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ABSTRACT
Named entity recognition (NER) and normalization (EN) form an
indispensable first step to many biomedical natural language pro-
cessing applications. In biomedical information science, recognizing
entities (e.g., genes, diseases, or drugs) and normalizing them to
concepts in standard terminologies or thesauri (e.g., Entrez, ICD-10,
or RxNorm) is crucial for identifying more informative relations
among them that drive disease etiology, progression, and treatment.
In this effort we pursue two high level strategies to improve biomed-
ical ER and EN. The first is to decouple standard entity encoding
tags (e.g., “B-Drug” for the beginning of a drug) into type tags (e.g.,
“Drug”) and positional tags (e.g., “B”). A second strategy is to use
additional counterfactual training examples to handle the issue of
models learning spurious correlations between surrounding context
and normalized concepts in training data. We conduct elaborate
experiments using the MedMentions dataset, the largest dataset of
its kind for ER and EN in biomedicine. We find that our first strategy
performs better in entity normalization when compared with the
standard coding scheme. The second data augmentation strategy
uniformly improves performance in span detection, typing, and
normalization. The gains from counterfactual examples are more
prominent when evaluating in zero-shot settings, for concepts that
have never been encountered during training.
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1 INTRODUCTION
Biomedical information extraction (BIE) from free text is at the
heart of many downstream biomedical natural language processing
(BioNLP) applications including knowledge discovery, search sys-
tems, and question answering (QA) models. Niche applications such
as automatic clinical cohort selection and evidence based medicine
through patient similarity computing may also rely on the output
of BIE systems. Given an input text (sentence or paragraph), at a
high level BIE consists of two mains steps: (1). spotting biomed-
ical entities (e.g., genes, diseases, and drugs) in text and linking
them to standardized concepts in ontologies, terminologies, or other
thesauri (e.g., Entrez, ICD-10, and RxNorm). (2). identifying any
relations between concepts identified in step (1) as asserted in the
text. Once these inter-concept relations are identified, they can be
stored in structured databases as knowledge graphs. As more and
more concepts and inter-concept relations are being discussed in
scientific literature, clinical text, and even social media these days,
BIE is the only scalable way of curating relational information be-
ing presented in textual data. There are obvious caveats regarding
BIE methods given any NLP method has associated accuracy issues.
However, if the same relation is obtained from multiple research
articles, risks associated with imperfect methods can be alleviated.

1.1 Components of NER and EN
Our current effort concerns step (1) of BIE discussed in the previous
paragraph. This step is actually composed of two different but
related tasks:

(1) First is to identify spans of text in the input representing an
entity of interest. This means determining the exact location
where the span starts and ends (via character offsets) and
then assigning an entity type (e.g., drug, disease, or gene)
that typically comes from a set of predetermined fixed types.
Thismention detection and entity typing subtasks are together
typically called named entity recognition (NER or just ER).

(2) Often the same entity is referred by multiple aliases (text
strings) that essentially point to the same biomedical con-
cept. Abbreviations or other short forms and synonyms are
obvious sources of aliases. Mapping equivalent aliases to
a unique biomedical entity, concept, or code in a standard
terminology (e.g., RxNorm, NDC, Multum, Micromedex for
drugs) is often called entity normalization (EN), entity link-
ing, or concept mapping.

To summarize, NER consists of mention detection (MD) and entity
typing (ET); and EN consists of mapping the span detected to an
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actual concept in a standardized terminology. We note MD and ET
go together in the sense that identifying a span as representing
an entity without figuring out the type of such an entity is mostly
not meaningful. The EN step is also crucial because just knowing
something is a drug may not be enough and any downstream task
can only operate in a concrete way if we also identify the exact drug,
by mapping to a standard terminology. Henceforth we refer to the
standardized entities (unique codes in a terminology) as concepts
and typed spans of text as just entities. As such, our overall task in
this paper can be simply stated as identifying entities and mapping
them to concepts in an input text.

1.2 Challenges in biomedical NER/EN
Conventionally, BIE systems handle the NER and EN tasks indepen-
dently and sequentially in a pipeline setup. That is, entity mentions
(spans) are detected first along with their types. Subsequently, those
spans are mapped to concepts in a terminology. Given the type
is already known before EN happens in this setup, one needs to
typically look for concepts that satisfy the type constraint set by
the outcome of the preceding ER task. A well-known issue of this
pipeline approach is the error propagation over the series of tasks.
That is, errors made in mention detection or entity typing will
automatically snowball to create errors in the EN step. Another
missed opportunity in such a pipeline setup is more effective learn-
ing of features (and associated weights) that may be shared and
tuned more effectively across multiple tasks simultaneously (e.g.,
using a single objective function or shared parameters). Pipelines
inherently involve separate models for each constituent task and
hence operate in disparate feature spaces that do not share any
predictive signal. Some recent BIE efforts still seem to rely on this
pipeline setup. However, multi-task models and joint approaches
are also gaining popularity in the general NLP community and
more recently in BioNLP too.

Another limiting factor is the target terminology size for the EN
task. As the number of concepts increases, it becomes prohibitive
to create high coverage training datasets. This is to be expected as
manual efforts in biomedicine are more complex needing expert
time, when compared with similar tasks in general domains where
crowdsourcing is popular. Also, in terms of methodology, the soft-
max computation for the simpler multi-class modeling becomes
very expensive with large target concept spaces. For example, the
Unified Medical Language System (UMLS) Metathesaurus, one of
the commonly used biomedical terminologies for entity annotation
tasks, contains over 4.4 million concepts (as of 2020). The MedMen-
tions [15] NER and EN dataset used in our effort is considered the
largest resource in biomedicine for this task and has 352,496 anno-
tated mentions; still that only covers < 1% (= 34, 724) of the full
UMLS concept space. So on average there are around 10 instances
for each of the unique concepts covered in the dataset. But we also
notice that the test data split of MedMentions has concepts that are
never encountered during training, leading to inevitable zero-shot
scenarios. The sparsity of having very few or no training examples
for a large portion of the target concept space can lead to over-
fitting outcomes with complex nonlinear models where spurious
correlations between concepts and surrounding textual artifacts
are sort of memorized by the model .

We handle error snowballing issues with a joint modeling ap-
proach that uses both shared parameter spaces and combined objec-
tive function. We address the sparsity concerns with two different
strategies. The first is to experiment with a decoupled tagging
scheme for representing training data for NER where type tags and
positional tags are treated separately. The other strategy uses addi-
tional counterfactual training examples derived from the original
training dataset to break spurious correlations between concepts
and contextual artifacts. Next, we provide some related work perti-
nent to our contribution.

2 RELATEDWORK
Before the prevalent use of neural methods for NER, most prior
approaches relied on feature engineering with rule-based heuristic
decision models. NER features include word-level patterns (e.g.,
punctuation, presence of different special characters such as digits
or capital letters, part-of-speech, or prefixes/suffixes of tokens) [2,
3], list look-up features (e.g., gazetteer, lexicon, or dictionary) [14,
19]. TaggerOne [8] which is widely used in biomedical NER utilizes
a semi-Markov model with carefully designed NER features such as
the ones described earlier. Dictionary matching, based on the string-
matching methods, was another popular choice [5, 13, 23, 24] for
the EN task. The matching scores are computed between a mention
and entities in the controlled vocabulary by leveraging the character
n-grams or tf-idf features.

Since 2016, researchers have been proposing neural network-
based approaches for EN. Kolitsas et al. [7] prepared fixed dense
vector representations of concepts using the pre-trained Word2vec
embeddings, which were then compared with a mention represen-
tation. Yamada et al. [28] also proposed a method to jointly learn
the embeddings of words and concepts using a knowledge graph;
they are then used in the named entity disambiguation process.

Recently, approaches utilizing neural language models for EN are
burgeoning. Liu et al. [11] trained a simple neural language model
on the next word prediction task, taking the character sequence as
inputs. They used this language model for encoding input sequence
before passing to an LSTM-CRF framework for the sequence la-
beling task. Wu et al.’s idea [26], which is conceptually similar to
ours, uses the popular BERT transformer [4] to model a concept’s
representation using its title and short description, whereas our
model represents each concept by its alias and categorical entity
type. For EN, similarity scores are computed across the concept rep-
resentations of 𝑘 nearest neighbors of the mention representation.

Several neural network-based models for MD have also been
proposed. A common approach is to consider all possible spans
in a document as potential mentions and compute the mention
scores using a feed-forward neural network layer [9, 30]. Because
of quadratic complexity (O(𝑇 2)) in the number of tokens 𝑇 , they
had to rely on a heuristic rule to prune out certain unlikely mention
candidates during both inference and training.

At least two previous neural NER models are evaluated on the
MedMentions dataset, which can be considered state-of-the-art
approaches as of now. Loureiro et al.’s model [13] uses a pre-trained
neural language model (a BERT variant) to encode the input sen-
tence. A BiLSTM-CRF module follows to identify a candidate entity



Joint Biomedical NER and Entity Normalization BCB ’21, August 1–4, 2021, Gainesville, FL, USA

span. Once the span is specified, the language model’s hidden out-
puts for the span are pooled to construct its contextual representa-
tion. This representation provides the contextual matching feature
for ET/EN. They use pre-trained categorical entity embeddings
(i.e., 21 semantic types and 18,425 CUI entities) for matching. Also,
they used SimString [18] to compare the spans to concepts as in
dictionary matching. Wiatrak et al.’s model [25] adopts a similar
architecture, a pre-trained language model followed by BiLSTM.
They explore the use of hierarchical multi-task learning using ER
as an auxiliary task, whereby they aim for a joint learning objec-
tive similar to ours. Our proposed models differ in how the entity
representations are structured and computed. For entity type clas-
sification, we do not use a vector space model. Instead, we adopt
the multinomial linear classification for entity type in computing
the semantic similarity of entities. Consequently, we consider the
possibilities of entities being lexically similar but different in the
semantic category. Also, our proposed models aim for a joint ob-
jectives in a single model by not using additional post-processing
steps, such as dictionary matching based on string comparison.

3 HIGH LEVEL STRATEGIES
Before we elaborate on specifics of our models, we describe our
strategies to convey high level intuition.

3.1 Decoupled labeling scheme for NER
Sequence tagging problems are ubiquitous in NLP, especially for
part-of-speech tagging and NER. Unlike for classification where
class labels are assigned to each document, for NER (and other
tagging problems), one needs to generate a label for each token in
the input. We need a simple way to capture entity spans for NER.
To this end, entity spans are typically indicated by tags (one per
token) that correspond to the beginning of an entity and the rest of
it. Tokens that are not part of any entity typically have a “other” or
“outside” tag. There are some variants of this tagging scheme but
they all have a set of entity related tags and an “outside” tag. NER
training data is represented in this fashion to directly build models
that learn to assign tags, which can be easily used to infer entity
spans. The most popular one among such tagging schemes is the
IOB (Inside-Outside-Beginning) format. The B- prefix indicates that
the token is the beginning of an entity, and an I- prefix indicates
that the token is inside an entity span. Other tokens are labeled
with the O tag. An entity that is represented by a single token can
be labeled with either B- or I- tags depending on the scheme used.

The IOB prefixes are typically combined with the entity type
suffixes. For example, the B-LOC tag indicates the beginning token
of a “location” entity. This is a natural way to model the learning
process because tokens that indicate the beginning of location span
may have different characteristics (e.g., different casing, prefixes)
compared with tokens that represent the inside tokens of such an
entity or even the beginning of another entity type, say, a disease.
Combining the positional information (“B”) and the type informa-
tion (“LOC”) will help the model capture these differences. However,
sparsity issues with not enough training examples for a specific
position/type combination tag may cause performance issues. The
IOB prefix tags are specifically for determining span boundaries,
while the following type suffixes (e.g., “LOC”) are for entity typing.

A sparsity related issue is the possibility of the model learning spu-
rious associations between the lexical units and specific tags. We
are not aware of any efforts that decouple MD (IOB tags) with ET
(type tags) and hence we explores the use of decoupled IOB prefixes
(i.e., B, I, O) compared against the conventional IOB tagging scheme
(i.e., B-type*, I-type*, O).

3.2 Counterfactual training examples
Although MedMentions dataset we use provides a large number of
annotated examples compared to the previously available datasets,
∼ 200𝑘 is considered “small” for training a language model for
NER targeting a terminology of several million unique concepts. To
overcome this limitation, we augment the observable examples by
creating counterfactual examples as proposed by Zeng et al. [29].
As illustrated in Figure 1, for each sentence example, we randomly
choose one of the entity mentions and replace it with another entity
that has the same semantic type of the original entity. The motiva-
tion of using this method is to eliminate the spurious correlations
that may be established in a highly nonlinear model between the
entity and its surrounding context.

context entity (C0024115) context

… is associated with long-term pulmonary disease and shorter survival, …

context entity (C1561643) context

… is associated with long-term chronic kidney disease and shorter survival, …

Figure 1: Data augmentation with counterfactual examples

While data augmentation allows us to train the models with
more examples, the increased computing needed with the extended
name space of new concepts should be carefully managed. We
do this with an augmentation factor (b), a model hyperparameter,
that represents the additional number of counterfactual examples
generated per each original example.

4 METHODOLOGY
We denote an input sequence as X = (𝑥1, 𝑥2, . . . , 𝑥𝑛), where 𝑥𝑖 is
the 𝑖-th token of a length 𝑛 sequence. In our proposed approach,
we have three different multiclass tag assignment problems one
each for mention detection (MD), entity typing (ET), and entity
normalization (EN). The sequence labeling task is to predict a tag 𝑦𝑖
for each token 𝑥𝑖 where 𝑦𝑖 ∈ T∗, where ∗ can be IOB for MD, type
for the semantic type, and concept for EN. Here T𝐼𝑂𝐵 = {𝐼 ,𝑂, 𝐵} has
just three tags indicating mention boundaries. T𝑡𝑦𝑝𝑒 has as many
elements as there are semantic types (e.g., disease) and T𝑐𝑜𝑛𝑐𝑒𝑝𝑡
has as many elements as there are unique concepts in the target
terminology. There is also an “other” class for T𝑡𝑦𝑝𝑒 and T𝑐𝑜𝑛𝑐𝑒𝑝𝑡
for certain tokens that are not part of a named entity and hence
not needing a type or concept. All three classification tasks are
done at the token-level whereby each token is labeled with 𝑦 ∈ T∗.
For an identified entity span (via IOB tags), a single entity type in
T𝑡𝑦𝑝𝑒 and a unique normalized concept in T𝑐𝑜𝑛𝑐𝑒𝑝𝑡 are chosen by
majority vote across the corresponding per-token type and concept
assignments in that span, respectively. A sample gold annotation for
MD, ET, and EN are shown in Figure 2 where two unique concepts
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from the UMLS are annotated along with their semantic types in
parentheses. The “O” tag is used for “other” annotations for type
and concept tagging.We note that for the conventional NER scheme
where MD and ET are combined, the annotation would naturally
combine the IOB tag with the semantic type (e.g., 𝐵-𝑡𝑎 for the first
word of the sentence).

Radiotherapy (RT) is frequently associated with late cardiovascular (CV) complications.

C0085203 (T058) C0161816 (T038)
C0085203 (T058)

B B O O O O O B I I

ta ta O O O O O tb tb tb

na nb nb nbna O O O O OTEN

TET

TMD

Figure 2: Example annotations for MD, ET, and EN
(𝑛𝑎 = 𝐶0085203, 𝑡𝑎 = 𝑇 058, 𝑛𝑏 = 𝐶0161816, 𝑡𝑏 = 𝑇 038)

4.1 Models
We devise two different joint neural models: IOBHI and ONETAG
(Figure 3). Both architectures use a pre-trained language model,
SciBERT [1], for encoding a sentence. To use a transformer based
pre-trained language model as the base of a neural architecture is
mostly standard practice at this time. Here we use SciBERT which is
trained on scientific literature both from biomedicine and computer
science. At a high level, we pre-compute vector representations of
concepts in the target terminology using their names (different syn-
onymous aliases) and semantic types with the pre-trained SciBERT
model (covered in Section 5.1). These vectors are then compared
with vector representations of SciBERT hidden outputs for each
token in an input sentence. Best matched concept from the target
concept space is then chosen for every detected span. As may be
expected, additional nuts and bolts level details are incorporated to
ensure dimensions are reshaped as needed through feed forward
layers as the input is passed through the network. IOBHI and ONE-
TAG differ in details of how these representations are derived. With
this basic setup in mind, we will move on to specific details.

In the IOBHI model (left section in Figure 3), we consider the
decoupled IOB and type tagging task as discussed in Section 3.1.
The IOB classifier is placed at the end of the network such that
it can read in the processed name and type representations for
identifying mention segmentations. In ONETAG (right section in
Figure 3), we use the conventional IOB tagging scheme, where we
have 2𝑛 + 1 target classes with 𝑛 entity types (I and B tags for each
semantic type). Note that the two networks are drawn in the same
figure for the sake of brevity, but only the left or the right block is
active at a time resulting in two different architectures.

Most of the BERT variants use WordPiece tokenization whereby
the input sequence is split into subword units, which is expected to
enhance the representations of rare words and morphological varia-
tions. The use of WordPiece demands additional pre-processing for
annotation labels in subword units, which is further explained in
Section 5.2. In IOBHI, name and type projection are dense layers that
collect and transform the features from SciBERT’s hidden outputs
for each token into their representations. For the type representa-
tions, we apply the softmax function to obtain the semantic type

probability distribution which can be directly compared with the
one-hot vectors of the pre-computed name embeddings for seman-
tic type. The name projection layer essentially transforms tokens in
a span to the same space as the pre-computed segments of concept
names. The concatenated vector of name and type representations
are fed to the following biLSTM+CRF [6] for IOB tagging. The
biLSTM+CRF module comprises of two bidirectional LSTM layers
and a CRF layer whose target tag set size is three for the IOB tags.
In the upper section of the figure, the same concatenated vector
goes through a fully connected layer (name matching) followed
by a dot product across the pre-computed concept name embed-
dings (details in Section 5.1). This process computes the bilinear
interactions between the token-level feature representation and
the concept name embeddings. Then, we assign the corresponding
concept code to each token’s normalized name representation using
the pre-defined mapping between the concept name indices and
actual concept codes.

In the right section of Figure 3, we have the ONETAG model
where the biLSTM+CRF module replaces the semantic type classi-
fier, which predicts the IOB-prefixes and entity type simultaneously.
Following that is the 1D average pooling layer with kernel size 2 to
construct the semantic type probability distribution the same way
as in the IOBHI model. The rest of the name projection and bilinear
mapping components share the same design. The name ONETAG
derives from using a single tag to represent both positional tags
(IOB) and semantic types that were decoupled in the IOBHI model.

4.2 Optimization
We take three objective functions in this model as depicted in Fig-
ure 3. L𝑛𝑙𝑙

𝑀𝐷
is the negative log-likelihood (NLL) loss from the CRF

layer and L 𝑓 𝑙

𝐸𝑇
and L 𝑓 𝑙

𝐸𝑁
are the focal losses for the tasks of entity

typing and normalization, respectively. For the purpose of joint
learning, we use the weighted sum of the three objective functions
where _ was empirically chosen to 1.0. The joint objectives for
training the IOBHI and ONETAG models are

L𝐼𝑂𝐵𝐻𝐼 (X,Y;\ ) = L𝑛𝑙𝑙
𝑀𝐷 + _(L 𝑓 𝑙

𝐸𝑇
+ L 𝑓 𝑙

𝐸𝑁
) and (1)

L𝑂𝑁𝐸𝑇𝐴𝐺 (X,Y;\ ) = L𝑛𝑙𝑙
𝑀𝐷/𝐸𝑇 + _L 𝑓 𝑙

𝐸𝑁
. (2)

Next, we provide some background and rationale for choosing the
focal loss function L 𝑓 𝑙 .

Focal loss [10] is a popular choice for the object detection tasks
in computer vision. The motivation of this function is to minimize
the gradient norms of easily classified examples (e.g., the pixels
of background image in an object detection task). This function is
especially effective with class imbalanced data such as in object
detection wheremost of the pixels belong to the non-object class. As
shown in Equation (3), the loss depends on the predicted probability
distribution 𝑝 on 𝑖-th individual sample where 𝛾 is a user-defined
hyperparameter:

L 𝑓 𝑙 (X,Y;\ ) = − 1
|Y|

∑
𝑦𝑖 ∈Y

(1 − 𝑝𝑖,𝑦𝑖 )𝛾 log 𝑝𝑖,𝑦𝑖 , (3)

where \ are network parameters.
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[CLS] x1 xn [SEP]

SciBERT

FC: name projection

1D pool: semantic type

…

…

FC: name matching

biLSTM + CRF

IOB & Type

argmax

LMD/ET

LEN

…

[CLS] x1 xn [SEP]

SciBERT

FC: name projection FC: type projection

Softmax

…

…

IOB
argmax

LET

LMD…

FC: name matching biLSTM + CRF

name type

…
…

ni Concept
argmax map

pre-computed 
name embeddings

IOBHI model ONETAG model

Type
argmax

Figure 3: Model design of IOBHI (left) and ONETAG (right): In IOBHI, IOB classification is deferred to the end of the network
(FC: fully connected layer, ⊗: dot product; note that IOBHI and ONETAG models are independent but are drawn in one figure for brevity.)

As observed by Mukhoti et al. [16], focal loss forms an upper
bound on the regularized KL-divergence between the target distri-
bution 𝑞 and the predicted distribution 𝑝 , where the regulariser is
the negative entropy of 𝑝 (proof in [16]):

L 𝑓 𝑙 (X,Y;\ ) ≥ KL(𝑞 | |𝑝) − 𝛾H(𝑝) . (4)

The optimization using focal loss, hence, minimizes KL divergence
while increasing the entropy of the predicted distribution 𝑝 , whereas
cross-entropy only minimizes KL divergence. In our case where
the majority class is the unlabeled (other) class, a prediction with a
higher confidence, such as an “obvious” other class token, decreases
the gradient norms in updatingmodel parameters. As recommended
by Mukhoti et al. [16], we choose 𝛾 dynamically with the threshold
of the predicted probability, such that 𝛾 = 5 if 𝑝𝑖,𝑦𝑖 < 0.3, else 𝛾 = 3.

5 DATA PREPARATION
Recently, Mohan and Li introduced theMedMentions dataset with an
extensive set of biomedical entity annotations targeting the UMLS
concepts. UMLS is the metathesaurus that combines concepts from
over 200 medical vocabularies — 4.4 million unique concepts in
the 2020 AB release — making it one of the most comprehensive
biomedical terminologies. MedMentions provides 352,496 anno-
tated examples from 4,392 PubMed abstracts prepared by human
experts in biomedical content curation. The authors of MedMen-
tions selectively chose 21 semantic types of UMLS that are consid-
ered most useful for semantic indexing. They created the annotated
corpus MedMentions-ST21pv with the entities of the 21 semantic
types and their descendent types. This corpus contains 203,282
mentions with 25,419 unique concepts from 4,392 documents. In
this study, we use MedMentions-ST21pv as a benchmark.

5.1 Concept name embeddings
For the EN task, as indicated earlier, we look for the contextually
most similar name from the pre-defined concept name embeddings
given the encoded name representation.We independently compute
these embeddings ahead of training time using the same pre-trained
BERTmodel (i.e., SciBERT). Figure 4 illustrates these pre-processing
steps listed as follows:

C1548485 

Semantic type:

Names: “Rift Valley fever vaccine”
“CL13T”
“RVF CL13T vaccine”

Pre-trained BERT encoder (SciBERT)

name representation

 T103 (Chemical)
name normalization space

concatenate

…

[0, 0, …, 0, 1, 0, … 0]

nj
nj+1
nj+2

Figure 4: Pre-computed concept name embeddings for EN

(Step 1). We collect names from the UMLS definitions with the
following constraints of the UMLS concept properties and add all
the aliases mentioned in the MedMentions corpus together.

• the entity belongs to the 21 semantic types (T005, T007,
T017, T022, T031, T033, T037, T038, T058, T062, T074, T082,
T091, T092, T097, T098, T103, T168, T170, T201, T204) or the
descendent types of those.

• LAT (language of term) is EN (English)
• TS (term status) is P (preferred)
• STT (string type) is PF (preferred form)
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• SAB (source name) is in {CPT, FMA, GO, HGNC, HPO, ICD10,
ICD10CM, ICD9CM, MDR, MSH, MTH, NCBI, NCI, NDDF,
NDFRT, OMIM, RXNORM, SNOMEDCT_US}

• SUPRESS (supressible flag) is N (none)
(Step 2). We encode up to three names (typically multi-token

phrases) for each concept using the BERT encoder. We take the
encoder’s last layer outputs and use the mean vectors as the name
embeddings. We also append the concept’s semantic type represen-
tation (i.e., the one-hot vector of the type) in order for the model to
consider both the name and semantic type of the entity.

With the specified constraints, we can build 9,538,297 name em-
beddings for the entire UMLS concept set. For training and testing
purposes, we build name embeddings only for the concepts that
appear at least once in the MedMentions-ST21pv corpus. During
training, we use the training subset with 42,836 name embeddings
corresponding to concepts seen in the training examples; this num-
ber varies by the data augmentation factor (75,865 with b = 1,
106,561 with b = 2). At test time, we use the full set of 56,893 name
embeddings for the entire set of concepts in the MedMentions cor-
pus. The methodology for using a large scale name normalization
space (such as the full 9.5+ million UMLS embeddings) is out of the
scope in this current study.

5.2 Subword-level tokens to word-level labels
BERTmodels use theWordPiece tokenization [27] method, which is
a subword segmentation algorithm. The vocabulary is constructed
iteratively from the characters in the language by adding the most
frequent combinations of entries in the current vocabulary. In our
effort, the sequence labeling is modeled at the word level, which
creates a discrepancy with the sequence tokenized usingWordPiece
given its subword focus. So, we use WordPiece to tokenize text
and assign the given label to all the constituent subword tokens.
In the inference step, we use the majority vote to determine the
label of a word. For example, WordPiece would tokenize the word
“hydrocodone” into (‘hydro’, ‘##cod’, ‘##one’). If the model predicted
the semantic types for the sequence as (T103, T168, T103), then we
assign T103 to the full word.

6 EXPERIMENTS
6.1 Datasets and baseline models
We use MedMentions-ST21pv to evaluate the performance of our
models on the NER and EN tasks. Table 1 shows the statistics of the
dataset. We experiment with the same train-validation-test splits
(60-20-20%) provided by the creators of the MedMentions datasets.

Table 1: Statistics of the MedMentions-ST21pv dataset

Training Dev Test

# of documents 2,635 878 879
# of mentions 122,241 40,884 40,157
# of unique concepts mentioned 18,520 8,643 8,457

We compare our models with the publicly available biomedical
NER tools and some previous efforts. We outline four different

models from this effort, given two variables: model design and data
augmentation factor.

• ONETAG: Model using conventional IOB format (i.e., com-
bined IOB prefixes and type suffixes)

• ONETAG (b = 𝑛): ONETAG trained with data augmentation
(𝑛 is the augmentation factor)

• IOBHI: Model with decoupled IOB format (i.e., separate IOB
tags and semantic types)

• IOBHI (b = 𝑛): IOBHI trained with data augmentation
Followings are the tools and the state-of-the-art models used for

comparisons:
• TaggerOne [8] has been a popular choice for the biomedical
NER, which uses carefully designed rule-based algorithms.

• QuickUMLS [21] utilizes an approximate dictionarymatching
algorithm, which outperforms other biomedical text process-
ing tools such as MetaMap and cTAKES.

• SciSpacy [17] is a package of specially designed tools for
biomedical and scientific text processing leveraging the spaCy
library. SciSpacy has shown superior results to QuickUMLS
and MetaMap on the biomedical NER tasks.

Due to the recency of the MedMentions release, there are not
many end-to-end models for NER and EN on this particular dataset.
We identified two recent peer-reviewed efforts with similar evalua-
tion setup as ours for comparison purposes.

• Loureiro et al. [13] presented a model of a BERT-biLSTM-
CRF framework with an approximate dictionary matching
method.

• Wiatrak et al. [25] proposed amodel of a BERT-BiLSTM-MLP
framework with a hierarchical structure of multiple tasks.

6.2 Training details
We adopt the SciBERT uncased model [1] as the sentence encoder
whose model dimension is 768. The maximum sentence length of
inputs is 256. The biLSTM+CRF consists of two layers of biLSTM
networks with model dimension 256. All models are optimized
using AdamW [12] controlled by a linear scheduler with warmup
steps. The learning rate starts with 0, increases up to 3×10−5 during
the warmup steps, and linearly decreases to 0 until the specified
number of training steps. We apply dropout to biLSTM hidden
states with a rate of 0.1. Training is done for 8 epochs with the
batch size of 8.

6.3 Evaluation metrics
Whereas the objective functions are computed at the token level
during the training and validation steps, we measure the model’s
performance using the mention-level metrics. Following the well-
known CONLL conventions for NER [20], we use the exact-match
evaluation system, where the metrics are micro-averaged strict
precision, recall, and F1 scores. That is, a predicted text span (MD
step) is a true positive (tp) only if the starting position and the
length exactly match the ground truth. For a predicted concept
(or its type) to be a tp, its span should be an exact match with the
corresponding class of the ground truth. Hence, the semantic type
classification and entity normalization performances are upper-
bounded by the performance of mention detection. The constraints
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Table 2: MD, ET, and EN performances on MedMentions-ST21pv dataset. The results marked with † are obtained from [13].

Mention Detection (MD) Entity Typing (ET) Entity Norm. (EN)

Model P R F1 P R F1 P R F1

TaggerOne n/a n/a n/a n/a n/a n/a 0.471 0.436 0.453
QuickUMLS† n/a n/a n/a 0.145 0.169 0.156 0.180 0.261 0.213
ScispaCy† n/a n/a n/a 0.101 0.317 0.154 0.252 0.535 0.342
Loureiro et al.’s (CLF) 0.694 0.718 0.706 0.586 0.646 0.615 0.322 0.527 0.400
Loureiro et al.’s (STR_CLF+) 0.694 0.718 0.706 0.631 0.637 0.634 0.484 0.501 0.492
Wiatrak et al.’s 0.742 0.593 0.659 0.594 0.553 0.573 0.431 0.401 0.415

ONETAG 0.709 0.671 0.690 0.636 0.602 0.619 0.503 0.476 0.489
ONETAG (b = 1) 0.701 0.679 0.690 0.625 0.605 0.615 0.509 0.493 0.501
ONETAG (b = 2) 0.696 0.674 0.685 0.620 0.601 0.611 0.512 0.496 0.504
IOBHI 0.701 0.682 0.691 0.614 0.597 0.605 0.500 0.487 0.494
IOBHI (b = 1) 0.706 0.675 0.690 0.620 0.593 0.606 0.522 0.499 0.510
IOBHI (b = 2) 0.705 0.673 0.689 0.617 0.589 0.602 0.524 0.499 0.511

Table 3: Zero-shot evaluation of IOBHI and ONTAG models for NER and EN

Mention Detection (MD) Entity Typing (ET) Entity Norm. (EN)

Model P R F1 P R F1 P R F1

ONETAG 0.877 0.671 0.760 0.707 0.541 0.613 0.531 0.406 0.460
ONETAG (b = 1) 0.866 0.694 0.770 0.695 0.557 0.618 0.581 0.466 0.517
ONETAG (b = 2) 0.864 0.694 0.770 0.697 0.560 0.621 0.617 0.495 0.549
IOBHI 0.868 0.688 0.768 0.685 0.542 0.605 0.545 0.432 0.482
IOBHI (b = 1) 0.861 0.692 0.767 0.677 0.544 0.603 0.605 0.485 0.539
IOBHI (b = 2) 0.868 0.699 0.775 0.679 0.547 0.606 0.624 0.493 0.551

are highest for the final EN step because the concept code, its type,
and exact span in the input text ought to match the ground truth
for us to consider it a tp.

To clarify our counting system, we define metrics

precision =
#𝑡𝑝

#𝑡𝑝 + #𝑓 𝑝
𝑎𝑛𝑑 recall =

#𝑡𝑝
#𝑡𝑝 + #𝑓 𝑛

,

where (#𝑡𝑝 + #𝑓 𝑝) is the number of predictions and (#𝑡𝑝 + #𝑓 𝑛) is
the number of ground truth occurrences using the counts of false
positives (fp) and false negatives (fn). To hold these properties, we
consider the cases where the model predicts correctly-bounded
text spans with wrong labels as both false positives and false nega-
tives (e.g., a mention that should have been labeled as “A” but was
predicted as “B” is a fn for “A” and a fp for “B”). In the zero-shot
evaluation setup (details in Section 6.4.1), we do not consider a
prediction as an fp if it overlaps ground truth mentions of concepts
seen in the training dataset; this is a standard practice when assess-
ing zero-shot capabilities. The model should identify the mentions
regardless of whether the classes are seen or unseen in any dataset.

6.4 Results and discussion
Table 2 shows our models’ performance against previous models
and the biomedical NER tools on three different tasks: mention de-
tection (MD), entity typing (ET, UMLS semantic type classification),
and entity normalization (EN, UMLS concept code normalization)
task. Our models outperform previous results on the end-to-end
strictest EN task. But when restricted to the less strict tasks, MD
and ET, the Loureiro et al. result seems superior. However, the ET
objective of their models is inherently different from ours. Their
models require pre-computed embeddings for entity types, which
are then used exclusively for the ET task. This method prevents the
models from learning features that may be shared in both ET and
EN tasks. We can compensate the marginal loss of ET performance
with a significant improvement in EN results. Also, given that the
Loureiro et al.’s STR_CLF+ model is an ensemble method using
string comparison for approximate dictionary matching, we believe
that another of their proposed models (CLF, row four of Table 2)
is more suitable for evaluating the end-to-end neural approaches
against our models.

In particular, for the ET task, we see ONETAG models perform
better than IOBHI models. We conclude that if the eventual goal is
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just NER (that is, MD and ET), the conventional tagging scheme
is superior. Given there are only 21 semantic types in the dataset,
with over 122K mentions in the training dataset, there could be
enough signal for the combined tags (position plus type) to ren-
der the models effective for NER compared with the decoupled
setup. However, when it comes to EN performance, the decoupled
approach (IOBHI) that delegates IOB tagging to the end performs
better than the conventional ONETAG approach. IOBHI uses type
prediction before matching with pre-computed concept name em-
beddings and this type-only signal (without the IOB hints) seems
to better help the model match correct concepts for the EN part.
On the other hand, the IOB tagging in the IOBHI model performs
well enough to spot the boundaries to an extent that renders the
end-to-end EN evaluation superior for the overall architecture.

All our models achieved higher scores than the previous efforts
on the EN task. The consistent increase in F1 score for the EN
task with models using data augmentation supports its efficacy of
providing counterfactual examples that break spurious correlations
of concepts with surrounding textual context. However, the gains
by increasing the augmentation factor from 1 to 2 is minimal. We
deduce that using an adequate amount of augmented examples
improves learning for entity normalization but not for other tasks.

6.4.1 Zero-shot evaluation . We also wanted to analyze what hap-
pens to our performance metrics when we look at zero-shot (ZS)
scenarios. That is, what happens if we evaluate performances over
those concepts that only occur in the test set and never show up in
the training and development subsets. We find that there are 3,247
such unique concepts and 8,180 mentions of them in the test set.
These ZS concepts account for 38% of all concepts in the test set
(but only around 20% of all test mentions, which is reasonable since
these concepts are expected to be rare).

Table 3 outlines the model performance in the ZS setting for
concepts that exclusively occur only in the test dataset. We see sim-
ilar patterns to the overall results (from Table 2) on the test set: (1).
ONETAG models perform better on ET, and IOBHI models perform
better on EN, (2). the data augmentation techniques enhance the
performance on EN but not others. It is important to recall that in
this setting an fp can only arise out of mistakes made for ZS con-
cepts. That is, an fp for a predicted ZS concept occurs if (a). either
its type or span is incorrect or (b). the ground truth concept is a
different ZS concept. Note that the ZS concept set size is relatively
smaller (only 20% of test set mentions) and the universe of possibil-
ities for false positives for a ZS concept arises out of only other ZS
concepts. Hence, the precision values in the ZS setting in Table 3
are higher than those in the larger full test dataset (Table 2). Recall
values for MD and EN are similar to general results but ET recall
is markedly lower compared to general results1. We also observe
that counterfactual data augmentation only increases F1-score by
around 2% in overall results but in the ZS settings the gains are
from 7–9%. This is not surprising since breaking the spurious corre-
lations between concepts and surrounding contexts during training
is expected to help with ZS concepts that were never encountered
in that process. Intuitively, we suspect, without augmentation some

1Please note that type prediction is independent of concept prediction although pa-
rameter sharing for the two tasks is in place. So this possibility of differences in recall
is plausible although not expected.

ZS concepts would be mismatched to potentially similar concepts
seen during training.

6.4.2 Probing for semantic type affinities using the name matching
layer parameters. Recall that a concept name embedding in our
model is the concatenated vector of a dense vector from the name
projection layer and a softmax probability distribution from the
type projection layer. The following name matching layer computes
the similarity scores with the pre-computed concept name embed-
dings, which are constructed in the same way via SciBERT. We
deliberately designed the structure of a concept’s name embedding
in this manner to incorporate features corresponding to its name
and also its type (in an explicit manner). This allows us to analyze
the model regarding how it interprets the semantic type features
from the hidden outputs on the EN task.

We particularly look at the parameter matrix of the name match-
ing fully connected (FC) component (yellow boxes in Figure 3). Let
the vector 𝑢 = ⟨𝑢𝑛, 𝑢𝑡 ⟩ be the hidden output from the model, which
is the input vector of the FC component, expressed as a concate-
nation of vectors 𝑢𝑛 and 𝑢𝑡 , where 𝑢𝑛 is for the name space in R𝑝
and 𝑢𝑡 is for the entity type space in R𝑞 . Let 𝑣 = ⟨𝑣𝑛, 𝑣𝑡 ⟩ be the
pre-computed concept name embedding with the same structure as
𝑢. With𝑊 as the bilinear transformation function of the FC compo-
nent, for 𝑢 and 𝑣 as defined earlier, we have 𝑠𝑖𝑚(𝑢, 𝑣) = 𝑣𝑊𝑢. Let’s
denote𝑢 be𝑊𝑢, the transformed vector of𝑢. Thus we rearrange the
similarity measure of an input token and a pre-computed concept
name embedding as the dot product of 𝑣 and 𝑢:

𝑣 · 𝑢 =

𝑝+𝑞∑
𝑘=1

𝑣𝑘𝑢𝑘 =

𝑝∑
𝑘=1

𝑣𝑘𝑢𝑘 +
𝑝+𝑞∑

𝑘=𝑝+1
𝑣𝑘𝑢𝑘 (5)

=

𝑝∑
𝑘=1

𝑝+𝑞∑
𝑖=1

𝑣𝑘𝑊𝑘,𝑖𝑢𝑖 +
𝑝+𝑞∑

𝑘=𝑝+1

𝑝+𝑞∑
𝑖=1

𝑣𝑘𝑊𝑘,𝑖𝑢𝑖 (6)

The second term in equation 6 clearly influences the type seg-
ment similarity in the end and is parametrized by a submatrix of𝑊 ,
specifically,𝑊𝑡𝑦𝑝𝑒 =𝑊 [𝑝 + 1, 𝑝 + 𝑞; 1, 𝑝 + 𝑞]. Thus, the multiplica-
tion of𝑊𝑡𝑦𝑝𝑒 and its transpose gives us the affinity matrix among
entity type representations that the model learned. Figure 5 is the
cluster map of the 21 semantic types obtained from the correlation
matrix𝑊𝑡𝑦𝑝𝑒 (𝑊𝑡𝑦𝑝𝑒 )⊤ where rectangular blocks of (shades of) red
indicating clusters; this was derived from hierarchical clustering
using the Scipy [22] cluster package. Below we display some of the
interesting type clusters our probing has surfaced.

• Cluster 1: T058: Health Care Activity, T091: Biomedical Oc-
cupation or Discipline

• Cluster 2: T092: Organization, T062: Research Activity, T170:
Intellectual Product

• Cluster 3: T097: Professional or Occupational Group, T098:
Population Group

• Cluster 4: T005: Virus, T007: Bacterium, T204: Eukaryote
• Cluster 6: T082: Spatial Concept, T017: Anatomical Struc-
ture, T022: Body System

These clusters appear to indicate that𝑊 has nicely converged to
capture similarities among types. For example Cluster 4 seems to
be grouping different types of organisms and Cluster 6 appears to
capture anatomical locations. This probing provides a peek into the
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Figure 5: Type affinitymatrix derived from the namematch-
ing layer’s bilinear function

inner workings of what the model is learning and provides addi-
tional confidence that it is teasing out reasonable representations
of concepts.

7 ERROR ANALYSIS
Wemanually analyzed randomly selected error causing instances to
track different types of errors. We highlight a few high level classes
of errors we found. We first focus on partial matches of spans that
cause both fp and fn errors.

• Adjective or noun compound modifiers that our models pre-
dicted to be part of a span turned out to be incorrect in
several error causing examples. The following examples con-
tain italicized ground truth spans and the full and incorrect
spans we predicted.
– activating mutations
– benign parathyroid adenoma
– familial isolated hyperparathyroidism
– leptin gene promoters
– ZFX oncogenes
Considering these examples, it does not appear that our
spans are blatantly wrong because the adjectives and com-
pounds we included in the predictions (e.g, benign, familial,
leptin) seem pertinent to the ground truth spans. They ap-
pear to bring about more specificity to the concepts being
tagged compared with ground truth annotations. We are not
sure if these are errors in the MedMentions dataset or if this
is really a nuanced phenomenon that our models are unable
to capture.

• While the earlier examples indicated that we erroneously
made spans more specific, we also encountered errors where
less specific spans are somehow mapped to more specific
concepts in MedMentions. Consider these examples:

– (enzyme) activity
– (bacterial culture) medium
– benign (thyroid) nodules
– clinical . . . findings
– persistent . . . asthma
The first three examples show the italicized spans in the
ground truth but were mapped at the EN level to ground
truth concepts that are more specific (as indicated with the
corresponding full preferred name elements in parentheses).
In the last two examples, terms that render more preciseness
to concepts (e.g., findings, asthma) were actually present in
the context but appeared with a gap (that included other
tokens) from the ground truth spans. Maybe in these cases,
during the EN task, our models were unable to latch on to
the implied/latent signal present in the surrounding context.

We also accrued several errors when we missed or erroneously
tagged broad themed concepts. For example, concepts with pre-
ferred names men, women, results, predictors, group, trials are some-
times mapped to specific concepts and sometimes not in the Med-
Mentions dataset. The models had trouble figuring out which con-
texts warrant a mapping. Additionally fp errors also occurred with
several abbreviationswere deemed incorrectlymapped as per ground
truth but seemed appropriate upon manual examination. Our anal-
ysis revealed that at times, only the first occurrence of an abbre-
viation was annotated in the ground truth with some subsequent
mentions left untagged. This particular scenario does not seem
to be an outcome of model’s issues but due to inconsistencies in
MedMentions test set.

8 CONCLUSION
In this effort, we evaluated two high level strategies in the context
of a multi-task learning framework for named entity recognition
and entity normalization for biomedicine. First, we explored the
effect of decoupling IOB-prefixes from the type tags in the com-
bined conventional tagging scheme. Results show that separating
the task of identifying the boundaries of mentions from the entity
type classification enhance the entity normalization performance
but not for entity typing and mention detection. We also demon-
strate that using an adequate number of counterfactual training
examples helps in the EN task, more so in the zero-shot evaluation
setting. Parameter probing showed meaningful clusters of semantic
types and error analyses surfaced interesting issues that warrant
deeper exploration of the MedMentions dataset and more advanced
strategies that better exploit the context.

The focus of this effort was to assess specific strategies in the
context of a joint modeling framework for biomedical NER and EN.
Hence, we kept the model design fairly simple without resorting to
more sophisticated methods such as transfer learning or domain
adaptation. We did, however, leverage latest pre-trained language
models (SciBERT) for biomedicine. More innovative methods to bet-
ter capture context and implied intent of the writers are necessary
to make additional progress. Our effort only uses concept aliases
and semantic types for the EN task; well established knowledge
bases that include explicit relationships among concepts or topic
distributions across documents can be utilized in future efforts in
NER and EN. We have not fully addressed the scalability aspect in
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this effort. Although zero-shot performance is decent in the Med-
Mentions name space, more realistic systems would need to search
in the target space of 4.4 million UMLS concepts and 11 million
corresponding English names. This problem demands parallel and
distributed deep learning techniques and very fast nearest neigh-
bor search (e.g., locality-sensitive hashing), aspects we intend to
explore in the near future.
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