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Abstract. We report on the Penn State team’s experience in the CHEMD-
NER chemical entity mention and the chemical document indexing tasks.
Our approach devises a probabilistic framework that incorporates an en-
semble of multiple information extractors to obtain high accuracy. The
probabilistic framework can be configured to optimize for either preci-
sion, recall, or F-Measure based on the task requirement. The ensem-
ble of extractors includes off the shelf chemical entity extractors, along
with a version of ChemXSeer extractor that was trained and modified
specifically for this task. Experiments on the training and development
datasets obtain levels of recall as high as 89%, and f-measure of 73%,
when optimizing for each measure respectively.
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1 Introduction

The Intelligent Information Systems Lab at the Pennsylvania State University
participated in the CHEMDNER challenge which contained two separate tasks.
The first is to identify all chemical formulas and names mentioned within ab-
stracts of selected PubMed records. Formally it is referred to as the Chemical
Entity Mention (CEM) task. The second is Chemical Document Indexing (CDI)
which requires participants to rank all the unique chemical names and formulas
within each document. The dataset consist of 10,000 PubMed abstracts selected
from chemistry journals, each of which has all the mentions of chemical enti-
ties annotated by chemistry graduate students. The dataset is split into three
groups, training, development, and testing. We participate in both tasks, CEM
and CDI, with 5 runs being submitted for each.

Extracting chemical entities from textual documents have been an area of
research that received considerable attention in the past ten years, with our
group being one of the early users of machine learning techniques for chemical
information extraction [12, 10]. As such we started by applying the ChemXSeer
formula and name extractor that was developed in [12, 10, 11]. The following
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sections describe how we modified the ChemXSeer tagger and incorporated its
result with other open source chemical information extractors into a probabilistic
framework in order to obtain a high F-measure.

2 Systems Description and Methods

We first run a distribution of ChemXSeer that is released for the general public
on the training and development datasets. The tagger is based on Conditional
Random Field (CRF[8]) models, with additional rules for pre and post pro-
cessing documents. The off the shelf ChemXSeer tagger performed well when
judged based on precision, but mediocre recall ended up penalizing the overall
F-Measure. We then explored the use of other open source and free chemical
information extraction systems, in particular OSCAR4 [7, 4], ChemSpot [9, 2],
Reflect[5], Whatizit[6], and MiniChem[3], on the BioCreative dataset. ChemSpot
[9] and OSCAR4 [7] were promising since the former’s result had high F-Measure,
and the latter’s reported high recall. To balance the performance and boost both
the precision and the recall, we chose two paths to explore. First, modify the
ChemXSeer tagger and retrain it on the corpus at hand since the distribution of
vocabulary might be different in the biocreative dataset from the original Royal
Society of Chemistry (RSC) articles which were used to train ChemXSeer’s CRF.
The second was to try and merge the results from all the aforementioned taggers
along with ChemXSeer in a way that would improve recall, while sustaining high
levels of precision.

2.1 Modified ChemXSeer

ChemXSeer utilizes two CRF modules, one for extracting formulas and another
for extracting chemical names. We created a new unified CRF extractor for
all chemical entities. The unified extractor merges features that were used for
chemical formulas and chemical names. The used features include

– The word itself
– Character level n-grams
– Prefix, postfix, inclusion of punctuation, has superscript,
– Regular expressions to match alphanumeric patterns such as the state of

capital letters in the word (starts with, mixed capital caps, ends with cap),
the occurrence of digits

– Dictionary look up against a collection of chemical names, chemical elements,
known symbols and abbreviations

We also use a window of size n for features of the previous and following n

words to be included in each word’s features, where n is set to 1 or 2 based on
the feature. After tokenization with the Lucene StandardAnalyzer, each token
is assigned to one of the following classes: {B, I,O}, where B denotes a start
of chemical entity, I denotes a continuation from the previous entity, and O for
everything else. Three models are created for the purpose of evaluation, one is
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trained on the training data, the second is trained on the development dataset,
and the third is trained on both training and development datasets.

After tagging the sequence of words in a document, those identified as class
B or I are passed to a chemical entity parser which validates that the token
is actually a chemical entity. Also we compile a list of common false positives
which we denote to as a blacklist. An entity candidate is ignored if it is found
in the blacklist.

2.2 Ensemble Extraction

We run all the three extractors, ChemxSeer, OSCAR4, and ChemSpot, on the
datasets and combine their output as follows. Let token t be identified as a
chemical entity by at least one of the extractors (t is defined as an offset and
length only therefore it can refer to unigram or multi-gram token. Refer to
Section 2.1 for details on how to deal with multi-token entities). Assume we have
n chemical entity extractors, then we are interested in measuring the probability
of t being an actual entity given the predictions from the n extractors. That is,
we would like to estimate

P (t = Entity|E1..En) (1)

where Ei is an indicator random variable representing the prediction of chemical
entity extractor i, i ∈ {1, n}, for the token t. This represents a discriminative
model that tries to infer t given all the results form E1..En. Luckily, estimating
the probabilities and the final conditional probability is not hard because it fol-
lows from the annotated dataset. We can estimate P (t|Ei) as the precision of
extractor i. And similarly, P (t|EiEj) can be estimated by computing the preci-
sion resulting from intersecting results of extractor i and j. Finally, estimating
P (t|EiĒj) is carried by computing the precision resulting from extractor i and
not j. In other words, it is the precision of an extractor whose output is given by
{x : x ∈ i∧x /∈ j}. The same approach is generalized to estimate the probabilities
using n extractors.

For example, let CO2 be a token that was identified by ChemSpot and OS-
CAR4 only where ChemXSeer failed to recognize it as a chemical entity. So
Echemspot = 1, Eoscar = 1, and Echemxseer = 0. The confidence of the term CO2

is given by

P (CO2|Echemspot = 1, Eoscar = 1, Echemxseer = 0) = Precision(Y )

Y = {x : x ∈ chemspot ∧ x ∈ oscar ∧ x /∈ chemxseer}

So Y is an extractor whose output results from the intersection between OSCAR4
and ChemSpot, minus ChemXSeer.

Since there are 2n possible combination for the output of extractors, we need
to estimate 2n − 1 parameters for the probabilistic framework to output prob-
ability for every possible combination (note that we do not need to estimate
the probability when none of the extractors identifies a token to be a chemical
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entity). While this scales exponentially, it is actually quite easy and fast to esti-
mate the parameters because the expensive part is the extraction itself, and not
merging or intersecting results. Since the extraction is done before hand, esti-
mating the parameters only takes fraction of the time needed for extraction. In
our case, we have used 3 taggers only, hence there was 7 parameters to estimate.

ChemxSeer OSCAR4 ChemSpot Probability Estimate on Dev Probability Estimate on Train

1 0 0 0.252 0.26159

0 1 0 0.089 0.08507

0 0 1 0.249 0.25588

1 1 0 0.82083 0.81755

1 0 1 0.72799 0.67361

0 1 1 0.55869 0.53267

1 1 1 0.93316 0.93386

Table 1. Probability of a candidate entity conditioned on possible values of the indi-
cator random variables for each of the three taggers used.

3 Results and Discussion

Our method combined OSCAR4, ChemSpot and our modified version of ChemXSeer.
While ChemSpot and OSCAR4 were used out of the box and did not make use
of the provided training dataset, ChemXSeer was trained and tested on opposite
datasets. That is, to test ChemXSeer on the development dataset, the model was
built using the training dataset only. The parameters of equation 1 were found
to be close enough whether estimated using training or development datasets.
Therefore, the final test dataset used the development estimate probabilities.
Table 1 shows the estimated probabilities when conditioned on all the possible
values for the extractors outcome.

3.1 Chemical Entity Mention (CEM)

Using the probabilities generated from our probabilistic framework, we can ap-
ply cut off points based on the confidence assigned to each extracted entity. We
have experimented with multiple thresholds and found out that lower value of
threshold favor higher recall, while increasing the threshold increases the preci-
sion gradually. Some of the obtained results for the CEM task are summarized
in table 2. The highest obtained F-measure was 73% on the development data,
and 72% on training data. Similarly the recall reached a maximum of 89% for
development, and 88% for training. Interestingly, one will be able to obtain near
73% recall at 66% of precision. That is, we are able to identify nearly 3/4 of all
chemical entities in a document with only 1/3 of these identified entities being
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false positives. In Figure 1, we plot precision against various values of recall for
the CEM task using both training and development datasets.

Dataset Threshold Precision Recall F-Measure

Dev 0.01 0.31543 0.8924 0.46611
Dev 0.24 0.67406 0.73650 0.70390
Dev 0.25 0.70871 0.71598 0.71232
Dev 0.5 0.79486 0.67544 0.7303

Dev 0.7 0.87369 0.55663 0.6800
Dev 0.8 0.88315 0.52835 0.66116
Dev 0.9 0.93316 0.30973 0.46509

Train 0.01 0.30711 0.88147 0.45552
Train 0.25 0.66208 0.73126 0.69495
Train 0.26 0.78473 0.66680 0.72098

Train 0.5 0.78473 0.6668 0.72098

Train 0.6 0.86928 0.55312 0.67607
Train 0.7 0.88266 0.52568 0.65893
Train 0.9 0.93386 0.31135 0.467

Table 2. Performance of the ensemble extractor on the CEM task at various confidence
thresholds.

3.2 Chemical Document Indexing (CDI)

Runs for the CDI task consist of converting the CEM extractor results into CDI
by removing all duplicate entities and sorting by confidence in descending order.
The highest F-measure obtained was 0.717, and FAP (harmonic mean between
the F-measure and the Average Precision [1]) = 0.626 on the development dataset
when applying threshold of 0.5. Average precision was above 50% for most of
the mid-value thresholds. The results obtained on the training and development
datasets for the CDI task are reported in Table 3. In addition to precision,
recall, and F-Measure, we also report the average precision and FAP since the
the organizers intend to use these last two measures for this subtask.

In Figure 2, we plot precision against various values of recall for CDI task
on both training and development datasets. This helps identify optimal cut off
points depending on an application’s need.

4 Conclusion

We introduced an ensemble approach for chemical entity recognition that em-
ploys multiple extractors and output probabilities that represent the confidence
score for each entity. We showed how these probabilities can be estimated using
the training dataset in an effective way. In implementing this approach, we use

���



Proceedings of the fourth BioCreative challenge evaluation workshop, vol. 2

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Recall

P
re
c
is
io
n

(a) Training dataset

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Recall

P
re
c
is
io
n

(b) Development dataset

Fig. 1. Precision-Recall curves for CEM task on training and development datasets.

Dataset Threshold Precision Recall F-Measure Avg Precision FAP

Dev 0.01 0.286 0.838 0.427 0.539 0.476
Dev 0.24 0.623 0.723 0.669 0.562 0.611
Dev 0.25 0.663 0.706 0.684 0.561 0.616
Dev 0.5 0.782 0.662 0.717 0.556 0.626

Dev 0.7 0.854 0.570 0.683 0.502 0.579
Dev 0.8 0.868 0.541 0.666 0.481 0.559
Dev 0.9 0.929 0.324 0.481 0.303 0.372

Train 0.01 0.279 0.840 0.419 0.245 0.309
Train 0.25 0.608 0.727 0.662 0.564 0.609
Train 0.26 0.772 0.660 0.712 0.555 0.624

Train 0.5 0.772 0.660 0.712 0.555 0.624

Train 0.6 0.846 0.572 0.683 0.504 0.580
Train 0.7 0.862 0.543 0.666 0.484 0.561
Train 0.9 0.927 0.332 0.489 0.310 0.379

Table 3. Performance of the ensemble extractor on the CDI task at various confidence
thresholds.
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a modified version of ChemXSeer along with ChemSpot and OSCAR4. Since
our approach generates actual probabilities, we are able to apply different cut
off points depending on the optimization criterion where high cut off points op-
timize for precision and lower cut off points boost recall. The highest obtained
F-Measure for the chemical entity mention task was 73% at confidence thresh-
old of 0.5. While values of recall as high as 88% were obtained at low confidence
thresholds, it is possible to get nearly 75% recall at an accuracy of 66%.
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(a) Training dataset
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(b) Development dataset

Fig. 2. Precision-Recall curves for the CDI task on training and development datasets.
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