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of Computer Science, San José State University, One Washington Square, San José, U.S.A.
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Abstract:

To perform a comprehensive and detailed analysis of the gaps in knowledge about drugs’ safety and effectiveness in neonates, infants, children, and adolescents, large collections of complex and unstructured texts need
to be analyzed. In this work, machine learning algorithms have been used to implement classifiers of biomedical texts and to extract information about safety and efficacy of drugs in pediatric populations. Models were
trained using approved drug product labels and computational experiments were conducted to evaluate the accuracy of the models. A Support Vector Machine with a radial kernel had the best performance by classifying
short texts with an accuracy of 94% and an excellent precision. Results show that classifiers perform better
when trained using features comprising multiple words rather than single words. The proposed text classifier
may be used to mine other sources of biomedical information, such as research publications and electronic
health records.

1

INTRODUCTION

Data-driven modeling is prevalent in the development
of biomedical and bioinformatics methods, tools, and
approaches. These methods, tools, and approaches
rely on the availability of large data sets, acquired by
scientists in academia, industry and government organizations. The majority of the data sets are collected in the medium and high throughput experiments, which measure activities of interest. Alternatively, the data may be also collected by mining of
published works and extracting the information of interest. For example, data sets of side effects of drugs
may be extracted from the published works and used
to develop bioinformatics tools and software to predict novel associations and interactions.
Every marketed drug undergoes rigorous clinical
studies to assess its safety and efficacy in the target
population. However, “off-label” drug prescribing is
not uncommon, especially in the treatment of pediatric patients. Here, “off-label” refers to a prescription that differs from the approved use or dosage of a
drug. Such practice is legal, and it is informed by the
clinical experience of the physicians or by the availability of treatments. For example, drugs may be prescribed to pediatric patients when no alternative treata
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ments exist (Ito, 2017). Even when pediatric treatments are available, their formulation or dosage may
be less effective or less well tolerated than adult’s formulation or dosage of a newer drug (Lowenthal and
Fiks, 2016).
The rates of the “off-label” prescribing in pediatric patients range from 36% in inpatient settings to
97% in intensive care units (Hoon et al., 2019). Additionally, drugs are most frequently prescribed “offlabel” to neonates and infants compared to other pediatric age groups, and to girls compared to boys (Hoon
et al., 2019).
Due to an increased attention to the “off-label”
pediatric prescribing and due to several national legislative actions (U.S. Congress. Best Pharmaceuticals
for Children Act Amending Section 505A of the Federal Food, Drug & Cosmetic Act (Public Law 107109). (2002), 2002; U.S. Congress. Pediatric Research Equity Act amending Section 505B of the Federal Food, Drug & Cosmetic Act (Public Law 108155). (2003), 2003; FDASIA, 2012), the number of
pediatric clinical studies has been growing. Information about these studies may be found in the libraries of biomedical publications, pediatric clinical
research networks (Fiks et al., 2016), electronic health
records, insurance claims, dedicated portals (Deshmukh and Khuri, 2018; U.S. Food and Drug Admin-
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istration. New pediatric labeling information dataset,
2020), and even social media (Mulugeta et al., 2018).
However, retrieval of information about drugs’
use in pediatric patients is challenging due to the
unstructured format of biomedical texts and the diversity of terms that characterize pediatric populations. Pediatric populations encompass children from
birth to 17 years of age, and they are typically divided into four age groups, namely, neonates, infants,
children and adolescents. However, drug regulations
do not prescribe the exact division but rather allow
drug developers to identify the appropriate pediatric
age cohort based on the scientific evidence, such as
the body weight, ability to swallow a specific drug
formulation, metabolism of drug enzymes, expression levels of drug membrane transporters, and so on.
Thus, it is challenging to search for pediatric information in biomedical literature. For example, while
recent search for articles mentioning “pediatric” studies in the PubMed repository of biomedical literature returned 1,010 results, searching for studies in
“neonates” returned 426 additional publications.
Supervised machine learning (ML) algorithms
may improve or augment biomedical text mining. For
instance, a binary classifier may be trained to predict
whether a previously unseen text contains information about drug’s safety and efficacy in pediatric populations. Additionally, large collections of biomedical texts, could be rapidly screened to retrieve only
those texts that contain information relevant to pediatric prescribing, such as drug’s efficacy, adverse reactions, dosage, and so on. Finally, automated text
mining of biomedical literature may assist drug developers and regulators in identifying unmet needs and
research gaps in pediatric drug development.
To train ML classifiers for use in text mining, a
large training data set of labeled texts is needed. However, there is a lack of labeled biomedical texts that
focus specifically on pediatric patients. To create labeled texts for use in classifier’s training, drug product
labels may be used. In the US, approved drug product labels contain the most reliable information about
drugs’ safety and efficacy in pediatric populations.
These labels are reviewed and approved by the regulators, and they are updated regularly. They are stored
in a special format called Structured Product Labeling
(SPL) (Structured product labeling, 2019). The SPL
format is approved by the Health Level Seven (HL7)
organization, which administers standards for storage,
retrieval and exchange of digital health information
between different medical systems and entities (HL7
Standards, 2019).
SPL is divided into several hyperlinked sections,
and each section is coded using an identifier called

the Logical Observation Identifiers Names and Code
(LOINC). For example, PEDIATRIC USE section is
coded with LOINC 34081-0. Each drug product is
described in its own SPL file, and on average, there
are about twice as many SPL files as there are approved drugs. The number of drug product labels
exceeds the number of approved drugs because there
may be several products associated with a single drug,
such as drug products from different manufacturers,
drug products in different dosage forms or routes of
administration.
Therefore, public availability of the SPL files
presents an opportunity to create a training data set.
Yet, the process of extracting tagged texts from drug
labels is onerous. Firstly, many older (prior to 2005)
drug labels do not contain LOINC identifiers. Secondly, pediatric information may be also included in
other sections of the SPL files. We propose to circumvent these challenges by using a semi-supervised
approach to design and implement a text mining
pipeline to accurately and rapidly identify if an unstructured text is related to pediatric use or not. To
validate the proposed pipeline, we collected, cleaned,
preprocessed and transformed unstructured texts into
real-valued vectors containing the term frequency–
inverse document frequency (TFIDF) scores, and labeled them as pediatric or nonpediatric texts. The
accuracy of our ML classifiers was high, indicating
that our proposed approach is a viable first step in
the curation of unstructured texts. Additionally, we
showed that classification accuracy can be further improved by the selection of most informative features.
To the best of our knowledge, our application of MLpowered text mining to the retrieval of pediatric information is a novel contribution.
The remainder of the article is organized as follows. Section 2 reviews relevant prior work. Our approach for the classification of pediatric texts in drug
labels is described in Section 3. Section 4 presents experimental results, which are placed in a broader context in Section 5. We conclude the article and present
possible future directions in Section 6.

2

PRIOR WORK

Biomedical text mining is an active area of research
motivated by the opportunities for the extraction of
actionable insights from massive collections of unstructured texts. Among these unstructured texts,
publicly available drug product labels provide scientific summaries of nonclinical and clinical drug
studies, and they include information about drug’s
indications and contraindications, drug-drug interac61
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tions, adverse effects, dosage, and so on. To date,
text mining of drug product labels has resulted in
the accurate extraction of drug indications (Névéol
and Lu, 2010; Li et al., 2013; Fung et al., 2013;
Khare et al., 2014), adverse drug reactions (Bisgin
et al., 2011; Demner-Fushman et al., 2018a; DemnerFushman et al., 2018b; Pandey et al., 2019; Tiftikci
et al., 2019), pharmacogenomic biomarkers (Fang
et al., 2016; Mehta et al., 2020), patient-reported outcomes (Gnanasakthy et al., 2019) and pregnancy drug
risks (Rodriguez and Fushman, 2015).
The majority of methods focus on named entity
recognition and relation extraction tasks, and make
extensive use of biomedical ontologies, controlled vocabularies, and linguistic information. The reported
accuracy of some of these tools is about 80%, however most of the automated information extraction
tools are still far from delivering a gold standard without human intervention. Manual curation is needed to
either filter the results or to aid with the extraction of
information. This is due to the fact that drug indications and adverse reactions are difficult to extract
because of co-existing conditions, characteristics of
patient cohorts, and so on. In addition to software
development, several data repositories have been created from data extracted from biomedical texts, including drug labels (Khare et al., 2014; Fang et al.,
2016; Kuhn et al., 2016). They provide easy access to
information about each drug, such as its ingredients,
dose forms, adverse reactions, and so on.
Despite the rich history of biomedical text mining
for the information about drugs’ safety and efficacy
in general population of patients, little attention has
been paid to mining information about drugs’ use in
special populations, such as pediatric and geriatric patients, pregnant and nursing women. Only two online
resources exist for querying drug labels about pediatric use. First, US Food and Drug Administration
(FDA) maintains the Pediatric Labeling Information
Database (U.S. Food and Drug Administration. New
pediatric labeling information dataset, 2020). This
database is built from regulatory submissions, which
include drug product labels. This resource has very
limited search capabilities and is constructed manually, thus, lagging behind the updates of drug product labels. For instance, although over 1,200 pediatric
studies have been submitted to the FDA in response to
pediatric regulations, only about 800 of these studies
are currently listed in the database.
To address the paucity of information about drugs’
safety and efficacy in pediatric populations, a second
online resource, PediatricDB, was built (Deshmukh
and Khuri, 2018). The data of this portal can be
queried using drug names, pediatric age group, ther62

apeutic category and so on. Similarly, the frequency
of updates in PediatricDB is lagging behind the updates of SPL repository because of its reliance on the
manual data curation.
Our work differs from prior research. It addresses
the need for the automated retrieval of information
which may better inform prescribers, regulators, manufacturers and patients. The output of our classifier
may also be used as an input to the existing tools, such
as an automated extraction of indications, drug reactions, and so on. Next, we describe our approach in
details.

3

DATA AND METHODS

3.1 Text Mining Workflow
Our text mining workflow comprises five steps,
namely (1) data parsing, (2) data partitioning, (3) data
preprocessing, (4) data transformation, and (5) validation (Fig. 1). The workflow was executed on Google’s
cloud servers using CPUs. We experimented with
three ML classifiers and performed different validation experiments to assess their usability in different
real-life scenarios. First, we estimated classifiers’ performance in a 10-fold cross-validation. Second, we
validated their performance retrospectively, by classifying texts that were collected at the same time point
as the training data set but using a different data collection protocol. Finally, we prospectively validated
the performance of classifiers on texts, which were
collected at a later time point.

3.2 Data Collection and Pre-pocessing
Weekly archives of approved human prescription
drugs were downloaded from the public repository
DailyMed (DailyMed, 2019) on August 31, 2019.
From the downloaded files, 500 SPL files were randomly sub-sampled. Files without the Indication
And Usage section were filtered out, leaving 494 SPL
files for the downstream processing. Next, SPL files
were parsed using a custom SPL parser implemented
in the Python programming language, making use of
the lxml XML toolkit (lxml, 2019).
We constructed a training data set of pediatric
texts by extracting from 494 SPL files, all texts
tagged with LOINC 34081-0 (Pediatric Use sections). Next, these texts were removed from the SPL
files and two test sets were constructed as follows.
The first test data set (Test 1) comprised all texts,
which had keywords Pediatric Use in the document tags. After Test 1 texts were removed from the
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Figure 1: Text mining workflow. Shown are the five steps of building classifiers of pediatric and nonpediatric texts. The
details of the data preprocessing steps are shown in the dotted box.

494 files, the second test set (Test 2) was constructed.
It comprised the remaining pediatric texts which were
found using a case-insensitive pattern search in the remaining sections of the SPL files.
Out of 494 SPL files, 34 contained no pediatric
information, and these 34 files were segmented into
nonpediatric texts, as follows. First, statistical analysis of sentence lengths of pediatric texts was conducted, and a Poisson distribution was fitted to that
data. Next, we sampled text lengths from the fitted
Poisson distribution and generated nonpediatric texts
of sampled lengths to be used for training and testing.
Sampling was done without replacement.
Finally, the last test set (Test 3) was constructed
from 31,565 SPL files, which were retrieved at a later
date (May 17, 2020). These SPL files were parsed
into pediatric and nonpediatric texts. Pediatric texts
were extracted using the same protocol as the training pediatric data set. Nonpediatric texts were constructed from the SPL files which did not contain any
tagged pediatric sections. We removed all texts from
Test 3 that overlapped with the training set, Test 1 or
Test 2. Both pediatric and nonpediatric texts in Test 3
were left in their original length, that is neither Poisson sampling nor text partitioning was done to create
Test 3.

3.3

Feature Engineering

Each text was encoded into a numeric feature vector
using a custom Python code and the TfidfVectorizer
function from the Scikit-Learn library (Scikit-Learn,
2019). Each document was first split into sentences
using period (.) as a delimiter, and regular expressions were used to avoid splitting numeric values. We
then tokenized each sentence, such that hyphenated
words and numbers containing decimal places were
kept together as tokens. Each token was converted

to lowercase. A token was removed if it was a stop
word, such as and, the, a, is, and so on. Additionally, we included the word pediatric in the list of stop
words.
Next, we constructed a dictionary of unique ngrams using the training set; we included unigrams
(single words), bigrams (two consecutive words) and
trigrams (three consecutive words) in the dictionary.
The frequency of each n-gram in the documents was
computed, and n-grams with low (less than 0.05) and
high frequency (0.90) were removed from the dictionary. This helped in removing words that do not contribute toward the classification of pediatric and nonpediatric texts, such as specific drug and manufacturer
names, and/or drug ingredients.
Third, the occurrence of each n-gram in every document was determined, and these counts were normalized using the TFIDF transformation. TFIDF
scores help identify important n-grams in a document,
with higher scores reflecting more important n-grams.
TFIDF values close or equal to zero are representative
of noninformative words. TF scores were sublinearly
smoothed by replacing TF with 1 + log(T F), and the
IDF normalization weights were smoothed by adding
one to document frequencies. Finally, L2 normalization was applied. In the end, each text was encoded
by a vector of floating-point TFIDF scores ranging between 0 and 1.
Finally, we annotated every text using a binary
class label. Each pediatric text was labeled with a “1”
and each nonpediatric text with a “0”.
To visualize the data, principal component analysis (PCA) was performed using PCA function from
Scikit-Learn (Scikit-Learn, 2019). The first two principal components were plotted to visualize pediatric
and nonpediatric texts in the training data set.
Texts in the test data sets were also transformed
into vectors of TFIDF scores, computed as described
63

BIOINFORMATICS 2021 - 12th International Conference on Bioinformatics Models, Methods and Algorithms

above. Notably, to encode test data sets, we used the
dictionary that was built from the training texts. Thus,
all n-grams found in the test data sets, which were
not present in the training dictionary, were ignored
during the transformation of the test data sets. Texts
in the test data sets were labeled with a “1” to denote
a pediatric text or with a “0” to denote a nonpediatric
text.

3.4

Classifier Training and Validation

We selected three ML algorithms to train our classifiers, namely, k-nearest Neighbors (kNN), Decision
Tree (D-Tree), and Support Vector Machines (SVM).
These algorithms were selected due to their desirable characteristics, such as their simplicity and interpretability. All classifiers were trained using the
same training data set, and training was done with the
default parameters in the Scikit-Learn library (ScikitLearn, 2019).
D-Tree is a simple supervised ML classifier,
which distinguishes between the target classes by
learning binary decision rules. There exist various
variants of the algorithm, and in this work, we used
the Scikit-Learn (Scikit-Learn, 2019) library implementation of the Classification and Regression Trees
(CART) algorithm (Everitt, 2005).
kNN is another basic classification algorithm
which is based on the assumption that similar data
points are closer to each other than dissimilar data
points (Cover and Hart, 2006). To classify an unseen
text, its k-closest texts are identified, and the majority
class of the neighbors is used to assign the label to the
unseen text. We used the Euclidean distance function,
which is a commonly used distance metric in the implementations of the kNN algorithm (Hu et al., 2016).
The kNN algorithm is easy to implement as it does not
need any assumptions about the underlying data distribution and we used the Scikit-Learn (Scikit-Learn,
2019) library implementation.
SVM is a supervised machine learning classifier
which learns a separating hyperplane between the two
classes (Chang and Lin, 2011). In a two-dimensional
space, this hyperplane corresponds to a line between
the two target classes in the training data set. The tuning parameters for the SVM algorithm are the kernel,
regularization and gamma. Kernel defines the higher
dimension where the separating hyperplane is to be
computed. Regularization defines the extent of permissible misclassification. Gamma defines to what
extent the data points should be considered while
computing the separating line. The Sequential Minimal Optimization algorithm (Fan et al., 2005), implemented in the Scikit-Learn library, was used to train
64

SVM classifiers.
In the validation experiments, five metrics were
used to assess performance, namely, accuracy, precision, recall, F1 score, and area under the Receiver
Operating Characteristic (ROC) curve (AUC).
3.4.1

Experiment 1: Cross-validation

Cross-validation is a common resampling technique
used to evaluate and compare the performance of the
ML models (Refaeilzadeh et al., 2009). To implement
a cross-validation experiment, we split the training
data set into 10 folds and used 9 folds for training
and the remaining 1 part of the data for validation.
The training data set was shuffled prior to splitting,
and stratified partitioning was used to ensure that the
distribution of labels in each fold was similar to the
distribution of class labels in the original training data
set. Ten ROC curves were constructed for each classifier, and AUC scores were averaged across the 10
folds.
3.4.2

Experiment 2: Retrospective Validation

In the second experiment, we evaluated each classifier by retrospective validation (Prospective and retrospective cohort studies, 2019). In this experiment,
classifiers were trained on the entire training data set,
and the best models were used to predict the class labels of the two test data sets, Test 1 and Test 2. Because the true class labels of these two data sets were
known, this experiment evaluated the generalizability
of each model. Moreover, this experiment examined
the accuracy of our models on the data set acquired
using a different data collection protocol.
3.4.3

Experiment 3: Prospective Validation

In the third experiment, the objective was to accurately label pediatric and nonpediatric texts in a large
collection of texts, which were retrieved at a time different from the collection date of the training data set.
This experiment evaluated the feasibility of an automated text classification on a large unseen collection
of texts.

4

RESULTS

4.1 Construction of the Data Sets
ML classifiers automatically learn relationships between features of the data and their class labels. Because they learn these relationships from labeled data,
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it is important to collect, pre-process and annotate
training and testing data sets. We performed two data
collections, separated in time by approximately one
year. The first data collection was used to construct
the training set and two test sets, Test 1 and Test 2.
The second data collection was used to construct Test
3. The training data set comprised 407 pediatric and
1,524 nonpediatric texts ((Table 1). Test 1 and Test 2
data sets were smaller, with 20 to 33 pediatric texts,
and 34 nonpediatric texts. The number of pediatric
texts in Test 3 was 28,720 compared with 2,845 nonpediatric texts.
Table 1: Number of texts in training and test data sets.

Training Set
Test 1 Set
Test 2 Set
Test 3 Set

Pediatric

Nonpediatric

Total

407
20
33
28,720

1524
34
34
2,845

1931
54
67
31,565

On average, pediatric texts in the training data set
comprised 5.98 sentences and about 97.05 words, excluding stop words. Texts with a single sentence were
over-represented, and the longest pediatric text contained 47 sentences. In Test 1, the average number
of sentences and words was 7.65 and 140.05, respectively, and one-sentence texts were over-represented.
In Test 2 data set, text lengths were 6.21 sentences
and 88.18 words, on average.
Thirty-four SPL files from the first collection did
not contain pediatric information. These files were
used to create nonpediatric texts. The composition of
these nonpediatric texts differed from the composition
of pediatric texts. More specifically, the texts comprised, on average, 138.65 sentences and ranged between 30 and 595 sentences. Additionally, the number of words in these nonpediatric texts ranged between 300 and 8,071. Therefore, we post-processed
nonpediatric texts to create a sufficient number of
nonpediatric texts for training and testing.
We made the sentence distribution of nonpediatric
texts follow the sentence distribution of pediatric segments. More specifically, a shifted Poisson distribution with mean of 1 was fitted to the distribution
of sentence lengths in pediatric texts. Considering
that texts with length of 1 may not generate meaningful tokens, we sampled from the Poisson distribution
with the mean of 2, and implemented a shift of 1 to
the right to make sure that sampling does not return
empty sentences with lengths of 0. For instance, if
the sampled value from the Poisson distribution was
2, then it would be shifted to 3. Thus, 3 consecutive
sentences would be sampled from the 34 nonpediatric
texts to generate shorter texts.

All texts in Test 3 were kept in their original
lengths. Notably, while there were fewer nonpediatric texts, on average, they were longer than pediatric
texts.

4.2 Feature Engineering and Encoding
We constructed a common dictionary of all unique
unigrams, bigrams, and trigrams from the training
texts. In all, 115 such n-grams were extracted from
the training set, and they were used to compute
TFIDF scores for each text. The same dictionary of
115 n-grams was used to compute the TFIDF scores
of texts in Test 1, Test 2, and Test 3.
To better understand the data, we performed a
principal component analysis of the TFIDF scores in
the training data set. Even though the first two principal components only explained 10.67% variance of
the data, there was still a clear separation between
the pediatric data points and nonpediatric data points
(Fig. 2, left).
We observed the presence of a region where 38
pediatric and 831 nonpediatric texts overlapped. This
region is defined by the values of the first principal
component ranging from -0.1 to 0.1 (x-axis) and by
the values of the second principal component ranging
from -0.15 to 0.0 (y-axis). Notably, most nonpediatric texts in Test 1 concentrated in this overlapping
region. The projection of Test 2 onto the principal
components of the training set was similar. Most pediatric texts had scores between 0.2 and 0.6 for the
first principal component and between -0.1 and 0.2 for
the second principal component, respectively. Test 3
had a similar distribution.

4.3 Experiment 1: Cross-validation
Three ML algorithms were evaluated by crossvalidation, namely, kNN, D-Tree and SVM. In this
experiment, the SVM model showed the strongest
performance in the 10-fold cross-validation, achieving an average AUC of 0.98 (Fig. 3, right). Notably,
SVM performance was consistent across the 10 validation experiments. Its standard deviation of AUC
scores was 0.01. Both, kNN and D-Tree classifiers,
had high accuracy as well. The average AUC scores
of the kNN and D-Tree classifiers were 0.96 and 0.94,
respectively (Fig. 3, left and middle). However, there
was significantly more variation in the AUC scores in
the different folds. The standard deviation of AUC
scores of kNN was 0.02, while that of D-Tree was
0.03.
65
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Figure 2: Visualization of the first two principal components of pediatric and nonpediatric texts. First principal component is
shown on the x-axis and the second principal component on the y-axis. Pediatric texts are denoted by the orange circles and
nonpediatric texts by the cornflower blue circles. Left: Training set. Middle: Test 1 projected onto the principal components
of the training set shown with grey circles. Right: Test 2 projected onto the principal components of the training set shown
with grey circles.
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Figure 3: Receiver Operating Characteristic Curves of 10-fold cross-validation of three classifiers. Shown are ROC curves of
kNN, D-Tree, and SVM classifiers. True positive rate is plotted on the y-axis and false positive rate on the x-axis. Red line
denotes the average ROC curve from the 10-fold cross-validation, and the dotted line indicates the performance of a random
guess. The gray region is ±1 standard deviation of the ROC curves in the 10-fold cross-validation. Left: kNN. Middle:
D-Tree. Right: SVM.

4.4

Experiment 2: Retrospective
Validation

In this experiment, we trained the three classifiers using the entire training data set and evaluated their predictive performance using Test 1 and Test 2. The success of this experiment is defined by how well classifiers predict the labels for the test data sets.
All three classifiers, kNN, D-Tree and SVM, were
trained using their default parameters. For the kNN
classifier, Euclidean distance was used to compute the
distance between neighborhood points and the number of neighbors was set to k = 5. For the D-Tree classifier, criterion = Gini impurity was used for learning.
For the SVM, kernel = radial basis function, gamma
= ’scale’ and probability = True were used.
We did not carry out a grid search for the best parameters, since our main objective is to show the utility of the ML predictors for the classification of pediatric information, rather than building the most accurate model via hyperparameter optimization. How66

ever, parameter tuning could be easily implemented
using a grid search in Python’s Scikit-Learn library.
Next, the trained classifiers were used to predict
labels of all texts in Test 1 and Test 2. Both, kNN and
D-Tree performed well; the kNN classifier reached
F1-score of 0.97 and AUC score of 0.98, while the
D-Tree classifier reached F1-score of 0.98 and AUC
score of 0.99 (Table 2). Out of the three classifiers,
SVM had the best performance, achieving an accuracy of 1.00 in Test 1. Considering how Test 1 and
Test 2 were constructed, this result was expected. Test
1 was built from pediatric sections that were very similar in their writing style to those in the training set.
In predicting labels in Test 2, D-Tree outperformed kNN, and the D-Tree classifier reached F1score of 0.92 and AUC score of 0.92, while the kNN
classifier reached F1-score of 0.84 and AUC score
of 0.86. Again, SVM had the best performance. It
reached F1-score of 0.94 and AUC score of 0.94 (Table 2). The decrease in the performance of all classifiers was expected because texts in Test 2 do not
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Table 2: Performance of classification models in three validation experiments. Test 1 reports 10-fold cross-validation experiments. Test 2 and Test 3 refer to retrospective and prospective validation, respectively.

Test 1

Metrics
Accuracy
Precision
Recall
F1-score
ROC AUC

Test 2

kNN

D-Tree

SVM

kNN

D-Tree

SVM

kNN

D-Tree

SVM

0.98
1.00
0.95
0.97
0.98

0.98
0.95
1.00
0.98
0.99

1.00
1.00
1.00
1.00
1.00

0.87
1.00
0.73
0.84
0.86

0.93
1.00
0.85
0.92
0.92

0.94
1.00
0.88
0.94
0.94

0.91
0.99
0.91
0.95
0.92

0.89
0.97
0.91
0.94
0.80

0.94
1.00
0.94
0.97
0.96

necessarily come from the PEDIATRIC USE sections
of the SPL files. Although they refer to pediatric information, these texts originated from other sections
of the drug labels and may contain auxiliary details.
Therefore, these texts are more challenging to classify
yet they are important to detect.

4.5

Experiment 3: Prospective
Validation

In the last experiment, we trained the three classifiers using the entire training set, and predicted labels for all texts in a large Test 3. This experiment
evaluates the scenario closer to the intended application in a real setting. In practice, the size of the
data available for training is much smaller compared
to the number of texts to be classified. Thus, by
training with a smaller data set and by predicting labels of a much larger data set, information could be
gained about classifier’s utility. Moreover, our training data set comprised TFIDF scores computed from
much shorter texts than those present in Test 3. In this
experiment, we observed that kNN outperformed DTree in all metrics, where kNN reached F1 score of
0.95 and AUC score of 0.92, while D-Tree reached
F1 score of 0.94 and AUC score of 0.80. SVM also
classified the input data well, achieving the F1 score
of 0.97 and AUC score of 0.96 (Table 2).

4.6

Test 3

Evaluation of Feature Importance

Dictionary, which was used for computing TFIDF
scores of texts, comprised 115 n-grams and consisted
of unigrams, bigrams and trigrams. In ML, it is desirable to include the fewest number of the simplest
features to avoid overfitting and to increase the interpretability of the results. Therefore, we examined
the effect of including bigrams and trigrams into the
set of features prior to computing the TFIDF scores.
More specifically, we evaluated if the inclusion of
the higher order n-grams improved classifier’s performance. Therefore, we computed two feature sets, one

comprised 115 n-gram TFIDF scores and the second
contained 261 unigram TFIDF scores only. All three
classifiers, kNN, D-Tree, and SVM, were separately
trained with the n-gram TFIDF scores and unigram
TFIDF scores, and the entire training set was used to
build classifiers.
Results showed that with the inclusion of higher
order n-grams, classifiers performed better in most
cases, with the exception of the kNN classifier in Test
2. For instance, the SVM classifier trained with the
higher order n-grams outperformed the SVM trained
with unigrams in all performance metrics (Fig. 4). In
Test 2, the unigram kNN outperformed the n-gram
kNN with F1-score of 0.96 versus 0.84, and the ngram D-Tree reached F1-score of 0.92 and AUC score
of 0.92, while unigram D-Tree reached F1-score of
0.86 and AUC score of 0.88. In Test 3, the n-gram
kNN had F1-score of 0.95 and AUC score of 0.92
compared to the unigram kNN with F1 score of 0.96
and AUC score of 0.71. F1-score of the n-gram DTree was 0.94 and AUC score was 0.80, while the unigram D-Tree had F1-score of 0.84 and AUC score of
0.74.
We observed that with the unigram TFIDF scores,
SVM was still the best-performing model. Interestingly, kNN results were stronger than those of the
D-Tree classifier. Among the three classifiers, unigram kNN had the best performance in Test 2. Overall, these results underscore the importance of using
multi-word tokens for the accurate classification of
pediatric and nonpediatric texts.
Finally, we carried out a feature selection process
using SelectKBest function from Scikit-Learn (ScikitLearn, 2019). Because SVM classifier outperformed
the other two methods in all three validation experiments, we applied the feature selection process to the
SVM model only. Additionally, only Test 2 and Test 3
were used in this experiment, because they were more
challenging. Specifically, n-gram features were selected and they were used to train the SVM model,
which was tested with Test 2 and Test 3 data sets. The
number of selected features, denoted as k, was determined, and the search was done with all possible val67
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Figure 4: Performance of SVM models trained with n-gram TFIDF versus unigram TFIDF scores. Shown are performance
metrics of SVM models tested on Test 2 (Left) and Test 3 (Right). Green bars denote n-gram SVM model and red bars refer
to unigram SVM model.

ues of k, from 1 to 115. The ANOVA F-values were
computed for each feature and then sorted. The selected k features were the ones with the top k ANOVA
F-values. Our results show that k = 31 is a reasonable
number of features to use (Fig. 5). In Test 2, SVM
achieved an accuracy of 0.94, precision of 1.0, recall
of 0.88, F1-score of 0.94, and AUC score of 0.94. In
Test 3, SVM reached F1-score of 0.96 and AUC score
of 0.96. By further increasing the number of selected
features, for instance to k = 32, the performance on
Test 3 began to decrease. Even though the performance of SVM with k = 100 on Test 3 was slightly
better than that of SVM with k = 31, the dimension of
data needed to be increased from 31 to 100, which is
a big change.

5

DISCUSSION

Pediatric drug prescribing must rely on scientific evidence about drugs’ safe and effective use in this
specific population of patients. Yet, drugs are often
prescribed to pediatric patients without this evidence
due to the challenges of pediatric drug development
and evaluation. Stimulated by the legislative actions,
more than 1,200 pediatric labeling changes have been
submitted to the US FDA since 2002 (Green et al.,
2019). Yet, these changes are not easily accessible
nor are they machine-readable. Thus, there is a lag in
how fast the data becomes available to the public.
This information gap is due to several reasons, including the lack of the standard machine-readable format for disseminating such information. For instance,
information about pediatric drug use may appear in
several sections of drug product labels, or it may be
tagged differently altogether. Even when found in a
well tagged section of a drug label, pediatric information may describe patients using diverse keywords
68

such as neonates, infants, children and adolescents or
using specific ages, such as 12, for example. This
makes keyword extraction challenging. Finally, while
drug developers and regulators often mine regulatory
and scientific data as well as data from the electronic
health records, insurance claims and so on, such data
are not freely and readily available to academic researchers and consumer scientists.
To construct a repository of pediatric information, text documents must undergo manual curation,
a time-intensive and labor-intensive process. In an effort to address the paucity of information about drugs’
safety and efficacy in pediatric populations, a different approach is needed. We propose to expedite this
process by a high throughput text classification using ML algorithms. Our work aims to streamline data
analysis by identifying relevant pediatric texts in drug
labels, which are updated at a rate of 500 per day.
Tested under three different scenarios, ML predictors showed encouraging results in differentiating between pediatric and nonpediatric information found
in SPL files. We selected simple yet interpretable ML
methods to construct text classifiers, namely, kNN, DTree and SVM. Among these three methods, SVM
outperformed the other two in all validation experiments (Table 2). These validation experiments ranged
from the 10-fold cross-validation to retrospective validation using small test sets, to prospective validation
using a large collection of documents obtained at a
later time point.
More specifically, the SVM classifier trained with
the multi-word tokens achieved high accuracy of
94%, excellent precision (1.00) and high recall of
0.94% (Table 2). SVM classifiers execute very fast
and do not require expensive hardware for text processing. Our results show that the number of multiword tokens can be reduced from 115 to 31 without
the loss in accuracy, making the process of classifica-
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Figure 5: Feature Selection using SelectKBest function. X-axis represents the number of features selected, denoted as k.
Y-axis represents the values of performance metrics of SVM model trained with k features on Test 2 (Left) and Test 3 (Right).
The gray dotted line represents a selected number of features to use, k = 31.

tion even faster (Fig. 5).
ML classifiers have become ubiquitous and we investigated their potential in our specific application
domain. To overcome the paucity of a well-curated
training data set, we used texts extracted from 494
randomly sampled SPL files. Training data set was
constructed by extracting texts relevant to pediatric
use using a LOINC identifier. LOINC identifiers have
been adopted by the FDA as a standard way of formatting the drug product labels.
We decided to train classifiers with a smaller data
set, although current public SPL archives contain
thousands of files. The motivation behind this was
that, in a practical setting, the size of the labeled data
is significantly smaller than the size of the data that
needs to be classified. For instance, if the classifier
were to be applied to the data from the electronic
health records, the number of texts to be screened
would be far greater than the number of the training
texts.
Despite high classification accuracy, some issues
may arise from training with a small data set. These
issues include outliers, missing values, overfitting and
sampling bias. Overfitting was observed, it is seen
in the decreased classification performance between
cross-validated estimates and testing results. For example, the AUC score of SVM classifiers dropped
from the 0.98 (cross-validation) to 0.96 (Test 3) and
0.94 (Test 2). Similar patterns were observed in testing of the kNN and D-Tree classifiers. The estimated
AUC score of the kNN classifier decreased from 0.96
in cross-validation to 0.86 for Test 2 and 0.92 for Test
3. Likewise, there was a 0.02% decrease between
cross-validated and testing AUC scores for D-Tree in
Test 2, and even greater decrease of 0.16% in Test 3
(Fig. 3 and Table 2).
Overfitting is a common problem in ML, and it
can be somewhat remedied in several ways, ranging from a manual data review to a consensus voting

on the predicted class. Avoiding extensive parameter
tuning and selecting the simplest, interpretable models are the two approaches which we selected to pursue. To train the ML classifiers, all parameters were
set to their default values (Section 3), and we used
three algorithms that are simple to construct yet yield
explainable results. Although overfitting is seen with
all three methods, SVM model outperforms the other
two approaches, and it seems to be the most stable in
its performance. Moving forward, we expect to include texts from other biomedical texts in our training
data set, aiming to reduce the overfitting by increasing
the diversity of texts.
Some limitations exist in the current work. First,
classifiers were validated only with texts extracted
from the drug product labels. The vocabulary and the
semantics of these texts are tailored for the regulatory
submissions. However, it is desirable to apply our
method to any text, such as biomedical research literature, clinical trials data, and even social media. The
SVM model can be periodically retrained using additional data sources, thus, increasing model’s applicability domain. For instance, one could use the current model to classify texts from other sources, then
review predicted labels manually and add newly labeled texts to the training set for the creation of a new
model.
Second, classifiers were trained using pediatric
texts extracted using LOINC identifier for PEDIATRIC
USE, which may introduce a bias into the derivation
of features, in form of the n-grams derived from these
texts. These LOINC identifiers were absent in older
SPL files or the SPL files may have been tagged differently. It may be possible that the vocabulary and
the semantics of the older texts differ from those that
were submitted to the FDA more recently. This is indeed confirmed by our results, in the retrospective and
prospective validation. For instance, Test 2 was constructed by scanning through the entire SPL file with
69
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a regular expression containing the word “pediatric”.
Thus, texts in Test 2 may have a different sentence
structure than those in the training set. There was also
a noticeable decrease in the accuracy of the trained
classifiers when they were tested with Test 3, which
may be explained by a much richer vocabulary found
in Test 3. More specifically, the number of unique ngrams computed for Test 3 was 424 compared to only
115 found in the training set. On the other hand, all
classifiers performed strongly in Test 1, which resembled training set very closely. This underscores the
importance of testing classifiers with a variety of the
test data sets, obtained from different sources, as has
been proposed in this work.
To address the potential concerns about the small
size of the training data set, we conducted the following experiment. We trained all three classifiers using
Test 3 data set of 31,565 texts, and tested these classifiers using the data set comprising 1,931 texts. We
note that these two data sets do not overlap, that is
they do not have any texts in common. In this experiment, all three classifiers were able to perfectly divide
pediatric and nonpediatric texts; all performance metrics were 1.00. We point out that these results may
not be representative of the future application of the
current method, as is shown by our prospective validation (Table 2).

6

We designed, implemented and evaluated a text
processing pipeline based on machine learning and
showed that despite the diversity in formats, styles
and terms, our SVM classifier can accurately predict whether they contain the information relevant
for pediatric prescribing. The binary SVM classifier
achieved high accuracy of 0.98 in the 10-fold crossvalidation experiments, where it outperformed two
other ML classifiers, kNN and D-Tree. In two additional validation experiments, the SVM model also
achieved high classification accuracy of 0.94, again
outperforming the other two predictors. Our experimental results indicate that it is important to train classifiers with features derived from a dictionary of unigrams, bigrams and trigrams rather than from single
words. Although a more powerful machine learning,
such as deep learning, could be used instead of SVM,
we opted for the less complex and interpretable models. Future work will focus on the applications of the
trained SVM classifier in profiling of biomedical literature and clinical trials with the goal of extracting
new knowledge.
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