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Abstract. When processing a noisy corpus such as clinical texts, the
corpus usually contains a large number of misspelt words, abbreviations
and acronyms while many ambiguous and irregular language usages can
also be found in training data needed for supervised learning. These are
two frequent kinds of noise that can affect the overall performance of
machine learning process. The first noise is usually filtered by the proof
reading process. This paper proposes an algorithm to deal with noisy
training data problem, for a method we call reverse active learning to
improve performance of supervised machine learning on clinical corpora.
The effects of reverse active learning are shown to produce results on
the i2b2 clinical corpus that are state-of-the-art of supervised learning
method and offer a means of improving all processing strategies in clinical
language processing.
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1 Introduction

1.1 Learning from Noisy Gold-Standard

Clinical notes contain valuable information about a patient’s health status, how-
ever, retrieving information from them is challenging. The popular challenge to
supervised machine learning approaches in clinical domain is the level of noise
that arises in training data, even if tagging is created by human experts, they
may not always be reliable because some instances are implicitly difficult for
annotators and them becoming distracted or fatigued over time, introduces vari-
ability in the quality of their annotations [1].

The process of removing noisy training data is conventionally known as data
selection and data reduction for machine learning [2,3]. The work nearest to
our problem with noisy training data is estimating the quality of annotators
and then only querying the more reliable annotators in subsequent iterations
of active learning (AL) [4]. However, this method only works with an online
annotation process and does not analyse the performance of annotators over
time. Furthermore, in the case where the gold-standard instances are available
but they do not contain any information about the authors, the method of
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estimating the performance of annotators is not applicable. Other similar idea
come from the Corrective Active Learning which try to clean up the noisy labeled
data through human interaction [5]. But using human resources is always costly
and this method is only practical when the correctors have intensive knowledge
and familiar with the training data. This is not the case when training data
usually come from different sources and organizations. Our filtering methods for
classification task does not require any human involvement and will work for any
source of noisy training data without information about annotators.

1.2 Active Learning

Active learning (AL) is a subfield of machine learning where the learner is allowed
to query the most informative instances to retrain the model instead of making
a random selection. Based on this approach, with the same number of sample
selections, the performance of active learners dominates random learners in most
cases. There are three main scenarios for AL: (i) membership query synthesis,
(ii) stream-based selective sampling, and (iii) pool-based sampling [1].

All AL scenarios involve evaluating the informativeness of unlabelled in-
stances. There are several strategies to estimate the value of information for
each instance. The simplest and most popular strategy is uncertainty sampling
which selects the instances that it is least certain to label [6]. Some variations
to this query framework used margin and entropy as uncertainty measures [7,8].
Query-by-committee method maintains a list of models trained on the same la-
belled data but with competing hypotheses and query the instance with lowest
agreement [9,10]. The important research question in AL is when to stop query-
ing. Several stopping criteria have been introduced and are based on measures
of stability or self-confidence within the learner [11,12].

1.3 The Active Learning’s Sampling Bias Problem

A well-known problem with many AL algorithms, especially at the early steps
of learning is that they are prone to generate a biased training set rather than
be representative of the true underlying data distribution. This is due to the
limitations in model initialization and the selection strategy. Many algorithms
just randomly select a few instances to train the first model which is usually not
a good starting point for the real data distribution. Experiments with various
text data sets have shown that an active learner starting from a better initial
training set such as clustered-based sampling has better uncertainty estimation
than one starting from a randomly generated initial training set [13].

The selection strategies which focus on individual instances (Uncertainty sam-
pling or Query-by-Committee) have a high chance of querying the outliers in
the data. To overcome this problem, some algorithms such as Density-Weighted
Methods and Balance Exploration and Exploitation are designed based on the
main idea that informative instances should not only be those which are uncer-
tain, but also those which are “representative” of the underlying distribution
[8]. Expected model change approach has higher priority for instances that will
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impact the greatest change to the current model [8]. By focusing on the en-
tire input space rather than individual instances, expected error reduction and
variance reduction AL try to minimise the estimated future error and output
variance of the model respectively [14]. However, all of these methods are just
the approximations of the data distribution over each AL iteration and these
approximations are only close to the real distribution when we have enough
“representative” in the training set. Before reaching that state, the model is still
an approximation and easy to query some outliers.

In our new approach of applying AL in reverse order, the model initialization
and sampling bias problems is no longer need to be considered during the AL
querying process and the model is guaranteed to be the best representation of
underlying data rather than just the approximation. The detailed explanation
is given in section 5.

1.4 Contributions

In this paper, we introduce one new practical consideration of AL that we call
Reverse Active Learning (RAL), that is, the use of AL evaluation methods to re-
move the less informative instances and inconsistencies in the available training
data to improve the best performance of supervised machine learning. The qual-
ity of the gold-standard and individual instances are evaluated by the system
regardless of who annotated them. This approach is time efficient to normal AL
especially when we need to select the large amount of training data to guarantee
a better performance. More importantly, RAL can overcome the main obsta-
cles in traditional AL: model initialization and biased training subset. These
advantages of RAL are discussed in section 5 of this paper.

In much AL research, the experiments are set up by a set of training instances
and a test set used to evaluate the performance achieved. The savings estima-
tion are commonly computed as the percentage of the training instances selected
during AL to achieve the same performance compared to using all the available
training instances, or, as the difference in performance between AL and random
selection for a given amount of annotation. This however implies that all the
candidate training instances are annotated in advance. The more practical ex-
periment when the annotations are available is how to select the best subset of
the training data to build the model.

The traditional AL approach is based on using a small set of training data to
build the initial model, and then using the model to query the most informative
unlabelled instances to get their labels then retrain the current model. The
central idea of RAL is to make use of available training data to generate better
performance by removing less informative or inconsistent instances. The noisier
the gold-standard is the better improvement the RAL can achieve.

2 Materials and Methods

Figure 1 shows the system architecture. The processing pipeline is described by
an Experiment Descriptive Language (EDL) and executed by the Experiment
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Fig. 1. System Architecture

Management System (EMS). The EMS ensures that a series of experiments and
results are described, executed and compared in an expeditious and reusable
way. An experiment is the execution of modules in a certain order. Experiment
management is primarily the storage of an experiment in a deterministically re-
producible form, as well as the storage of results associated with an experiment.
A series of experiments need to be executed to compare the results. Instead of
manually running the same modules on the original and refined corpora with
different tags then comparing the results, using the EMS makes this process au-
tomatic and efficient. Using the EDL to describe an experiment allows a flexible
execution order of modules within the same program as well as across multiple
programs.

The Lexicon Management System (LMS) supports automated and manual
resolution of unknown tokens. The LMS is a system developed to store the
accumulated lexical knowledge and contains categorizations of spelling errors,
abbreviations, acronyms and a variety of non-word tokens. It also has a web
interface that supports rapid manual correction of unknown words with a high
accuracy clinical spelling suggestor plus the addition of grammatical informa-
tion and the categorization of such words into gazetteers [15]. The method of
the clinical spelling suggestor is based on combining heuristic-based sugges-
tion generation and ranking algorithms based on word frequencies and trigram
probabilities. This approach achieved high accuracies on test data sets with
over 93.5%.

The proof reading process can be applied directly or indirectly to improve
performance of the text extraction system. Firstly, for the available annotation
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tools, the proof correcting process is applied directly to the corpus with the
expectation of finding more concepts from misspelling corrections, abbreviations
and acronym expansions. However, during supervised learning experiments, this
transformation should not be made in the original corpus because it would affect
the offsets of tokens which in turn will lead to retrieval of incorrect annotations.
Consequently, these corrections can be used indirectly as features which will
support the model in learning the correct form of misspelt words (“medicla”
and “medcial” refer to the same word “medical”) and variations of abbreviations
(“amnt” and “amt” are both “amount”), and multiple acronyms of the same term
(“ABG”, “ABGs” are both “arterial blood gases”).

The automated proof reading process is applied to clean the noisy corpus while
RAL is used for removing less informative or inconsistencies in gold-standard
training data. Traditional supervised learning generates the model based on
training data with the best feature set. The popular methods to achieve the
best feature set is by running experiments with n-fold cross-validation on train-
ing data with different feature sets and select the model with highest perfor-
mance. In our method, active de-sampling is applied after the best feature sets
are selected to refine the gold-standard and improve the best performance on the
current training data. Two different refining strategies for two popular annota-
tion tasks are developed and evaluated; these are self-validation for Named-entity
Recognition (NER) and RAL for relationship classification.

3 Methods

3.1 Named-Entity Recognition Self Validation

Conditional Random Fields (CRFs) have been used to recognize clinical entities
[16]. In clinical NER, the gold standard was created by manual annotation, which
usually contains minor errors and inconsistencies. The self-validation (or reflexive
validation) process can estimate the level of these inconsistencies in training
data and extract them for further analysis and correction. The gold standard
can be corrected for inconsistencies between annotations by using this process,
which we also denote as “100% train and test”. This involves using 100% of the
training set to build a model and then testing on the same set. As theoretically
all data items used for training should be correctly identifiable by the model,
any errors represent either inconsistencies in annotations or weaknesses in the
computational linguistic processing. The former faults identify training items
that are rejected, and the latter faults identify where to concentrate efforts to
improve the preprocessing system. The self-validation is an automated process
to identify inconsistent candidates and these candidates are then reviewed by
human to remove noise that come from the training data.

3.2 Text and Relationship Classification

The base learner used in AL for text classification is a support vector machine
(SVM) [17]. We have developed the AL framework for clinical data on top of the
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Algorithm 1. Algorithm MCAL

Input

- A pool U = {u1, u2, ... un}.
- randomly selected training set L (at least one instance for each of m classes).
- number of query q for each iteration.

For each class c in m classes:

1. Init:
- Set class value of c in L as 1 (positive).
- Set all other classes in L as -1 (negative).
- Using L to train the model M.

2. For t = 1, 2 ... q
- Get label v for the most informative instance ui from U.
- If ui not in S: add ui to S with value v.
- If v == c: Add instance ui to L with value of 1.

Else: Add instance ui to L with value of -1.
- Retrain model with L.
- Remove ui from U.

Return: Selected instances list S.

choice of the online AL algorithm (COMB) which contains 4 AL algorithms (Sim-
ple, Self confident, KFF and Balanced EE) [18]. Two enhancements of COMB
have been implemented: (i) multi-class AL from COMB’s AL binary classifier,
(ii) Reverse Active Learning (RAL).

The “one versus the rest” method to build multi-class classifier (MCAL) is
applied and can be executed in a parallel environment. The main purpose of AL
is to select the most informative instances to train the model. In our method,
by obtaining the union of selected instances over binary active learners, the best
training set for multi-class text classification are generated so that the available
multi-class SVMs tool such as libsvm can be used to build the final model [19].
This process is simpler than normal binary SVM AL combinations which usually
require an additional probabilistic comparison step to resolve inconsistencies
between different predictions on the same instance. The pseudo code for multi-
class AL is illustrated in algorithm 1.

The m-class initial training data must have at least one instance for each
class. Because the selection step for each class is independent, this process can
be executed concurrently so that the nary AL will have similar running time
to binary AL. The pseudo code for the RAL is presented in algorithm 2. The
RAL algorithm follows similar steps in AL but shows modifications in the initial
configuration and output selection strategy. The RAL starts with a large training
data and outputs the list of instances that should be removed to achieve a better
gold-standard to train the model.
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Algorithm 2. Algorithm Reverse Active Learning

Input

- m-class full training set L = x1, x2, ... xn.
- number of query q for each iteration.

Init

- Build index on L to store original class value.

For each class c in m classes:

1. Init:
- Set class value of class c in L as 1 (positive).
- Set all other classes in L as -1 (negative).
- Using L to train the model M.

2. For t = 1, 2 ... q.
- Get the least informative instance xi from L.
- Remove instance xi from L.
- If value(xi) == 1: original class value = c.

Else: original class value = get original class(xi).
- If xi not in S: add xi to S with original class value.
- Retrain model with L.

Return: Removed instances list S.

4 Results

4.1 Clinical Concept Recognition

The experiments in this section were conducted to attempt the Clinical Concept
Recognition task in the i2b2 2010 challenge on Clinical Information Extraction
and CRF++ toolkit1 was used to build the NER model [20]. During the training
experiment, the best feature sets were selected after many cycles of n-fold cross
validation. This section focuses on evaluate the effect of Self-validation process
for refining the training data in order to boost up performance of supervised
NER even when the best feature sets were decided.

With a self-validation process, approximately 150 errors in the training data
were recognized and manually corrected. The three most frequent error types
in concept annotation were: (1) missing modifier (any, some) within the noun
phrase; (2) including punctuation at the end of concepts (full stop, comma, and
hyphen); (3) missing annotation (false negative). When the model is trained
with both correct and incorrect examples on some concepts, the probability of
identifying the correct instances is definitely reduced and this might lead to series
of wrong annotations on these concepts. Thus, automated detection and manual
correction of errors in the training data contributed to improve the consistency
and overall performance of the current model.

1 CRF++. Yet another CRF toolkit. Software. Http://crfpp.sourceforge.net

Http://crfpp.sourceforge.net
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Proof reading and self-validation of the gold-standard brought approximately
1.5% improvement to the overall F-score of concept annotation supervised learn-
ing. This contribution was significant to make our result attain the state of the
art of supervised learning method at i2b2 2010 challenge which was evaluated
and reported by the organizers. Because the training and testing data come from
the same source of corpora and annotators, the same kind of noise on testing
data is unavoidable. Based on this assumption, we executed the same process on
released testing data and over 200 similar errors were discovered. After correct-
ing all of these errors for a better testing set, our system performance increased
another 0.5%. Overall, the improvement of RAL for NER is approximately 2.0%
as recorded in Table 1.

Table 1. System performance before and after Self-validation process

CONCEPT TP FP FN P R F

Problem 14423 2896 4127 83.28% 77.75% 80.42%
14486 2752 3664 84.40% 80.25% 82.27%

Test 9945 1629 2954 85.93% 77.10% 81.27%
10233 1504 2666 87.19% 79.33% 83.07%

Treatment 10134 1877 3426 84.37% 74.73% 79.26%
10542 1722 3018 85.96% 77.74% 81.64%

OVERALL 34502 6402 10507 84.35% 76.66% 80.32%
35661 5978 9348 85.64% 79.23% 82.31%

4.2 Text Classification

A multi-class AL algorithm was tested on the i2b2 2010 9-class relationship
classification test data (no-relation is treated as one class). The simple Libsvm
classifier is built mainly based on local context features (bag of words) and
semantic features (concept and assertion type from the ground truth) supplied
by the organizer. With these minimal and simple features, the classifier achieved
an F-score of 68.86% test accuracy by using all 16475 instances of the training
data (including no-relation instances). After adding proof reading as features,
the result increased to 70.02% which was reported as equal second performance
for relationship classification task at the challenge.

For a large-scale classification problem with many thousands instances and
features as in i2b2 relationship classification task, linear kernel is usually a
promising learning technique for this data [21]. Because of this assumption, fur-
ther experiments are taken with the use of Liblinear as a base classifier rather
than Libsvm with non-linear kernels [22]. Liblinear is an open source library
for large-scale linear classification with ease of solvers and parameters selection.
The use of Liblinear classifier improved the F-score by 1.5%. Three of the 4 AL
algorithms that have high performance on the i2b2 clinical data set are Simple,
Self confidence and Balance EE while the KFF algorithm returns a significantly
lower result. Table 2 shows the comparisons of the AL algorithms with a maxi-
mum of 500 queries for each class. The combined training data is a union of all
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Table 2. Performance of multi-class AL

Method Training size(AL instances) Training percent F-Score

Simple 2076 12.60% 66.25%

Self-confidence 1900 11.53% 64.58%

Balance EE 2069 12.56% 65.76%

Combined 4361 26.47% 68.03%

Fig. 2. The distribution of selected instances over 3 AL algorithms: Simple, Self Con-
fidence and Balance EE

Fig. 3. Active desampling and random desampling on test data

instances selected by three AL algorithms. The overlapping selected instances
between the 3 algorithms are shown in Figure 2 where Simple and Balance EE
show the greatest overlap in selected instances.

RAL applied with the Simple method can improve the best result on super-
vised learning (1.5%) by removing over 1500 less informative instances. The final
result after using Liblinear and applied RAL is comparable to the current state
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of the art of the dataset who also using Liblinear as base classifier. Further-
more, the i2B2 challenge papers have been studied and there is no AL approach
for relationship classification used in any of the top submitted processing sys-
tems. Figure 3 shows that the F-scores of active desampling dominates random
desampling with the same number of removed instances.

5 Discussion

Our methods of applying RAL can improve the supervised learning performance
from 1.5% to 2% on two popular clinical information extraction tasks: clinical
NER and relationship classification. These improvement may not be significant
in general, but these are the additional improvements to the best performance
of the available training data. In supervised learning, experiments are set up in
order to select the best feature sets to build the model. The closer a model is to
the best possible performance, the harder (or smaller) is the improvement that
can be made. In our experience, after the best feature sets are determined for the
available training data, the contribution of 1.5% to 2% is remarkable. Further-
more, the improvement of one percent and above was considered as statistical
difference in the i2b2 challenge’s ranking system [20].

From the experiment’s results, with equivalent number of selected instances
during AL processes (approximately 2000 instances), the performance of RAL
is at least 4.84% higher than any single AL setting and 3% higher than the
union of all three popular AL methods with double selected instances (table
2). The most important aspect is RAL can produce a better result than using
all available training data right at the very first removing instances as seen in
Figure 3. In order to normal AL to achieve the same performance with this
clinical dataset, the number of data evaluation and selection process might be
up to 14,000 cycles which will take much more time to complete.

For the relationship classification, our classifier is only based on very sim-
ple, easy implemented feature sets and mainly using resources supplied by the
organizer while the winner used a wide range of complicated features from ex-
ternal syntactic (chunking and parsing) tools; medical ontology and Wikipedia
knowledge [23]. Without using any external and huge resources as features,
our classifiers is more practical to be installed and evaluated in real clinical
environment.

RAL starts with a full training set which is best in initial model representa-
tion and informativeness for instance evaluation. Then the model sequentially
removes small portions of less useful instances which causes minor impact on
the data distribution. Consequently, the initial model building and training bias
are no longer considered as obstacle to RAL. In this situation, complicated algo-
rithms to deal with these problems are also no longer needed. The original and
“Simple” AL method based on Uncertainty estimation is a reasonable choice in
the RAL setting. As shown in the result, with a noisy gold standard such as
in clinical domain, application of RAL is preferred to normal AL because the
simple RAL can generate better results than supervised learning right from the
first steps of removal.
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6 Conclusions

In this study, a general system architecture for refining the training data is
developed and evaluated. RAL is used as a final step to improve the quality of
training data after the best feature sets are decided. Our work focuses on the
clinical domain which suffers from a high level of noise in both the corpus and
training data. However, our method and system architecture are easy to adapt
to any domain with modification of resources and feature sets for supervised
learning.

We also introduce and illustrate a simple combination of binary active learners
into multi-class AL as well as the application of AL in reverse order to improve
the best performance of supervised learning. To sum up, we recommend the
use of proof reading and RAL in supervised learning for a noisy domain such
as clinical natural language processing. RAL is not only simple and suitable
but also can generate better performance and is less prone to biased training
problem.
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