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A Additional Information about Datasets

The PTC (Predictive Toxicology Challenge) dataset”
contains data of 601 chemical compounds in total (in-
cluding training and test sets), which is originally de-
signed for a prediction challenge of carcinogenic effects.
Graphs are classified according to their carcinogenicity
assayed on rats and mice. We assume that graphs la-
beled as CE, SE, or P as positive, and those of NE or N
as negative, the same setting as in [, 9]. The dataset is
divided into four overlapping subsets according to their
animal models: male rats (MR), female rats (FR), male
mice (MM), and female mice (FM). We used only MR
since the properties of other datasets are similar.

MUTAG [P] is a dataset of 188 mutagenic aromatic
and heteroaromatic nitro compounds, which are classi-
fied into two classes of mutagenically active or inactive
on the bacterium Salmonella typhimurium.

ENZYMES is a dataset of protein tertiary struc-
tures used in [0], which consists of 600 enzymes, ex-
tracted from the BRENDA database [6]. Each enzyme
is classified into one of six Enzyme Commission top level
enzyme classes (EC1 to EC6). We classified enzymes
from EC1 to EC3 to one class, and from EC4 to EC6
to the other for our binary classification problem.

D&D is a dataset of 1178 protein structures created
by Dobson and Doig [3], and they are classified into
enzymes and non-enzymes. As we can see in Table 1,
the size of each graph in this dataset is relatively large
compared to the other datasets?.

NCI (National Cancer Institute) datasets contain
data of chemical compounds that are classified accord-
ing to their anti-cancer activity [8]. Datasets are num-
bered by their bioassay IDs. NCI1 is balanced subsets,
which is often used in the literature [8, [d], and the others
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2MUTAG, ENZYMES, and D&D are obtained from
http://mlcb.is.tuebingen.mpg.de/Mitarbeiter/Nino/
Graphkernels/data.zip
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are the full sets retrieved from the official website®.
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Table S1: Notation.

G, H Graph
V(G) The set of vertices of G
E(G) The set of edges of G
HCG H is a subgraph of G
g,g A set of graphs
H The set of subgraphs in GUG: H={HC G |GeGuUug'}
| X Cardinality of X
n (resp. n') Cardinality of G (resp. G'): n=|G| and n' = |G’
x (resp. ') Frequency of Hin G (resp. §'): = |{G€G|HC G}|
a(z) Probability (3) (1)/(:1})
f(H) Frequency of Hin GUG": f(H)=xz+2' =|{GeGUG |HC G}|
o Frequency
Y(o) Minimum P value of frequency o: (o) = (Z)/("t"/)
H The set of subgraphs in G U G’, |H]| is the Bonferroni correction factor
@ Significance level
k Natural number
m(k) The value [{H € H | Yo f(H) <a/k}|
kvt (Rounded) Root of m(k) — k: m(ky — 1) > ke — 1, m(ket) < kit
T(H) The set of testable subgraphs: 7(H) ={H € H |y o f(H) < a/ky }
Ort (Rounded) Root frequency such that
{H et |f(H)=(on—1)}|>a/Pp(on —1) and
[{H e | J(H) > 0n }| < a/d(ow)
Omin The minimum possible frequency o, satisfying ¥ (omin) < @
Omax The maximum possible frequency n
s(H) The set of significant subgraphs
Meft The effective number of tests within the testable subgraphs
Table S2: Root frequencies oy for each dataset and each maximum size of subgraph nodes. “—” means that

computation did not finished and the root frequency is not confirmed.

Maximum size of subgraph nodes

Dataset 4 5 6 7 8 9 10 11 12 13 14 15 16 Limitless
PTC(MR) 9 9 10 10 11 11 11 11 11 11 11 11 11 11
MUTAG § & 9 10 10 11 12 12 13 14 — — — —
ENZYMES 11 14 15 17 19 22 24 27 — — — — — —
D&D 17 20 21 22 22 22 22 22 22 22 22 22 22 22
NCI1 16 17 19 20 21 22 24 25 26 27 28 29 30 —
NCI41 5 5 6 6 6 7 7T 7 8 8 8§ — — —
NCI167 6 7 7 8 8 9 9 10 10 11 — — — —

NCI220 9 10 11 11 12 13 13 14 14 15 15 16 16 18




Algorithm 1 One-pass search

Algorithm 2 Decremental search (LAMP search)

Input: Datasets G, G’ and significance level a
Output: All significant subgraphs
Omin 1
while ¢ (omin) > a do
Omin <~ Omin + 1
end while
// Omin is the minimum possible frequency
H(Umin) <~ {H S | f(H) Z Umin}
// This set is obtained by running an FSM
// algorithm with the threshold opin
Ort < Omin
while |{ H e H | f(H) > oy } | > a/¢ (o) do
Opg < oyt + 1
end while
// o is the root frequency
TH)—{HeH|f(H)>o0u}
// Testable hypotheses
s(H)«+ {H e7(H)| P value of H < «/|7(H)|}
Output s(H)

Input: Datasets G, G’ and significance level a
Output: All significant subgraphs
oy < n // the maximum possible frequency
repeat
H(ow) « {H € H| f(H) = 0w}
// This set is obtained by running an FSM
// algorithm with the threshold oyt
Ort < Ort — 1
until |H(ow)| > a/9(ow)
ort < opt +2  // oy is the root frequency
TH) —{HeH|f(H)>o0u}
// Testable hypotheses
s(H)« {H e7(H)| Pvalue of H < «/|7(H)|}
Output s(H)

Algorithm 4 Bisection search (LEAP search)

Algorithm 3 Incremental search

Input: Datasets G, G’ and significance level «
Output: All significant subgraphs
o — 1
while ¢ (o) > a do
Opp o + 1
end while
// This is the minimum possible frequency
repeat
Run an FSM algorithm with the threshold o
with monitoring the number m of frequent sub-
graphs
if m > a/v(oy) while the process then
Terminate the mining process
else
H(ow) < {H e H | f(H) = 0w}
// This set is obtained by running an FSM
// algorithm with the threshold oy
end if
Ort < Ort + 1
until the mining process is not terminated
oy < o — 1 // oy is the root frequency
P(M) — {H €| f(H) > 0u)
// Testable hypotheses
s(H) < {H €7(H)| P value of H < «/|T(H)|}
Output s(H)

Input: Datasets G, G’ and significance level a
Output: All significant subgraphs
Omin < 1
while ¢¥(omin) > « do
Omin = Omin + 1
end while
Omax ¢ " // the maximum possible frequency
Ort $— I_(Umin + Umax)/2J
repeat
Run an FSM algorithm with the threshold oy
with monitoring the number m of frequent sub-
graphs
if m > «/v (o) while the process then
Terminate the mining process
else
Hlow) « {H € H| F(H) > 0n}
end if
if the mining process is terminated then
Omin < Ort
else
Omax < Ort
end if
Ort $— L(Umin + Jmax)/2J
until o0 — Omin = 1
if the last mining process was terminated then
Ort < Omax // oOrt is the root frequency
end if
(M) {H € H| f(H) > 0u}
// Testable hypotheses
s(H)«+{He7(H)| P value of H < a/|7(H)|}
Output s(H)
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Figure S1: Four examples of significant subgraphs on PTC(MR) (left) and NCI220 (right) that are detected by
our method using the testability but are missed by the standard Bonferroni factor. Different colors (resp. shapes)
of vertices (resp. edges) mean different labels of them.
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