only consist of carbon atoms. As we
already explained, the main reason why the standard algo-
rithm fails on huge datasets are pure carbon fragments that
can be embedded several hundreds of thousands times. With
the combination ofFSG andMoFa we are now able to find
even those fragments. The results are depicted in figure6.
Froman embedding threshold of 50,000 onward the runtime
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Figure 6: Results on the HIV dataset



decreases initially. This is due to a drop in the number of
seedsand therefore fewer fragments are found redundantly.
Then a long interval of more or less constant runtime (and
also memory usage) follows. At a threshold of about 625,000
allowed embeddings the runtime and memory consumption
rise again. This is mainly due to frequent garbage collec-
tor calls. From a threshold of 675,000 onward the oldMoFa
problem reappears, i.e. there are too many embeddings to
fit into main memory. The new seed based pruning always
speeds up the computation, especially for higher embedding
thresholds. The speedup varies between a factor of about 1.2
to 2.9.

The results on the NCI-H23 dataset are more interesting.
We only show the numbers with the novel seed based pruning
(see figure7), because without it we were not able to mine
thecomplete dataset without running out of memory regard-
less of the chosen threshold. This is clear evidence that this
pruning strategy is not just helpful but may in some cases be
the only way to get results. Another strange observation is
the gap between 200,000 and 250,000 allowed embeddings
for which even the hybrid approach ran out of memory. Let
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Figure 7: Results on the NCI-H23 dataset

us look closer at this phenomenon. The difference between
the two thresholds 225,000 and 250,000 is that in the first
caseC-C-C is used as a seed whereas in the second it is
C-C. Now, looking at the number of extensions of the two
seeds, the reason for the gap becomes clear:C-C-C allows
for 531,942 ring extensions and about 1.13 million atom-
bond extensions. On the other side extendingC-C results
in “only” 407,479 ring extensions and 995,966 atom-bond
extensions. Thus even though the number of embeddings is
smaller for the the larger seed it creates more children frag-
ments than the other one. In the end this leads to a memory
consumption of more than the available 750MB.

However, the question remains: why are the numbers of
extensions so dramatically different? The answer are fused
rings. Figure8 illustrates this issue. There are 18 possible
ways to embedC-C into the shown ”molecule” (see columns
one and two of the first table3 in figure8), whereas there are
24 for C-C-C (see second table). The 18 embeddings of
C-C create 56 different ring extensions, the 24 embeddings

3Due to space limitations we omit the atom symbols in the two tables
and only show their numbers.

of C-C-C create88 ring extensions. The different possibili-
ties are shown in the last two columns of the two tables. The
rings have to be constructed in both directions, clockwise
and counterclockwise. For example starting with embedding
C1-C 2 one can close ring 1 by either creating the new frag-
ment C1-C 2-C 3-C 4-C 5-@C1 or C2-C 1-C 5-C 4-C 3-@C2,
respectively. Most of the embeddings lie in both rings so
there are four different ring extensions, whereas for the re-
maining ones there are only extensions in one of the two
rings.

To summarize, for this example the ratio between number
of embeddings and their extensions – which is56

18 = 3.1̄ for
C-C and 88

24 = 3.6̄ for C-C-C – is smaller for the smaller
core. Transferred to the complete dataset this is the main
cause that even though the number of embeddings is lower
for the bigger core it creates more extensions and thus needs
more memory.

4 Conclusions
We presented a new approach that addresses a general

problem of all graph based data mining techniques: Either
the algorithm needs huge amounts of memory or the runtime
is slow. By combining two algorithms –FSG and MoFa,
the first one featuring a small memory footprint, the second
one much faster with high storage demands – we were able
to mine even on huge datasets in reasonable times. To over-
come the effects when different approaches (especially re-
garding the search strategy) are combined in this way, we
needed to developed a novel pruning strategy. Future work
will study whether there are combinations of other algo-
rithms and/or strategies which perform better than the pre-
sented one.
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