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Problem: Clinical practice requires the production of a time- and resurce-consuming

great amount of notes. They contain relevant information, Ut their secondary use is
almost impossible, due to their unstructured nature. Rese@hers are trying to address
this problems, with traditional and promising novel techijues. Application in real hospital
settings seems not to be possible yet, though, both because brelatively small and dirty
dataset, and for the lack of language-speci c pre-trained nodels.

Aim: Our aim is to demonstrate the potential of the above techniges, but also raise
awareness of the still open challenges that the scienti c coomunities of IT and medical
practitioners must jointly address to realize the full potgial of unstructured content that
is daily produced and digitized in hospital settings, bothd improve its data quality and
leverage the insights from data-driven predictive models.

Methods: To this extent, we present a narrative literature review ohé most recent
and relevant contributions to leverage the application of atural Language Processing
techniques to the free-text content electronic patient reords. In particular, we focused on
four selected application domains, namely: data qualitynformation extraction, sentiment
analysis and predictive models, and automated patient coha selection. Then, we
will present a few empirical studies that we undertook at a mjar teaching hospital
specializing in musculoskeletal diseases.

Results: We provide the reader with some simple and affordable pip&les, which
demonstrate the feasibility of reaching literature perfarance levels with a single
institution non-English dataset. In such a way, we bridgedterature and real world needs,
performing a step further toward the revival of notes elds.

Keywords: natural language processing (NLP), literature r eview, machine learning, clinical intelligence, text
mining, information extraction, data quality, sentiment analy sis

1. INTRODUCTION

In recent years there has been a growth of the availabilityedical data thanks to the increasingly
wider adoption of Electronic Health Record (EHR) {n hospital settings. These massive quantities
of data (known as “Big Data”) hold the promise of supporting a evidhnge of medical and
healthcare functions, including clinical decision suppatisease surveillance, and population
health management}.
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As widely known, Big Data is not only a matter of volume: Some comprehensive literature reviews have been recently
this term denotes the management of data sets that presepublished on the application of NLP to EHR unstructured
a challenge in any dimensions related to the extraction ofontent for various purposes and in di erent medical specialties
value out this process, like velocity (or volatility), vetador  [e.g., (7=20)]. For this reason, our study will not be aimed
quality), and variety. This last dimension is the main reley at reaching a similar comprehensiveness in the short span of
in characterizing free text, and other unstructured infation time since the publication of the contributions mentionedke.
produced in hospitals, such as biomedical signals and imaging Rather, we will focus on some specic applications of NLP

An oft-mentioned (but never proved) conjecture a rms that techniques that we believe reach a good compromise between
80 percent of data contained in EHRs are unstructur&ll ( feasibility [since they do not require powerful computatibna
that is it is recorded in “form of narrative text notes, eithe means or di cult adaptation to di erent settings¥)] and short-
typed or dictated by physicians), Unstructured content is term return, in that they have a potential to both improve data
then just the text of anamnestic notes, physical examinatioquality (11) and the accuracy and reliability of computerized
sheet, medical and nurse diaries, surgical forms, spedcies decision support 1-23). This is the reason why we will not
reports, and discharge letters written during the patienéysand  cover the application of NLP to realize either text- or voiased
any comment extending the standard patient-reported outcomeonversational agent24) and scribe-like transcription systems
(PRO) measures collected during the follow-up phase. Sinse the.g., £5], or we will just hint at applications to build complex
kind of heterogeneous textual content is created to suppaet thphenotipic data by which to train highly-accurate predictive
primary purpose of cared, it is less suitable to secondary usessystemsZ1, 26-28): these are both application domains that will
[that is research- and administrative-oriented purpos®$than  certainly attract great interest in the next years but threal-life
coded data lled in standard “structured” forms: it is théoee  adoption is still in its infancy and limited to research groupsat
less prone to be queried than data stored in relational dateba can get access to large and high-quality corpora of mediztd te
and it is characterized by an intrinsic multiplicity of expsésns  and patient interactions, like Google DeepMinahd AmazoR.
by which doctors and patient can report the same medical Rather, we chose to focus on a few and well-circumscribed
condition (7). NLP applications to outline their main features and discussith

However, it is also well known that unstructured data contai feasibility and cost-e ectiveness in the real-world applicati
relevant, and richly detailed and nuanced information abilie  to the surgery electronic registries adopted at IRCCS lstituto
illness trajectory and care processes undertaken by and up®@rtopedico Galeazzi (I0G). 10G is a large teaching hospital
the patients §), and this makes the challenge to automaticallyof Northern Italy specializing in clinical research on locoimo
extract accurate information from narrative notes worthy t disorders and associated pathologies, where almost 5,000
be pursued §). The fact that narrative content is used mainly surgeries are performed yearly, mostly arthroplasty (hip and
to allow for practitioners' recall, and as a means for doctorknee prosthetic surgery) and spine-related procedures, aaed ar
doctor communication over di erent work shifts1()), makes electronically documented on the DataReg system. Thisrlatte
it substantially not a ected by opportunistic manipulations or is an electronic pathology registry that stores together the
interpretation errors that a ect some structured contentgde. structured data from the Admission-Discharge-Transfestsyn
upcoding and misclassi cation)L(l). of the hospital and the followup PRO data with the unstructured

The main promise of Natural Language Processing (NLPgontent of the surgery diary and discharge letters.
techniques in medicine is to achieve a good accuracy with In what follows we will present: an introduction to the
respect to the manual review of (electronic) patient recomti$ a eld of NLP (section 2); then, we provide an overview of
extraction of medical concepts and patient valuég),(while the main applications of NLP in clinical context related to
requiring much lower amount of resources (time and money)some of the most relevant contributions in the recent litera
with respect to this manual, time-consuming and often error-(related works in section 3); then, we outline the main
prone (L3 task. NLP is nowadays an integral and establishecesults of a small empirical study we implemented at 10G
area of computer science in which machine learning (ML)empirical work in section 3), using part of the methodology
and computational linguistics are broadly usedi), Although explained in the related works; nally, we report the discussio
cutting edge NLP technologies, which employ the rules ofsection 4) of these results and the conclusion (section 5)
linguistics, deep learning architectures or a combinatéioth  of this work.
these approaches, have been generally proved to be e ective
and su ciently reliable with respect to user-generated ogmit
available on the Web1§), their application to medical content 2. A BRIEF INTRODUCTION TO NLP
and hence biomedical research is relatively more recentsttd
susceptible of some improvement$, (L6). Indeed, compared
to some traditional applications of NLP and Text Mining
techniques, the analysis of the medical records shows durth

and specic diculties, e.g., due to speciality- and setting- ; - , )
. . . . L https://www.zdnet.com/article/googles-deep-learning-systamsdo-tame-
speci ¢ medical terminologies, the frequent use of abbrtwes . C e ords/

and jargon, as well as the diculty of putting concepts into 2https://www.zdnet.com/article/aws-launches-comprehend-médipalies-
mutual relation. natural-language- processing-to-medical-records/

Natural Language Processing (NLP) is a sub eld of computer
science that tries to learn, understand and produce human
language contentl). Natural Language (i.e., human language)
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means the language that we use in everyday life both writte8. NLP APPLICATIONS IN CLINICAL
and spoken. It is so called to distinguish it from formal CONTEXT
language, such as computer language. Actually, natural &yegu
is more complex because it can contain ambiguities anth order to explore the application of NLP in medicine we
misunderstandings. For this reason, itis more di cult to press made a search mainly on Google Scholar using combined
compared to the computer language. Research on NLP startédywords such as NLP, EHR, text mining, medicine, clinical
in the 1950's when a group of researchers tried to implement anote, data quality, automated coding, named entity recagnit
automatic translation from Russian to Englishg. Concerning sentiment analysis, predictive models. Since NLP applied in
this rst approach to NLP we can talk only of Machine medicine is a recent topic we concentrated in articles publish
Translation. Before the 1980's NLP approaches were basgdthe last 5 years even if some older articles about the theme
mainly on linguistics rules. It was only from the 1980's that NLP are used. We focused on the papers published in the
thanks to the increase in computational power, NLP problemsnost important journals that deal with informatics applied to
started to be addressed by Machine Learning algorithms, andinical context such as Journal of Medical Internet Research,
nowadays we have many approaches that can be combinddMIA, Computer Methods and Programs in Biomedicine,
in order to obtain reliable and robust results in NLRY.  Journal of biomedical informatics, International journalf o
Therefore, NLP is a part of Arti cial Intelligence (Al) with an medical informatics.
overlap with Linguistics. In particular, both Machine Learg As above said, we explore some specic domains of
(ML) and Deep Learning (DL) can be used to solve NLPNLP applications: data quality, information extraction,
challenges. In general, typical applications of NLP are Machinsentiment analysis and predictive models, and automated
Translation, Automatic Summarization, Sentiment Anadysind  patient cohort selection.
Text Classi catior. Data quality is important for data reliability and validity,
Natural languages are extremely complex systems. Sintitarly structuring text means to properly convert unstructured datimi
human body, a human language has several sub-systems suclstagctured data to make them suitable for processing, sesrim
phonology, morphology, and semantics working seamlessly witanalysis can be useful to extract information from data to
each other80): build predictive models for diagnosis and prognosis and nally
. automated cohort selection is the automated detection aépéd
1. Phonology means sound patterns; - . . ) . . L
. . with speci ¢ features for epidemiologic studies or clinicdhts.
2. Morphology includes characters and words; . . o
3. Syntax comprises sentences, grammar and phrases; An important a_spect of _thg use of NLP in medicine r_eIaFed
4. Semantics  involves  words  meaning, implicationto the Data Quality dqmaln is the automated summa_rlzatlon
and logic. of EHRs and Electronic Med|cgl Records (EMRS). E’lvovarov
and Elhadad §1) made a review that analyzes this topic
The main steps of a typical NLP process ow are described belownd in particular focused on methods for detecting and
First, it is necessary to collect a corpus of unstructuredagat removing redundancy, describing temporality, determining
this step includes data mining that means the implementatiorsalience, accounting for missing data, and taking advantzsg
of a process to identify patterns in large datasets and eskabliencoded clinical knowledge.
relationships to solve problems through data analysis).( Concerning the second domain, a review study conducted
Then, a pre-processing step is needed, to ensure data accurdey Yadav et al. 32) highlighted the importance of mining
completeness and consistency. In this step, sentences &#FERs to improve patient health management since EHRs
usually split into words (“Tokenization”), single words arecontain detailed information related to disease prognosis
converted in their base form (“Lemmatization,” for examplefor large patient populations. For this purpose, a research
verbs in past participle form are converted in their presenigroup 33) tried to convert clinical texts into Unied
form) and nally words are identied as nouns, adjectives, Medical Language System (UMLS) code applying existing
verbs etc (“Parts-of-Speech-taggirfig”ps third step, the pre- NLP system (MedLEE) with good results in terms of
processed words need to be analyzed to assign them rgcall and precision. Moreover, NLP for entity extraction
meaning. This step is called feature engineering, whiclhutes  is also used (not widely used) in veterinary medicine
the conversion of text into a vector or array of numbersfor example in inferring diagnostic codes from free text
(Word Embedding’). Finally, dierent NLP algorithms can notes @4).
be used. NLP is usually associated with Machine Learning A review conducted by Meystre et aBg established that
or Deep Learning algorithms. For example, classi cationmuch of the available clinical data are in narrative form as a
algorithms can be applied for the detection of consumeresult of transcription of dictations, direct entry by prowrs,
sentiment. The more traditional approach to NLP is hand-or use of speech recognition applications. Therefore, sentimen

crafted rules, formulated and compiled by linguists or kneside ~ analysis in medical context is important since physicians usually
engineers14). give a subjective interpretation in their diagnosis wherea$ N

could o er a high-level text understanding by providing a more
Shttps://towardsdatascience.com/https-medium-com-vishalmorderanizing- ]?b]ecftlve mform.atlon ﬁiab In gen.i:al’ agerljem'?.em extraction
customer-complaints-using-nip-algorithms-64a820cef373  (aedesEebruary ~ 11OM ree'_te_XtS’ '_t cou e pOSSI e to U'_ predictive mtsde
13, 2019). help physicians in prognosis and diagnosis.
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The aim of automated cohort selection is the extraction of Concerning data reliability, a study by Knake et &R)(wanted
data from EHRs to nd inclusion/exclusion criteria to idefiti  to solve this problem providing detailed guidelines that asidy
a cohort of patients to t a speci c clinical trial or to analyze speci c issues in order to minimize EHR extraction errorsrFo

speci c features of patientS(). example, a frequent issue is that the same parameter is retorde
) redundantly in di erent sections of the record, often by di ent
3.1. Data Quality Assessment and caregivers; the derived guideline states that, when peifarm
Improvements abstraction, only one value is picked. Another problem detéct
3.1.1. Related Works by the authors is related to the non-readily computability of

We report in Figure1l a diagram that presents the most EHR's data. The associated guideline suggests to perforraahan
relevant methods related to the topic of “quality assessraadt abstraction. They focused mainly on structured data butythe
improvement” as a summary of the methods present in thdried to settle also free-text data although NLP applications
literature and which we have reported in more detail below. ~ must typically be tailored to speci ¢ problems. They performed
Data quality is the NLP application that aims to improve data extraction comparing manually and automated methods.
data reliability detecting transcription errors, wordsisences The results showed that the discrepancy range observed with
inconsistency, ambiguities in natural language and als@lectronic extraction was comparable to the one obtained by
additional noise from a variety of sources such as missysllin manual abstraction.
and abbreviations 39). Due to these problems the use of medical Another group of researcherg ) stated that to obtain good
Big Data must proceed with caution because it is clear that NLFesults datasets should be properly annotated so they descaib
must deal with data quality problems and try to solve thegf)(  platform, built by De neCrowd, to create high-quality datasets
As a matter of fact, a challenging aspect of NLP in mediciné& NLP and speech technologies domains. Such platform is based
is the disambiguation of abbreviations. Joopudi et al0)( on a work ow that takes text or audio as the rst input and the
trained a Convolutional Neural Network (CNN) to disambigea output of this rst step becomes the input of the following step
abbreviation senses. For example, mg could have two sens@gd so forth. The ideais to con gure a ML service to pre-annetat
myasthenia gravis and milligrams. They used three datasefe data, transforming the next step (done by humans) into a
of which the rst two were created from 1,001 longitudinal validation and correction of the ML service output. Finallget
patient records they received from Cleveland Clinic, Ohio (J)SA di erent work ows enable to obtain a score which assesses the
which contained a total of 117,526 clinical notes. The rstquality of the dataset.
one was automatically generated, the second one was mgnuall In 2017, two Italian researchers, Marcheggiania and Sebast
annotated from the set-aside notes and the third datasetavas(44), devoted their studies to investigate the training data-
publicly available resource created by the team at Univeddity quality e ects on the learning process for the clinical domaim. |
Minnesotd and contains 37,500 instances of 75 abbreviationgarticular, they focused on information extraction systeitisey
with about 500 instances for each abbreviation. They nallychose 2 annotators, one for training data labeling (anrateB)
assessed that the CNN model had the best performances (wigid the other one for testing data labeling (annotator_A).
an accuracy of 0.95) compared to more traditional approachekhey wanted to investigate how the annotators disagreement
like Support Vector Machines (SVM) and Naive Bayes (NB) ir ected the accuracy of the classi cator. The results showed
disambiguating words. that no statistically signi cant decrease was observednwhe
Moreover, a review made by Sun et all)asserts that data the annotator_B had a tendency to overannotate (compared to
in EHR and EMR are diverse, incomplete and redundant. Fonnotator_A, that is considered the standard for this sfudy
this reason, they identi ed several preprocessing steps towiol While a statistically signi cant drop was observed when the
to make clinical data reliable and improve their accuracye§é annotator_B was an underannotator.
steps include data cleansing, data integration, data réatuct o )
data transformation and privacy protection. The rst stagemai  3-1.2. Empirical Work: Typos Correction
to make data cleaner in terms of noise, inconsistency anfteducing word variability can be helpful for any text mining
incompleteness. The second focuses on improving the speed al§¢hnique we want to apply. For this reason it was considered
accuracy of data mining, dealing with heterogeneous dath arfPPropriate to proceed with techniques to correct typing errors
its redundancy. Data reduction is used to improve e ciency (tyPos) that can be identi ed in an automated way.
reducing the size of the dataset (keeping the same informptio
these methods include dimension reduction, quantity reghrg ~ 3-1.2.1. The methods and technologies chosen to solve the
and data compression. The fourth step refers to the conversioProblem
of dataset into a uni ed form suitable for data mining, incing ~ The rst step of our empirical work was to split the text
smoothing noise, data aggregation and data normalizatidve T into words (tokens), deleting the most frequent known words
last step, which is quite critical in medical care systemuiies ~ (Stopwords), numbers and non-ASCII (American Standard Code
methods such as data encryption, privacy anonymity processinfpr Information Interchange) symbols. The latter were proed
and access control. For each of these steps the authors pedserif the transition from the systems used in the hospital to the
several examples of applications. di erent encoding in DataReg.

4http://hdl.handle.net/11299/137703 (accessed August AT)20 Shttps://www.de nedcrowd.com/
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FIGURE 1 | The gure shows the most relevant measures to assessErrors preventior) and improve Errors correction) the quality of a free written text. Errors
prevention can be performed before errors are made (Auto-amplete techniques), contextually (Spell-correction softare) or with a simpli cation, to avoid redundant
information insertion. Error correction can be based on sing similarity, when it is a typing error, or sound similayitwhen it is a spelling error. Disambiguation is used to
nd similar expression on a context-basis. The colored boxesighlight the experimental approach proposed in this artie.

We then counted the words frequency in all the availablelecided to use the distance of Damerau-Levenshtein that also
documents, then we considered the area under the power latakes into account the inversions between letters.
curve of the words frequency in the whole corpus and nally we The words identied were then manually inspected to
assumed that the words occurring in the 80% were correct. verify that there were no association errors, such as units
Among the less frequent words, we checked if they weref measurement (mmol compared to pmol). The ambiguous
present in an Italian vocabulafyand/or in a medical vocabulary, associations have been discarded.
provided by an external consultant of IOG. The residual words In cases where a word was multi-associated (more than
were considered potentially typos. To correct them, it wa®ne match), it was replaced with the most frequent one.
necessary to identify the right words to which they corregphon This condition has occurred because the terms have not been
To do this, we used a distance metric between strings. Firstormalized to their base form: the wrong words would not
we considered the distance of Levenshtein (the so-calléd edhave been recognized, while the more similar forms (plural,
distance) to search, in 80% of the most frequent words, thde  conjugations) would have been lost, making the identi catiaf
distance 1 from potential typos. This means that words thatdi e typos more di cult.
for one letter insertion, deletion or substitution from tlegiginal

arel-{g\lljvl(\j/SrS)éver common mistake in typing is the inversion3'1'2'2'The proposed solution
’ y yping Using the Damerau-Levenshtein distance, a total of 774

of two adjacent letters that, in the distance of Levenshte&n
. . . : misspelled words were foundlable 1 shows a summary of
considered distance 2. If we take into account also this typ )
e rst 10 most frequently wrong words (Total errors) with
of error we could probably confuse some correct words, suc . . . . .
as “hypothyroidism” and “hyperthyroidism.” Therefore it was associated the number of variants identi ed by the algarth
' (Number of variants) and the percentage of the ratio betwéen t
number of typos and the number of times that the word appears
Shttps://github.com/pazqo/scalaWords (accessed September1®), 20 correctly written (Incidence).
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TABLE 1 | Summary of the most frequent errors identi ed in the anamnest even in small clinical settings without many possibilitiegrain
summaries of Endocrinology and Rheumatology. computational-intensive models.
Obviously, the suggested procedure does not guarantee to

Correct word Number of variants Total errors Incidence (%) s : X 8
correct all errors, leaving those with a spacing betweemgsri

Esami 28 147 15 higher than one unaltered. However it is assumed that thases

Discovery 8 134 13 are less frequent and, therefore, negligible.

Somministrazione 6 112 19

Prednisone 9 111 12 . .

Polimialgia 6 106 19 3.2. Information Extraction

Problematiche 25 106 35 3.2.1. Related Works

Osteoporosi 20 103 19 We report inFigure 2a diagram that presents the most relevant

Eratturativa 7 100 11 methods related to the topic of “Information extraction” as a

Terapia 20 08 072 summary of the methods presentin the literature and which we

Femorale 10 04 6.8 have reported in more detail below.

About Information Extraction (IE) we found two relevant and
The rst column indicates the correct word, the second indicates the nmber of variants in recent reviews](7 18). While the rst is focused on radiologic
which the word was found, the third contains the total of the times in whik the word was ts. th ' di I Th . di £ p
entered incorrectly, the last contains the percentage of errors compad to the number of reports, the Secpn IS more general. € m?'ln n. Ing o . ons
times that the same word appears in its correct form. et al. (L7) study is that NLP could be useful in radiology since
radiologists express their diagnosis in free form text that loa
converted in structured data only by using NLP techniques Th
. . review by Wang et al1@) stated that the majority of the analyzed
3.1.2.3. Critical evaluation and future works . studies (between 2009 and 2016) presented NLP applications
We nogced_ that the most frequent errors occurred in Wo_rd_sbased mostly (60%) on a rule-based approach rather than on
of medical jargon rather than in those of common use. This iy although, in the NLP academic domain, machine learning
a potential data quality problem that could a ect the medicaljs considered more challenging. The rule-based approachsneed
texts classi cation. Furtherm.ore, the percentages of wrwpgjs to identify the rules of the named entity from medical textsla
incidence are often quite high and at least not negligiblee T {he ML method, with good performances in recognizing entities
words discarded (marked as false positives) during the mla“”?equires standard annotations training datasét)(

inspection were 3.4% of the total words reported. From these works we extract some relevant research
Below are reported some I.ir.nitati.ons o.fthe.proposed methf)dstudies. Esuli et al.4() tried to apply supervised learning
The number of false positives is quite high, but a possiblg,ethods to extract information from radiology reports (in
solution could be to enrich the initially used dictionaryskip the particular mammography reports). In particular, they proposed
Words with units ef measurement, abbreviations and acro8ymyyo novel approaches to IE: (1) a cascaded two-stage method
typical of the medical lexicon. . . _with clause-level linear-chain conditional random eldsGt
Moreover, in order to x spelling mistakes in an English CRFs) taggers followed by token-level LC-CRFs taggers; (2)
document, one can use the Soundear the Metaphon€ 5 model that uses the output of the previous system as
algorithm, which forms equivalence classes based on phone;'hput to a traditional token level LC-CRF system. They
heuristics. These approaches would lead to the correction ‘%fompared the results of the two ML methods to the annotators
syntactic errors, and not only typing errors. However, thisck tagging: both the systems outperformed in relation to the
of errors are more common in languages phonologically opaqugnnotators according to the nal values of F1 score. On
(such as English), rather than in Italian. The proposed approacthe other hand, the aim of the study conducted by Li
has the advantage of_being,thus, more language-agnostic. gt g ¢9 was the implementation of a NLP-based hybrid
However, Italian is morphologically more complex than gorithm for the detection of discrepancies between digiha
English and allows more exibility in word order4(). In the  prescriptions (structured data) and medications in- clinical
ltalian language, many ambiguities are observed due to thetes (unstructured data). They analyzed clinical notes and
polysemantic nature of many terms. For example, the pagfrescriptions of 271 patients of Cincinnati Children's Hospita

participle of“aiggere” (*a etto”), widely used |n reference 0 \edical Center. The overall method consisted of 3 processes:
pathologies, could be confused with the nafaetto” orwiththe 5\ algorithm for the detection of medical entities, a rule-

past participle of the verta ettare.” This is certainly alimitation  55ed method to link medication names with their attributes
of our work, which nds di erent solutions in literature, maily and nally a NLP algorithm to match the medications with
in the Machine Learning domain. The performances reportedsirctured prescriptions. The performances of the processes
in literature are very promising, but often require a largé @€ \ere assessed by precision, recall &wealue. The proposed
data to train, whilst our approach can be considered readyde- approach showed good performances in medication entity
detection, attribute linkage and medication matching. The
http://creativyst.com/Doc/Articles/SoundEx1/SoundEx1.htm methOd ?‘Chleved 92'4%/90'7_%/91'5% (premsmn/r@s@ﬂ!ue)
(accessed March 01, 2019). on identifying matched medications and 71.5%/65.2%/68.2%
8http://aspell.net/metaphone/ (accessed March 01, 2019). (precision/recallF-value) on discrepant medications.
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FIGURE 2 | The gure shows the most relevant information extraction tebniques available in literature. There is always a rst stepf@re-processing, where
documents are tokenized and differently weighted. One apmach is to extract known entities on a pattern-basis, with rle-based methods. These entities can be
matched to an existing ontology or used to create one, or intaded as a rst step for a machine learning algorithm, which carbe supervised (mainly classi cation) or
unsupervised (clustering). The colored boxes highlight ¢hexperimental approach proposed in this article.

Talking once more about radiologist reports, Tan et alin a code suitable form using for example dictionaries, coding
(49 conducted a study where they tried to build a NLPsystems, inside-outside-beginning (BIO) notation and oept
system to correctly identify 26 lumbar spine imaging ndingsextraction. A systematic review by Kreimeyer et al) @nalyzed
related to LBP (low back pain) on MR (magnetic resonance®6 papers that applied 71 NLP systems to convert unstructured
and x-ray radiology reports. First, they used NLP to extractlinical notes into standard terminologies such as UMLS.
information from text using segmentation, normalization, Named-entity recognition (NER) is a sub-task of information
concept identi cation and negation identi cation, then tlge extraction. Itis used to identify medical entities that bapeci c
developed two kinds of models, rule-based models and Mkigni cance for the treatment (diseases names, symptoms and
models, to identify ndings in radiologists' reports. They drug names). Usually 3 parameters are used to evaluate NER: F-
implemented the rule-based model in Java, looking for keylspr score, recall and precision. In the medical eld NER methaals ¢
de ned as regular expressions (RegEx), and observing if those divided into 3 types: the rule-based approach, the dictipnar
keywords were denied (NegEx). The ML model was implementedased approach and the machine learning approatl). (In
in R (with the caret package), and it used both input functionsparticular, the dictionaries based approach is a techniqué tha
based on the output of the rule-based model (Regex and NegExjeeds medical text annotations and indexing.
plus other predictors. In the testing sample, rule-based and The heterogeneity is an intrinsic feature of EHR data.
ML predictions had comparable average speci city (0.97 an®ivovarov et al.§0) used a large set of heterogeneous data taken
0.95, respectively). The ML approach had a higher averagem EHR, such as diagnosis codes, laboratory tests, and free
sensitivity (0.94, compared to 0.83 for rules-based), andlagn  text clinical notes, to build computational models of diseases
overall Area Under the Curve (AUC) (0.98, compared to 0.9®ased on an unsupervised, generative model (UPhenome). The
for rules-based). system, given a large set of EHR observations, learns piisiabi

The use of dictionaries can help to facilitate the extractiorphenotypes. They compared the Latent Dirichlet Allocation
of concepts, but often do not contain all the slang words (low(LDA) model with UPhenome. The evaluation metrics they
recall) or contain ambiguous terms (low precision). The gofal used to assess the coherence of the identi ed phenotypes with
automated coding is to convert free form text (unstructudeda)  respect to human judgement is NPMI (Normalized Pointwise
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Mutual Information). They found little correlation betweehe Xu et al. 66) mined concepts, classied assertions and
clinician's judgments and the NPMI of the learned phenotypesidenti ed relations from medical records to help physicians
It is possible that the computationally coherent are not altjua in clinical decision making. The overall system consisted of
clinically relevant. many steps. First, the sentences were pre-processed so that NLP
Many studies focused on the analysis of clinical notesools could be applied. Second, the authors used SharpNLP to
structure. They observed that clinical observations agudently mark noun phrases and adjective phrases. After that, a concept-
negated in clinical narratives. An example of NLP toolextractor model, based on conditional random elds (CRF)
for negative sentences detection is NegEx, that is a simpmethod and on BIO notation, was applied to divide the 3
algorithm. It performs better on simple sentences, with 94.5%main concepts: treatment, problem and test. Then, the medical
of specicity (51). Starting from NegEx, another groum%) problems were associated with an assertion class: present,
of researchers tried to improve the performances of negatioabsent, possible, conditional, hypothetical and not assediat
detection in clinical texts. They developed a negation dligor ~ Five classi ers were implemented to classify the assertions. T
called DEEPEN that decreases the number of incorrect ragati results suggested that a rule-based classi er, implemenyed b
assignment in more complex sentences. Compared to NegExanually constructing a large and comprehensive dictionary,
DEEPEN takes into account the relationship between negatioshowed the best performance evaluated with F-measure: @.85 f
words and concepts achieving a reduction of false positivesoncept extraction, 0.93 for classi cation and 0.73 for iielat
(i.e., high precision) resulting in an increment of speciycit identi cation that are good results compared with the state-
the precision values are, respectively, 0.91 (NegEx) and 0.8&-art.
(DEEPEN) as for the pancreatic concepts. In contrast, the Jackson et al5() investigated the feasibility of an automated
performances are not always improved in terms of recall: itnethod to extract a broad range of SMI (Severe Mental lliness)
depends on the dataset they used. symptoms from EMRs. They used TextHunter that is a NLP
It is well known that clinical notes contain information abb  tool for the creation of training data and for the construatio
medical events including medication, diagnosis and advdrag of concept extraction ML models. It is a exible SVM based
events. The extraction of medical events and their atteisut algorithm to extract concepts. The simple annotation integfa
from unstructured clinical texts is one of the most facedenables arapid manual annotation process to create trairaia.d
up topic by researchersc®. An original work (27) stated The implemented model, based on SVM method, extracted data
that the implementation of text-based approaches, comparefibr 46 symptoms with a median F-score of 0.88. This study did
to traditional methods (without NLP techniques), improves not attempt to resolve temporal aspects for predictive modeling
signi cantly the process sensitivity for the identi catioof A study by Carrell et al.59) tries to use NLP to monitor the
medical complications, despite of a small reduction of spéfgi.c  therapies that use opioid. They assess that accurate andblscala
Moreover, the use of Natural Language Processing o ers a momurveillance methods are critical to understand widespread
scalable system than manual abstraction. problems associated with misuse and abuse of prescription
Concerning a similar issue, the work by Tvardik et &4)( opioids and for implementing e ective prevention and control
analyzed EMRs in order to identify HAI (healthcare-associate measures. At the end of the study they concluded that there
infections). Actually, they focused on the implementationare certain information retrieval tasks for which neithefudly-
of semantic algorithms and expert rules. The results o&utomated NLP system nor traditional manual review aragatliy
the automated detection were compared to the referenckeasible, but which can be accomplished using a hybrid strategy
standard. In particular, the overall pipeline is made up of 3of NLP-assisted manual review.
processing steps: the rst is a terminological normalization Zeng et al. §9 developed an open-source, reusable,
that includes a concept extraction tool (ECMT v2). Thecomponent-based NLP system called HITEx (Health
second stage involves a semantic analysis with the help bfformation Text Extraction), based on open-source NLP
the platform called MediParser. Finally, the pipeline includesramework (GATE). The overall pipeline consists of several
an expert knowledge processing that performs temporatomponents: starting from a section splitter of the medical
labeling and section classi cation. The method showed goodecords the process continues with a sentence splitter and
performances, with an average accuracy of 83.8%, a speci cigkenizer. The next step includes the POS (part-of-speech)
of 84.2% and an overall sensitivity of 83.9%. Finally, itagger and the mapping of the strings of text to UMLS (Uni ed
was found that inaccurate temporal labeling was the mostledical Language System) concepts. The last steps of the process
frequent cause of classication errors. On the contrary, dnclude Negation nder, N-gram tool, Classier and Regular
study conducted by Branch-Elliman et ab5 demonstrated expression-based concept nder. Their goal was the extractio
poor performances for the detection of the real-time CAUTIof principal diagnosis, co-morbidity and smoking status o915
(Catheter-Associated Urinary Tract Infection) with a NLP discharge summaries. The results, compared to a human-create
algorithm (data extraction and processing) compared to stadd gold standard, showed that the overall accuracy was in thgaa
surveillance results (manual). The problem was probably @e@ct of 70—90%, generally comparable to other similar NLP systems.
by language patterns that are local to a specic setting Two groups of researchersd,(60) proposed a dierent
where the model has been trained. On the other hand, thepproach that consists in reusing existing NLP applications
implemented NLP system was most useful for the identi cationand adapting them to new challenging tasks. The aim of
of clinical variables. the study by Khalifa et al. was to identify cardiovascular
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risk factors in narrative clinical records. They de ned 8with arecall of 91.54% for the TE identi cation. They congielg
categories of information that represent risk factors folafie 1820 temporal expressions in 120 clinical narratives. Coriicgrn
disease. The researchers presented the results achievedtdaypporal relation identi cation from clinical notes, Nikfg@m
implementing 2 existing tools based on the Apache UIMAet al. (9 realized a system that discovers patterns in sentences
(unstructured information management architecture): Tex to extract temporal links. They showed that the combinatidn o
Analysis and Knowledge Extraction System (cTAKES) andraph inference and ML-based classi cation is a good method to
Textractor 61). The cTAKES is an open source modular systenidentify the relationships between TE. The overall perforoceof
of pipelined components combining rule-based and machinghe system was assessed in terms of F-measure (0.64), precisio
learning techniques aiming at information extraction frotime  (0.71), and recall (0.58). Moreover, this technique is domai
clinical narrative 62). It can be used to preprocess clinical textindependent, so that it can be applied in other contexts.
and to classify the smoking status. The identi cation of @hic Research in the eld of structuring EHRs is very activg, (
disease mentions is carried out by the dictionary-basettdpo especially with Deep Learning technigues. In recent years
component of Textractor. Eight quality measures were eithc Deep Learning has started to be widely used in the Machine
with high performance, achieving F measures 0.90 at each site Learning domain thanks to his power to explore data
Structuring medical records is often carried out througleth deeply. For example, Neural Networks (NNs) are excellent in
construction ofad hoontologies for the individual departments, extracting relevant patterns from sequence data. In a study
in a restricted domain, with a strong interaction betweertios  involving Mount Sinai data warehouse patients6( wanted
and data experts. There is a trade-o between completenes® demonstrate the importance of feature selection and data
quality and completion time for any type of standard and,representation to obtain the best possible predictive and
necessarily, of the three dimensions it is possible to obtain &lassi cation performances. They proposed an unsupervised
the same time only two. The medical domain has over onéeature learning (called “DeepPatient”) to automaticadlgntify
hundred di erent standards, which over the years have tried t patterns and dependencies in the data by a MLP (Multy Layer
cover all the knowledge of the sector, but without ever beiblg  Perceptron). Then they evaluated the system using 76,214
to provide a global and satisfying vision. A systematic ngvie patients of the data warehouse in two applicative clinical
by Vuokko et al. {9) states that the most studied structuring tasks: disease classi cation and patient disease taggiraptin
methods aimed to convert unstructured data into UMLS,tasks the DeepPatient technique showed better performances
International Classi cation of Diseases (ICD) and Systéreal in terms of AUC (0.77), accuracy (0.93), and F-Score (0.18)
Nomenclature of Medicine (SNOMED) codes. As a matter otompared to more traditional approaches such as PCA (Principal
fact, many groups of researcher83¢66) tried to develop a Component Analysis), GMM (Gaussian Mixture Model) and
method, based on NLP techniques, that automatically assigiK-Means. Actually, deep learning and in particular CNNs are
medical codes to clinical concepts, because manual codimg cable to detect deep relations between data. For example, Luo
be noisy and not very fast. For example, Perotte ett&). fuilt et al. (/1) proposed a work in which they use Segment-
an automated NLP application based on ICD9 codes. First, the§NNs (Seg-CNNs that is a variation of CNNs) to classify the
studied ICD9 diagnoses codes and they analyzed many dischamglations from clinical notes. Indeed, there are some ssidhat
summaries. The results showed that a hierarchical claasbn  assessed that it is important to not only identify the conceptu
behaves better than a at classication (that considers theentities but also the relationship between these concépts’).
codes as independents) with F measures of 39.5% and 27.6Pfae research uses the i2b2/VA relation classi cation chnaiée
respectively. The goal of another research gro6f) (vas to dataset and they showed that Seg-CNNs achieved stateeedrth
improve the performances of automated encoding. They used@erformances on relation classi cation without previous mahu
supervised learning approach to assign diagnosis codes (ICD@ature engineering.
to alarge EMRs dataset. They experimented three base classi er
Support Vector Machines (SVMs), Logistic Regression (LRB.2.2. Empirical Work: Structuring Texts
and Multinomial Naive Bayes (MNB). Moreover, the results ofThis section deals with the structuring of Hospital Discharg
Baumel's study on ICD9 codes showed that careful tokemimati Registers (HDR) of San Siro, an hospital from the same group,
of the input texts and hierarchical segmentation of the ovigi present in the database in the form of blobs, following the
document allow to yield the most promising resulés). example of those of Galeazzi, coming from the specialty of hip
We move from the extraction of single concepts, to theand knee.
extraction of durations and frequencies of the therapiesmfr
the extraction of temporal events (TE) to the extraction 0f3.2.2.1. The methods and technologies chosen to solve the
relationships. Many groups of researcheis{70) studied howto problem
automate these speci ¢ processes. In particular, I€eva et al.  Since the texts were not labeled in the San Siro systems,
(67) developed a method that automatically recognizes TE andie trained a model on the IOG data. Each section was
assigns 3 attributes: value (using ISO representation) (fjipge,  split into sentences and assigned to one of the previously
Date, Duration, or Frequency) and modi er associated. fFofs  identied parts. This partition was based on the available
all, the narratives were pre-processed with a rule and dietipgh  punctuation. More ne and complex systems (able to recognize
based algorithm. Then, TE were extracted and normalized, dke parts of the speech and the syntactic structure of
before said. The results showed a good value of F-score8%0.0 the sentence) were not used in order to speed up the
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process. The number of sentences resulting for each sectiolomain adaptation{7) could become a serious issue if di erent

are: guidelines and templates are in use in di erent hospital seing
Anamnestic summary (8,293 sentences) 3.2.3. Empirical Work: Named-Entity Recognition
Diagnosis speci ¢ treatments (3,098 phrases) In this paragraph we will discuss about how to train a model
Pharmacological therapy (3,553 phrases) in order to extract interesting entities, which is useful the
Rehabilitative program (4,778 sentences) structuring of texts and their tagging.

Others (48,232 sentences)

We performed the usual tokenization operations and the tex8-2-3-1. The methods and technologies chosen to solve the
cleaning from stopwords and errors described in the previouslypmb'em
The sentences were then transformed into vectors using tHdamed Entity Recognition refers to the application of pre-traine
Doc2Vec {6) technique. The available texts have been splifnodels for the extraction of concepts. Several software were
into train and test set (80:20 ratio). The classication wasconsidered for this activity, including Stanford CoreNLPS),
performed considering a class of interest vs. all the othene ( Tint (79, and SpaCl. The common problem is the di culty
vs. all). A logistic classi cation was applied, using the Gémn in extracting precisely the most interesting entities for tese
package in R in question, such as medical jargon. To overcome this problem
Initially, we considered the classes with the actual propoti it was decided to use a transfer learning algorithm, so weseho
(unbalanced), then we implemented a classication withSPaCy. Unlike Stanford CoreNLP and Tint, that use Conditional
balanced training set. In the latter case, the class oféstewas Random Fields, SpaCy is based on a neural network model with

represented at least at 40% in the training set, while in teestet Attention!!. The model allows to replace the last training layer
the proportions were still the original ones. with a customized one and, with a few signi cant examples,

The model training was performed with 10-fold cross-it allows to learn new entities, such as drugs, quantities or
validation on the training set, in order to reduce the vagan diseases. For this reason, we tagged with the new entitiés 40
In the glmnet R package cross-validation, stratied randomtexts for training and 50 for the test drawn from the anammest
sampling is applied, to balance the distribution of targetstss Summaries of Endocrinology and Rheumatology. The tagging
between the splits. was done with the Brat softwar8(), with the BILUO schem¥.

To avoid that SpaCy, after the new training step, would forget

3.2.2.2. Methods to evaluate and compare alternative the previously Iearneq tags ("e'Z .catasFrophlc forggttlngus
solutions recommended to continue the training with the addition ofwme

To compare the solutions we assessed the performance of thaegs, together with those previously identi ed by the algum.

two models in terms of Area Under the receiver operating3 2.3.2. Methods to evaluate and compare alternative
characteristic (ROC) curve (AUROC). S.0|L.Jti.OI’IIS

Once we trained the new model, the confusion matrix was
3.2.2.3. The proposed solution extracted for the new entities, considering them individyal
Below we report the results of only some representativeompared to the total amount of the extracted ones.
categoriesFigure 3shows the ROC curves and the performances  Since we considered that the new extracted tags were more

achieved by the two models. important than those previously proposed, we made an attempt
to train with voluntary catastrophic forgetting, in order to
3.2.2.4. Critical evaluation and future works improve performance on the entities of interest. The training

We found that the model with balanced classes performed bettavithout catastrophic forgetting was done with 250 iteragon
in predicting the class of the sentences compared to the modulhile the one with the catastrophic forgetting with only 100,
with the original proportions, despite it was trained on lessada because it converged faster.
Our model reaches values similar to other works, such as Tan
et al. @9, but with the advantage of skipping the demanding3-2-3.3. The proposed solution
pre-processing rule-based part performed by these authors. ~ First, we extracted the entities by SpaCy in its basic verfstn

A limitation of the proposed solution is that it was not @nanamnestic summary of Endocrinology and Rheumatology.
possible to test it extensively on the data from the San Siro We report below the confusion matrices created by the model
information systems. Indeed, we have been provided with onl{fained on all the entitiesTable 2A) and the one with only three
few Copies of HDRS, which do not make possib|e a Signi Can?ntities of interest-(able 23 “All” indicates the set of all entities
statistic for the evaluation of the actual classi catiomget. In ~ Other than Drug, lliness and Quantity, while “Null” indicate
fact, the reported performances refer to tests on the documentintagged entities. The chosen entities are reported in theece
coming from I0G. However, we believed that the lexicon anel th Of the matrix.
writing style of San Siro's documents may be quite similat, b

10https://spacy.iol (accessed October 10, 2018).
Uhttps://explosion.ai/blog/deep-learning-formula-nlp (accessedtober 10,
https://www.rdocumentation.org/packages/gimnet/versior@/26/topics/ 2018).

glmnet (accessed October 10, 2018). 12https:/Ispacy.io/api/annotation. (accessed October 108201
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performances achieved by the two implemented models.

Table 3 shows the results obtained divided by class. Werained for the Italian language, which is a corpus of thouwsan

evaluated sensitivity, speci city and accuracy considgramly
the three tags of interest. It is therefore intended that tNell”

of editions of the newspaper “Gazzetta dell'Alto Adige.” Weeha
seen how the training based on the selected entities led to a

and the “All” are considered the same, because the “All” ate ndotal forgetting of the labels normally assigned by the niobe

considered relevant to evaluate the model. The results s@an
accuracy of 0.88 in the case of the training without catgdtro
forgetting and a performance of 0.89 in the other case.

general, this is not desidered, even though many of the prelyou
recognized entities did not seem appropriate. In any case, the
highlighted model, although it is not very powerful it enables

In the case we would consider that even the previously taggecansfer learning, which instead produces promising results.

entities were important, the situation would change dreatic
the total accuracy without catastrophic forgetting is Ok, with
catastrophic forgetting it becomes 0.Table 4shows the details
divided by class, focusing on the “lost” tags: anything tkatot
the three entities is classi ed as one of them or it is not silasl
at all.

3.2.3.4. Critical evaluation and future works

It is clear that more complex model in literature may perform
better, but we stress once again the relatively small e ort to
achieve State of the Art-level performances without big dateal
datasets. In comparison to rule-base methods, we propose a
model which can be pre-trained to completely di erent datasets
overcoming the di culty of the scarcity of annotated datase

Furthermore, there are several issues for future reseduath t
this work leaves open. First of all, a fundamental passage on

Considering the proposed solution, it is clear how it was pdssib which it will be necessary to dwell in the case of the concept
to re ne the extracted entities compared to the model withoutextraction will be the management of negatives. There are
transfer learning. The main problem of the pre-trained modelalgorithms and many literature contributions on this speci
application is the great di erence between the essential stfyle eld (52), but it is a challenging task, especially in languages like
the medical texts, compared to the one on which SpaCy wdgalian, which admits various constructions for sentencesl a
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TABLE 2 | Confusion matrices resulting from transfer learning.

A

Predicted
True value All Disease Drug Quantity Null
All 1251 10 17 2 192
Disease 7 143 0 0 47
Drug 16 0 128 0 7
Quantity 0 0 0 56 36
Null 137 33 51 10 8
B

Predicted
True value All Disease Drug Quantity Null
All 0 16 25 2 1492
Disease 0 149 0 0 48
Drug 0 2 137 0 12
Quantity 0 0 0 68 24
Null 0 38 54 18 8

The table above is referred to the application of transfer Learning on alhtities (without
forgetting), while the table below is referred to the application of transférearning on the
entities of interest only (with forgetting).

TABLE 3 | Sensitivity, Speci city and Accuracy of the models obtainedafter the
transfer learning on the anamnestic summaries of Endocritegy and
Rheumatology, without forgetting (NF) and with forgettin¢F), considering the
three classes of interest with respect to all the others, ckses not interesting for
“non-classes.”

Disease Drug Quantity Other

NF F NF F NF F NF F

Sensitivity 0.72 0.76 0.85 0.91 0.61 0.74 0.93 0.90
Speci city 0.97 0.97 0.96 0.95 0.99 0.99 0.74 0.81
Accuracy 0.95 0.94 0.95 0.95 0.97 0.98 0.89 0.88

TABLE 4 | Sensitivity, Speci city and Accuracy of the models obtainedafter the
transfer learning on the anamnestic summaries of Endocrifagy and
Rheumatology, without forgetting (NF) and with forgettingF), considering the
three classes of interest with respect to all the others andNot classes.”

Disease Drug Quantity All Null

NF F NF F NF F NF F NF F

Sensitivity 0.73 0.76 085 091 060 074 085 0 003 0.07
Specicity 097 079 095 074 099 094 068 1 076 0.19
094 078 095 080 097 089 081 020 075 0.8

Accuracy

3.3. Sentiment Analysis and Predictive

Models

3.3.1. Related Works

We report inFigure 4a diagram that presents the most relevant
methods related to the topic of “sentiment analysis” and in
Figure 5those related to “predictive models” as a summary of the
methods present in the literature and which we have reported in
more detail below.

Sentiment analysis is used to extract information from chithic
texts or to judge the impact of a medical condition on patients.
The development of this topic can be used as an additional
feature to predict the patients' health status. This is whys thi
concept can be related with the implementation of predictive
models.

Many reported studies showed that predictive models were
usually applied independently from sentiment analysis in
clinical narrative applications. For example, Dagliati et &ll) (
used dierent classi cation models applied to EHR data to
predict diabetes complications such as retinopathy, nephropathy
neuropathy at 3, 5, and 7 years from the rst visit. The
performances of the models were evaluated with a leave one
out validation strategy. The study revealed that the Lagist
Regression used for a 3 years prevision is the best model choice
to be translated into clinical practice, compared to NB, SVM an
Random Forest (RF). In particular, the values of the AUC for the
retinopathy prediction are 0.75, 0.61, 0.48, and 0.51, reispégt
for LR, NB, SVM, and RF.

Another application of predictive methods on clinical texts is
developed by Choi et al8p) that attempted to predict the onset

the use of double negatives. In addition, it may be helpful tof HF (Heart Failure) using longitudinal structured patietiata
consider, in addition to the single words and their combioas  such as diagnosis, medication, and procedure codes. Tenitgoral
in bigrammes, also the N-grams, in the sense of groups ofsette of HF onset is fundamental for the research. In actual fact,
This is particularly useful in identifying similarities he¢en the study highlighted the power of RNNs (Recurrent Neural
otherwise di erentterms, such as in the case of pre xes or sesx  Networks) to take into account the time variable to predidufie
(for example, “farmacoterapia’ vs. “chemioterapia”). events compared to traditional machine learning models. The
The next step should be to obtain a ner structure of results showed that the AUC for the RNN model was 0.78,
patients' data: once the entities are extracted, they shoultbmpared to AUCs for LR (0.75), multilayer perceptron (MLP)
be placed in relation to each other, associating the drugsyith 1 hidden layer (0.77), SVM (0.74), and K-nearest neayhb
guantities and diseases correctly. The structuring coalttioue  (KNN) (0.73).
in the creation of databases containing the surgery data of The aim of the study conducted by Agarwal et &3)(was
the patients, on which it may be easy to perform queriesto predict the readmissions of chronic obstructive pulmonary
The most suitable format for such varied data seems to be disease (COPD) patients analyzing clinical notes. The United
document database, like MongoDB, which favors the patientStates health system penalizes excessive readmissionsalsospit
centrality and contains the highly di erentiated data fouimdthe  for excessive 30-day COPD readmissions. The data used
texts analyzed. to test this system consist of 1,248 clinical notes from
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FIGURE 4 | The gure represents the most common steps to perform and evalate sentiment analysis. After a pre-processing phase, whredocuments are divided
into words and normalized, Lexicon-based and Machine Learng-based approaches are described. In the rst group of methals, each word may have a polarity,
which can be modi ed by the surroundings. In the second group, he whole sentence is assigned with a sentiment, on the basisfamther sentences, adapted from a
similar domain The colored boxes highlight the experimentapproach proposed in this article.

COPD patients over the period of 5 years, that have been The group of Sabra et al.8%) proposed a Semantic
labeled with the note “readmission,” “not readmission” byExtractor (SE) to identify hidden risk factors in clinical
annotators. They applied four classi cation methods (KNN,notes and a Sentimental Analyzer (SA) to assess the
SVM, NB, and RF) and they evaluated each model calculatirggverity levels associated with the risk factors and nally
the AUROC and model creation time (the average of 1Omake a diagnosis. Their purpose was to implement an
times). Actually, the application of NB model resulted inopen resource in order to be applied for many diseases.
a better performance, with AUROC equal to 0.69 whileln particular, this study aim was to predict venous
maintaining fast computational times. Accuracy in thisthromboembolism (VTE) analyzing semantic and sentiment
case can be misleading because of the unbalance of time patients' clinical notes. Their sentimental analyzer sd
two classes. the correct sense of an adjective or an adverb, then it labels
As before said, a challenging task can be the combinatioit with either increasing or decreasing criticality. They
of sentiment analysis and predictive models. Recent researelaluate 120 clinical narratives, of which 62 are labeled
by Van Le et al. &§4) rated presence or absence and frequencps positive for VTE, with three metrics of evaluation:
of words in a forensic EHR dataset, comparing four referencPrecision, Recall and F1l-measure that, respectively,
dictionaries to predict the risk of violence in psychiatry gatis. correspond to 81% for the SE and to 70%, 60%, 50%
They tested 7 di erent machine learning algorithms (Baggingfor the SA.
J48, Jrip, LMT (Logistic Model Trees), Logistic Regression, Linea McCoy et al. 86) performed sentiment analysis on hospital
Regression and SVM) combined with all the dictionaries tadischarges of more than 17,000 patients. Their aim was to
identify the best method. SVM and LMT in conjunction with identify the correlation between sentiment in clinical ngte
sentiment dictionary showed a better accuracy (respectv@¥ and the risk of hospital readmission. In particular, they used
and 0.75) of risk prediction compared to the others (fromPattern, an open source implementation of lexical opinion
0.64t0 0.70). mining developed at the University of Antwerp. In brief, this
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FIGURE 5 | The gure represents the process of creation of a predictive radel, mainly focusing on classi cation. Models can be sele@d on some prior
considerations about the value of temporal order of infornmtion (stateful or stateless) and to reduce variance when datavailability is scarce (ensemble methods). The
extracted features are engineered and selected and, thenhe model is trained on a subpart of the dataset. Performancera evaluated, depending on the goal of the
model (sensitivity vs. speci city) and the target class remsentation in the dataset (accuracy vs. AUROC or F1-measuyeThe colored boxes highlight the experimental
approach proposed in this article.

method depends on matching words and phrases to an include8.3.2.1. The methods and technologies chosen to solve the
lexicon of nearly 3,000 words annotated for polarity, sutdyég,  problem
intensity and negation. In this approach unrecognized words$n order to extract the sentiment from the comments of
(those not included in the lexicon) are ignored. Resultpatients regarding their health and to create alerts on péssib
showed that greater positive sentiment predicted reducedlarming conditions,itis rstnecessary to discriminatettopics
hospital readmission. Moreover, the automated charactéoza of the comments.
in terms of sentiment, demonstrated dierences between Actually, they can be divided into two macro categories:
socio-demographic groups. on the one hand, those relating to the service, identi abde a
customer satisfaction; on the other hand, the Patient-Regubrt
Outcomes (“outcomes”). Going deeper, the comments reggrdin
3.3.2. Empirical Work: Sentiment Analysis satisfaction can be distinguished between comments on the
In this section we want to analyze comments on speci diospital service (such as cleaning and schedules: “hosgifalit

topics, with the aim of creating alerts based on potentiallgnd those on the clinical side (such as missing information,
negative sentiment. displaced examinations and nurses' availability: “nursing”
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FIGURE 6 | In the pie chart(A), we report the proportions of comments referring to satisfation, divided between hospitality theme (orange) and nuisg theme
(magenta), with respect to those related to outcomes (green In bar charts(B), for each of the categories identi ed, the number of negativgred), neutral (yellow) or
positive (blue) comments is highlighted.

In order to establish aground truththree di erent people existing models, no training or tuning was done to establish t
labeled the sentiment of the comments (positive, negative@ anoptimal thresholds.
neutral) and the classes to which they belong (hospitalitysimg The overall performance was assessed in terms of accuracy,
and outcome). The eventuality of “no comments” was not takersensitivity and speci city.
into account.
The nal class has been assigned considering the mode afteB.3.2.3. The proposed solution
veri cation of a high enough Krippendor alpha (0.69). The exploratory analysis on the distribution of the assigned
Once divided by type, we applied two di erent techniquestags is shownFigure 6 shows the distribution of the assigned
to verify the sentiment. First we counted negative and pasiti labels, considering the categoffyidure 6A) and the sentiment
words by using the Vader libraty. In addition to the single (Figure 6B).
word, the library also considers the bigrams, that couldngea By performing a proportion test between the total of the
the meaning of some words such as in the case of “not improvedsatisfaction comments and the outcomes comments, we noted
Second, we used a corpus of pre-labeled tweets based it there is no signi cant di erence between the two part$(=
sentiment®. This means that we had a general corpus, frons.424p-value = 0.066). The same test on the two subparts of the
which it was possible to extract identi able patterns evertwriit comments on satisfaction, however, showed that the imlzcaan
the patient's comments. toward negative comments for hospitality was signi cant,ileh
In this second case, we created Bag of Words weightatie nursing service collected more positive responses <
with TF-IDF, after the usual tokenization, the removal oeth 10.123p-value = 0.006).
stopwords and, in this case, also the lemmatization. We used For the classi cation of sentiment words counting, the outpu
neural networks and we chose the following hyperparameters favas a continuous variable ranged from -1 to +1. We considered
the training: a maximum number of 1,000 iterations and a steghe outputs less than zero as negative commehigure 7A
of 0.001. In both cases, we considered a binary classiraiio shows the accuracy, sensitivity and speci city trend depeqgdi
which the class of interest consisted of the negative contsnen on the threshold.
compared to all the others (positive and neutral). In the case of the classication starting from tweets, the
Since the library and the labeled data were in English, ptgtien threshold was set to 0.5, since the predicted variable hadgera
comments were previously translated using the Google Tat@s| from 0 to 1.Figure 7Bshows, also in this case, the trend of the
API (Application Programming Interface). main evaluation parameters depending on the threshold.
Table 5 shows the correlation values between the predicted
variable and the labeled sentiment and also the speci ¢ vaities
3.3.2.2. Methods to evaluate and compare alternative accuracy, sensitivity and speci city obtained with thesedels.
solutions
We evaluated the two proposed solutions comparedt@toeind 3 3 2 4 critical evaluation and future works

truth of the manually labeled comments. In both cases, all thegnsidering all the parameters evaluated, the winning model
available comments were used as a test, because in the gst Cas the one based on the counts of words provided with
the model was already provided by the library, while inth@sec  sentiment. All three values were above 70%, allowing theiorea
case the training set consisted of tweets. Since our AimaEEt  f glerts on potential health risks without creating too mdalge
alarms (good speci city), or neglecting too many potentiakss

B3https://github.com/cjhutto/vaderSentiment (accessed Oetdlf), 2018). (gOOd sensmvny). i i
Uhttp://cs.stanford.edu/people/alecmgol/trainingandtestdiia.z . The model based Qn tweets was penalized for di erentreasons.
(accessed October 10, 2018). First, the language is much more free and slang. Second, the
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TABLE 5 | Comparison of the main performance parameters of the two di erence threshold, indicated as a delta of at least 11.5
proposed models. points (88). Based on this splitting, there were 42 non-improved
patients and 189 improved patients (18% non-improved and

Model 1 (counts) Model 2 (tweet) .
82% improved).
Correlation 0.58 0.19 The available data for the prediction come from the scores
Accuracy 0.72 0.63 of the other pre-operative questionnaires lled by the patgent
Speci city 0.75 0.61 (36-items Short Form, Fear-Avoidance Belief Questiormair
Sensitivity 0.71 0.66 Core Outcome Measure Index), as well as the answers

given to a surgical questionnaire, the surgery forms [Spine
Tango @9)]. The latter contains all the most important

training set presented only positive and negative classemtpa information on the surgical procedure, on the techniques
out the neutrals. The same model, tested just on positivésed, on the comorbidity, on the details of the disease. In
and negative comments, presented an accuracy of 85%, bafldition, some personal details were included, such as the
it would not be applicable to real cases, where there are al§ignder of the patient, the age at the time of surgery or the
comments with neutral sentiment. Therefore, inordertoirope  BMI (Body Mass Index), but also other variables, such as
performance, it would be useful to identify a training settable ~ the duration of the surgery or the month in which it was

to the need. performed. All the checkbox answers were coded with one-

A limitation for both the models proposed was the need tohot technique, while the radio buttons were considered as
translate the original texts into English. As a future wotlke ~ categorical variables.
impact of translation must be assessed. Specic vocabularies The dataset was then split into training and test set in a
for Italian will be evaluated, or tweets (or reviews or ojher 75:25 ratio, either randomly, or trying to balance the tiamset
already labeled in our language and, possibly, also inclutiieg through undersampling, keeping the original proportions only in
neutral label. the test set.

In addition, both the approaches consider common words After that, we standardized and normalized the continuous
polarity only, and never consider the “medical polarity”. Ither ~ values of the questionnaire scores and we deleted the wutlie
words, they would not rate a cancer-related drug worse than &his step was applied only after the split between training
in uence-related one. The creation of a similar dictionavpuld ~ and test set to avoid the Data Leakad#)(phenomenon:

be welcome in this eld. the involuntary introduction in the training set of part of
the test set information, which would otherwise have been
3.3.3. Empirical Work: Predictive Models taken into account in the calculation of minima and maxima,

In this section we can see how, starting from structured dita averages and standard deviations for normalizations and
is possible to move on to more advanced analyses, such as standardizations.
prediction of some signi cant variables. For the selection of attributes, we rst evaluated colliriga
deleting those with correlation above 0.95. Then, a feature
3.3.3.1. The methods and technologies chosen to solve the selection method based on decision trees was applied, using
problem Weka's WrapperSubsetEval.
Considering the structured data collected from 2013 to the We considered appropriate to manage missing data through
present-day of Hip and Knee prosthetics and from 2015mputation techniques due to the lack of data. The percentdge o
to today of Spinal surgery, we developed predictive modelsissing data was below 5%, but the di culty in keeping patients
on the evolution of pathologies. The target variables tan follow-up and the training set undersampling made every
predict were the scores of the forms completed by theingle record valuable. The chosen imputation technique vas t
patients, the so-called Patient-Reported Outcome MeasurédNN, with K = 1. After the missing values imputation, a manual
(PROMSs), considered in a temporal step immediately followingnspection of the surgical report allowed us to assess that the
the surgery. values entered were correct.

For the part of Spinal surgery, patients of herniated discs were We made various attempts using di erent models, including
considered, both because they are a fairly large homogseneolF, SVM (SMO in Weka), and NB. We performed di erent
population, and because the post-intervention improvemenkind of features manipulations: the continuous attributesreve
is rapid enough to allow stabilization already in 3 monthskept the same or discretised (e.g., in age groups) while the
(Figure 8). categorical ones (radio button) have been kept the same

For this part we used the Weka software87, or replaced by dummy variables (also to evaluate the e ect
both for the preparation of the attributes and for the of sparsity). Due to data quantity problems, we chose the
actual training. hyperparameters of each model with cross-validation diyectl

The Key Performance Indicator (KPI) that we wantedon the training set without using a tuning set. For the Support
to predict was the improvement of the Oswestry DisabilityVector Machines we used a polynomial kernel, for the Random
Index (ODI) 3 months after the surgery, compared to theForest we selected 10 features and 350 trees and for the
pre-operative condition. We split patients in improved andBayesian model we kept the default settings proposed by
not improved, based on the minimum clinically signicant the program.
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FIGURE 7 | (A) Trend of accuracy, speci city and sensitivity according to lireshold variations of sentiment predicted for the model @ated by word counts. (B) Trend
of accuracy, speci city and sensitivity according to threslold variations of sentiment predicted for the model createdhrough training on tweets.

FIGURE 8 | The time course of the ODI score for patients with herniatedidc is shown. This index refers to a disability, so 0 indicatethe optimal condition, 100
indicates total disability. The black line superimposed othe boxplots refers to the average of the scores, with a 95% co dence interval.

The training continued by creating the nal model with 5-fbl In addition to the sensitivity, which can provide a
cross-validation, to keep at least 10 samples per fold. Atride e misinterpretation of the performance, we also computed
of the training, the performances of the models obtained wer¢he area under the ROC curve.

compared and the best one was selected.
3.3.3.3. The proposed solution

The rst ve attributes considered the most important by the

3.3.3.2. Methods to evaluate and compare alternative . .
feature selection are:

solutions
Given the imbalance of data toward improvement, the metricl. The presence of degenerative diseases as an additional
considered the most useful for model evaluation is sensitito pathology;

maximize the number of true positives (i.e., not improved). In2. Conservative treatment for more than 12 months;

addition, false negatives have a higher cost than falseiypesit 3. The resolution of peripheral pain as purpose of the
it is less costly to intervene on someone who would not need it intervention;

rather than to not intervene on someone who risk a worseningt. The use of back rigid stabilization techniques;

and a potential failure of the surgery. 5. The pre-operative score of the ODI.
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FIGURE 9 | (A) Shows the Sensitivity and(B) shows AUROC of the models for the prediction of the improvemet in terms of ODI in patients of disc herniation. We
report in order: Balanced Bayesian model, Unbalanced Bayéasn model, Unbalanced Support Vector Machine, balanced Suport Vector Machine, unbalanced
Random Forest, balanced Random Forest.

Figure 9 shows the averages and con dence intervals producettials (91). Moreover, another problem is that building cohorts
by the cross-validation of the Sensitivity performancefor epidemiologic studies usually relies on atime-consunging

(Figure 9A) and the area under the ROC curveigure 9B). laborious manual selection of appropriate cases.
There are many works that face this topic trying to extract
3.3.3.4. Critical evaluation and future works information from EHR to select a specic patients cohort

Considering the two proposed parameters at the same timeutomatically 4, 92-96). The study conducted by Liao et ad)(
the model that had the best performances was the Naive Baysisowed that the addition of NLP techniques to structuredadat
trained on an unbalanced dataset. The reason could be thahproved the classi cation sensitivity compared to algorithm
the undersampling applied to balance the classes caused a htlgat use only structured data.
reduction of the number of training data. Another example (despite this is not strictly related to clithica
The better performance of the Bayesian model could berials) is the research by Sada et @7)(that tried to identify
explained by the nature of the variables: except for th@atients with HCC (hepatocellular cancer) using directly EHRs.
pre-operative ODI, the variables after feature selectionewerReports were rst manually classi ed as diagnostic of HCC or
mostly categorical. Bayesian models are often used in text®t, then NLP techniques by the Automated Retrieval Console
classi cation, especially because they are very e ective i(ARC) were implemented to perform a classi cation of the
predicting categorical data. documents using the Clinical Text Analysis and Knowledge
The main concern in evaluating our solution, in comparisonExtraction System. The results showed that the classi natio
with the others proposed in literature, is that each researobiyg  performance improved using a combined approach of ICD9
focuses on its own dataset and this makes it di cultto e ecly  codes and NLP techniques.

judge if an approach is better than others. EMRs can be used to enable large-scale clinical studies. The
aim of the research conducted by Kumar et &@8)(was to

3.4. Automatic Patient Cohort Selection create an EMR cohort of T2D (type 2 diabetes) patients. NLP

3.4.1. Related Works was performed on narrative notes using the previously desdribe

We report inFigure 10a diagram that presents the most relevantplatform called cTAKES that extracts medical concepts. Then,
methods related to the topic of “cohort selection” as a sumnedr  a logistic regression algorithm was implemented to perform a
the methods present in the literature and which we have regbrteclassi cation using codi ed data (ICD9) and narrative NLR(t@.

in more detail below. The results showed a good identi cation of patients' coharith
As above said we will brie y talk about “automatic patienta 97% of speci city and 0.97 of positive predictive value (PPV).
cohort selection’ for clinical trials. An important step ifirgcal Clinical research eligibility criteria specify the medical,

trials is the selection of patients that will participate to thedemographic, or social characteristics of eligible clinical
tests. As a matter of fact, patients are selected randomly amdsearch volunteers. Their free-text format remains aisignt
this is the rst problem to obtain valuable results in clinica barrier to computer-based decision support for electronic
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FIGURE 10 | The gure represents a schematization of cohort selection. &er an information retrieval process, concepts are mappedo standard medical
classi cations and used to select the relevant EHR.

patient eligibility determination. EliXR is a semi-autoradt di erent techniques or approaches. For example, balancing the
approach, developed by Weng et aR9) that standardizes training set sometimes improves the classi cation perform&nc
eligibility concept encoding, through UMLS coding, and(e.g., in the classi cation of the discharge letters), whilethers
allows syntactic parsing to reduce complexity of patternsit worsensit (e.g., in the outcomes prediction). We also hittl
The generated labels were used to generate semi-structuretthe importance of data preprocessing that is a large part of

eligibility criteria. creation-modeling pipeline, for example the noise reduction, the
creation of bag-of-words, the feature selection and theaesh
4. DISCUSSION of outliers.

What's remarkable is that we can develop complex model§. FUTURE WORKS AND CONCLUSIONS
depending on the quality and the quantity of the availableadat
Starting from unstructured data (e.g., discharge letters)have As said in the Introduction, Big Data does not only refer to
seen how, using a basic model, it is possible to structure the quantity of data but also on quality (veracity) and vayiet
aiming to extract useful information (e.g., for sentimensdysis). Our contribution has mainly focused on these two aspects.
Then, we found how to extract concepts, even tailored, withWe have surveyed the most recent and relevant contributions
a moderate e ort in word tagging (e.g., transfer learning inthat focus on how to cope with, and indeed leverage, content
section 3.2.3). Finally, in the case we already had stredtdata, diversity, namely the coexistence of structured and unstmaxt
we have seen how it is possible to create predictive models alata in the same record pertaining the same patient and care
the outcomes. The information extraction process may be timetrajectory, in order to improve the quality of EHR data, andth
consuming, but make unstructured clinical data usable seem related processes.
give promising results. Unstructured data is the content that caregivers and patients
An important consideration is the need of reliable data. Datgroduce in each phase of the care trajectory and report as
variability, that makes the secondary use of collected @ata free-text in a number of documents, like anamnestic notes,
burdensome work, could be avoided. For example spell checkingedical and nurse diaries, surgical records, dischargerset
features should be introduced on medical software to avoidischarge reports, as well as side comments, notes extending
typing errors. patient-reported outcome measures, and the like. Current
The considerable variability found among the more formalresearch focusing on these information resources has so far
texts is damaging knowledge extraction. In other casesehiewy focused on mainly two tasks: (i) to extract entities and value
we must remember that variability is a wealth. Think of thefrom this varied content, and match these data with the
example of patients' comments, where di erent lexical nuancestructured data natively available in the same record, ineord
could lead to di erent sentiment, useful to understand theisas  to detect possible discrepancies, anomalies, and inconsissenc
of anillness. (even at semantic level) between these two complementary
Concerning the methods we used, we stressed once again theurces of patient information, as well as to nd opportunities f
importance of “No Free Lunch Theorem'.(0. It stated that faster and less error-prone data entry (e.g., context-drisleeck
we can nd the best solutions of very similar problems withlists, ad-hoctemplates, auto complete features) ; (ii) evaluate

Frontiers in Medicine | www.frontiersin.org 19 April 2019 | Volume 6 | Article 66



Assale et al. NLP in Clinical Context

the “sentiment” of this content, as a proxy of the context thatThis is a new approach that looks promising and that will
is not reported in codi ed and structured manner, and assesgprobably be adopted in an increasing number of settings. We can
its value in predictive and prognostic (machine-learningséd) ~ expect that all of the above topics will attract some new resear
models which are aimed at predicting complication risk andand this review has been mainly aimed at providing convenient
mental and physical scores at speci ¢ steps in the post-operati&ecess to the main trends that have emerged in digital melici
follow-up trajectory. In regard to both these tasks, thisvay SO farinthe high-potential eld of the processing of unstructd
discusses the main contributions that can inform future wer textin medical records.
and achievements. However, we have also reported about the
application of quick-and-dirty NLP techniques to the “not so AUTHOR CONTRIBUTIONS
small” data of the electronic medical registry of spine surge
and joint replacement procedures that since 2016 has beeMl authors contributed to the manuscript, in various ways.
adopted at the IRCCS Orthopedic Institute Galeazzi, one of thEC conceived the project, the main conceptual ideas and proof
main Italian teaching hospitals specialized in musculoskeletoutline. FC also wrote both the introduction and part of
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As regarding the empirical works, we provided the readepart of the study. MA wrote most of the literature review and
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