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1 Introduction mined by an automated procedure based on the gene

) _ _ o synonym listt We also annotated the evaluation-
One step in the curation procesgeneld finding-  45ta for NER evaluation.

the task of finding the database identifier of every \we used two closely related gene-protein NER

gene discussed in an article. Geneld-finding wagstems in our experiments, both trained using

studied experimentally in the BioCreatlvE challeng& inorthird (Min, 2004) on the YAPEX corpus
(Hirschman et al., 2005), which developed testbe@:ranén et al., 2002). Thékely-protein extractor
problems for each of three model organisms (yeasjas designed to have high precision and lower re-
mice, and fruitflies). Here we considgeneld rank- ¢4 and thepossible-protein extractaras designed
ing, a relaxation of geneld-finding in which the sys+, haye high recall and lower precision. As shown in
tem provides a ranked list of genes that might bgaple 1, the likely-protein extractor performs well
discussed by the document. We show how multy, the YAPEX test set, but neither system performs
ple named entity recognition (NER) methods cafe|| on the mouse evaluation data—here, they per-
be combined into a single high-performance geneldyrm only comparably to exact matching against the
ranking system. synonym dictionary. This performance drop is typ-
ical when learning-based NER systems are tested
on data from a statistical distribution different from

We focused on the mouse dataset, which was tﬁgelrtralnlng_set. . .
hardest for the BioCreatlvE participants. This As a baseline for geneld-ranking, we used a string

dataset consists of several parts. THe@e synonym similarity metric calledsoft TFIDF, as implemented
list consists of 183,142 synonyms for 52,594 gene 'Cﬂ;\e Secgrngt_rllng opezrg(s)gurce dsof:c\évaret phacolrage
the training data consists of 100 mouse-relevant' -0 " andravikumar, ), and soft-matched ex-

Medline abstracts, associated with the MGI geneld’gaCteOI gene names against the synonym list. Ta-

for those genes that are mentioned in the abstra&l;et_2 st:jovtvs thl?tea?ha\t/i;]age precl:(;smmkthebeval-d
the evaluation dataconsists of an additional 50 Y210N data. Note that Ine geneld ranker based on

mouse-relevant Medline abstracts, also associatgasSible'pmtein performs statis‘FicaIIy sign_ificantly
with the MGI geneld's as above: thest datacon- ettef than the one based on likely-protein, even

sists of an additional 250 mouse-relevant Medlinéh(?rugh pobs_sml;-protEem ?\IaESF? Iovxf[er F score. ‘
abstracts, again associated with MGI geneld’s; fi- 0 combine these two Systems, We represen

nally the historical data consists of 5000 mouse- all information as a labeled directed graph which in-

relevant Medline abstracts, each of which is associ- The training data and evaluation data are subsets of the

ated with the MGI geneld’s for all aenes which ar ioCreatI\_/E “devt_est“ set. The his_tori_cal data was called “'_[rain-
9 9 é|Bg data” in the BioCreatlvE publications. The test data is the

(a) associated with the article according to the MGdame as the blind test set used in BioCreatIVE.
database, and (b) mentioned in the abstract, as deter?with z = 3.1, p > 0.995 using a two-tailed paired test.

2 Methods and Results
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Precis. Recall F _
mouse eval sbetracts | PETS
likely-prot 0.667 0.268 0.453 extracted
possible-prot | 0.304 0.566 0.396 proteins
dictionary 0.245 0.439 0.314 terms
YAPEX test
likely-prot 0.872 0.621 0.725 symomms
YAPEX system| 0.678 0.664 0.671

Table 1: Performance of the NER systems on the mistorica
mouse evaluation corpus and the YAPEX test cor-
pus.

Mean Average Figure 1: Part of a simplified version of the graph
Precision (MAP) used for geneld ranking.

mouse evaluation data

likely-prot + softTFIDF 0.450 . Lo
ossible-prot + Soft TFIDE 0.626 ity measure for nodes. Similarity between two nodes
pra h-based rankin 0 513 is defined by dazy walk processsimilar to PageR-
g +pextra links 9 0 7'30 ank with decay. The details of this are described in
+ extra links & learning 6807 the full paper and elsewhere (Minkov et al., 2006).

Intuitively, however, this measures the similarity of

- wo nodes by the weighted sum of all paths that con-
Table 2. Mean average precision of several geneld- y g P

ki thod the 50 abstracts f h ect the nodes, where shorter paths will be weighted
ranking metnods onfhe >uabstracts fromthe mouse?(ponentially higher than longer paths. One conse-
evaluation dataset.

guence of this measure is that information associ-

ated with paths like the one on the left-hand side of
cludes the test abstracts, the extracted names, @ graph—which represents a soft-match between a
synonym list, and the historical data. We then uskkely-protein and a synonym—can be reinforced by
proximity in a graphfor ranking. The graph used other types of paths, like the one on the right-hand
is illustrated in Figure 1. Nodes in this graph carside of the figure.

be eitherfiles strings terms or user-defined types  Aq shown in Table 2, the graph-based approach
Abstracts and gene synonyms are representéitas o5 nerformance intermediate between the two base-
and string nodes, respectively. Files are linked 19j,e systems. However, the baseline approaches in-
the terms (i.e., the words) that they contain, andg,,qe some information which is not available in the

terms are linked to the files that contain thé'ﬁ"‘? graph, e.g., the soft TFIDF distances, and the implicit
nodes are also linked &tring nodes corresponding knowledge of the “i

_ importance” of paths from an ab-
to the output of an NER system on that fil&ting  gir4ct to a synonym via an NER-extracted string. To

nodes are simply short files.) The graph also con e de this information, we inserted extra edges la-
tains geneldnodes andsynonymstring nodes Cre- pgjeqproteinToSynonyrbetween the extracted pro-
ated from the dictionary, and for each historical-datg,;, stringsz and comparable synonymsand also
abstract, we include links to its associated genel‘%hort-cut” edges in the graph that directly link ab-

nod_es. _ _ N stractsz to geneldnodes reachable via one of the
Given this graph, gene identifiers for an abStraG‘ﬁmportant" paths described above.

are generated by traversing the graph away from theAS Table 2 shows, graph search with the aug-

abstract node, and looking fgeneldnodes that are mented graph does indeed improve MAP perfor-

“close” to the abstract according to a certain proxim- .
mance on the mouse evaluation data: performance

3In fact, all edges have inverses in the graph. is better than the simple graph, and also better than
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MAP AvgMax F  in the most natural manner, the F-measure perfor-
mouse test data mance of an NER systems does not correlate well
likely-prot + softTFIDF 0.368 0.421 with MAP of the geneld-ranker based on it: rather,
possible-prot + softTFIDF  0.611 0.672 the NER system with higher recall, but lower overall
graph-based ranking 0.640 0.695 performance, has significantly better performance

+ extra links & learning  0.711 0.755 when used for geneld-ranking.
We also present a graph-based scheme for com-
Table 3: Mean average precision of several genelthining NER systems, which allows many types of
ranking methods on the 250 abstracts from thiformation to be combined. Combining this sys-
mouse test dataset. tem with learning produces performance much bet-
ter than either NER system can achieve alone. On

either of the baseline methods described above. 2verage, 68% of the correct proteins will be found in
" _the top two elements of the list, 84% will be found

Finally we extended the lazy graph walk to pro- , .
duce fo); each node reached oﬁ tghe?/valk afeatlireIn the top five elements, and more than 90% wil
vector summarizing the walk. Intuitively, the fea-D8 found in the top ten elements. This level of per-

ture vector records certain features of each edge gerance is probably good enough to be of use in

the graph, weighting these features according to thcé"ation'

probability of traversing the edge. We then use @cknowledgement
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