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Abstract: Current protein—protein interaction ( PPl) extraction approach based on distant supervision gathers large scales of training data
by aligning entity pairs in knowledge base with entities in text which solves the problem of lack of annotation data effectively. In this pa—
per based on the protein interaction recognition using the expectation maximization algorithm we propose a novel method of word fre—
quency count which processes the signature of each protein pair and obtains the unigram words between two target proteins. Then the da—
ta which is obtained by the first step should be processed with POS tagging and stem extraction only the nouns and verbs saved. Finally
we can obtain the word frequency statistics for signatures of protein pairs. High frequency words are produced by setting the threshold for
the word frequency statistics which can be used to improve the initialization step of the expectation maximization algorithm. The experi—
ment shows that the high and well balanced precision and recall are achieved by further integrating the high—frequency word information
to obtain the sentence category as the initial model based on the maximum expectation algorithm which shows significant improvement in
comparison to current PPI based on distant supervision.
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o I: We demonstrated that #ahr# associates with #rela
PPI # in the cytosol and nucleus of human lung cells.

o 2: Thus the #rela# and #ahr# proteins functionally
cooperate to bind to NF-kappaB elements and induce c—
myc gene expression.
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(‘high frequency words) HFW ={}//
F={f, f, - f}
label={r, 1, -~ r,}

1:if m<=C then
2: HFW =WC
3: else then
4: for count in WC. keys() do
5:if count>TC then
6: HFW =HFW U{ count: WC count }
7: flag =false //
8
9

forf, eF, do
if f, in HFW. keys() then
10:r,= ‘1’
11: flag =true
12:if flag = =flase then
13:1r,= ‘0’
14: return label
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label={r, r, - r,}
S={s, s, = s,}

1:if<e, e,>eP then
for r; e label do

if ;== 0" then
count_l+=1

1if count_l = =m then

:randomly save somesentences others remove from S
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: else then
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8: for r, € label do

9:if r,;== ‘0’ then

10: removes; from S

11: else then

12: for r; e label do
13:if r;== ‘1’ then

14: count_2+=1

15:if count_2==m then
16: randomly save some sentences and set the label as ‘0’
17: else then

18: for r, e label do
19:if r;== ‘1" then

20: remove s, from S

21: return S
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