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Abstract

Objectives: The Epilepsy Learning Healthcare System (ELHS) was created in 2018 to address 

measurable improvements in outcomes for people with epilepsy. However, fragmentation of data 

systems has been a major barrier for reporting and participation. In this study, we aimed to test the 

feasibility of an open-source Data Integration (DI) method that connects real-life clinical data to 

national research and quality improvement (QI) systems.

Methods: The ELHS case report forms were programmed as EPIC SmartPhrases at Mass 

General Brigham (MGB) in December 2018 and subsequently as EPIC SmartForms in June 2021 

to collect actionable, standardized, structured epilepsy data in the electronic health record (EHR) 

for subsequent pull into the external national registry of the ELHS. Following the QI methodology 

in the Chronic Care Model, 39 providers, epileptologists and neurologists, incorporated the ELHS 

SmartPhrase into their clinical workflow, focusing on collecting diagnosis of epilepsy, seizure type 
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according to the International League Against Epilepsy, seizure frequency, date of last seizure, 

medication adherence and side effects. The collected data was stored in the Enterprise Data 

Warehouse (EDW) without integration with external systems. We developed and validated a DI 

method that extracted the data from EDW using structured query language and later preprocessed 

using text mining. We used the ELHS data dictionary to match fields in the preprocessed notes to 

obtain the final structured dataset with seizure control information. For illustration, we described 

the data curated from the care period of 12/2018–12/2021.

Results: The cohort comprised a total of 1806 patients with a mean age of 43 years old (SD: 

17.0), where 57% were female, 80% were white, and 84% were non-Hispanic/Latino. Using 

our DI method, we automated the data mining, preprocessing, and exporting of the structured 

dataset into a local database, to be weekly accessible to clinicians and quality improvers. During 

the period of SmartPhrase implementation, there were 5168 clinic visits logged by providers 

documenting each patient’s seizure type and frequency. During this period, providers documented 

59% patients having focal seizures, 35% having generalized seizures and 6% patients having 

another type. Of the cohort, 45% patients had private insurance. The resulting structured dataset 

was bulk uploaded via web interface into the external national registry of the ELHS.

Conclusions: Structured data can be feasibly extracted from text notes of epilepsy patients for 

weekly reporting to a national learning healthcare system.
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1. Introduction

Digital technology plays an increasingly critical role in healthcare organizations, enabling 

the reduction in the reporting burden for health care staff and facilitating the effective use of 

data for practice improvement, clinical decision making, and population management (Bell 

et al., 2018; Meskó et al., 2017; Thimbleby, 2013). Especially in health information systems 

with the transition to electronic health records (EHR), the development of digital tools to 

help collect and report health data has proved to be a key need (World Health Organization, 

2019b). However, there are many barriers to data driven healthcare improvement and 

several approaches have emerged including Learning Healthcare Systems (LHS) (Enticott 

et al., 2021). LHS use continuous Quality Improvement (QI) strategies to improve care 

over time (Morain et al., 2017). LHS models embed healthcare data-driven research, 

integrating multidisciplinary expertise to deliver improved health (Budrionis and Bellika, 

2016; McLachlan et al., 2018; Menear et al., 2019; Scobie and Castle-Clarke, 2019), through 

data collection and analysis at the point of care to inform clinical decision making (Scobie 

and Castle-Clarke, 2019; Teede et al., 2019), thereby improving healthcare and outcomes 

(Enticott et al., 2021). Clinicians use common data elements (CDEs), which consist of 

standardized questions and answer choices that allow aggregation, analysis, and comparison 

of observations from multiple sources (Loring et al., 2011), and are foundational for LHS.
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Even though LHS environments are producing successful impact across multiple continents 

and settings (Enticott et al., 2021), very few LHSs focus on neurological disorders (Bindman 

et al., 2018). The Epilepsy Learning Healthcare System (ELHS) was created in 2018 

to improve epilepsy care at a system level by addressing measurable improvements in 

outcomes for people with epilepsy (Donahue et al., 2021). Epilepsy is a chronic disease 

accounting for 0.5% of the global burden of disease, a time-based measure that combines 

years of life lost due to premature mortality and time lived in less than full health (World 

Health Organization, 2019a). Epilepsy affects 50–70 million people of all ages worldwide 

(Ngugi et al., 2010), being the fourth most common neurological disorder globally (Epilepsy 

Foundation, 2020b; Scheffer et al., 2017). Epilepsy has significant economic implications in 

terms of health-care needs, premature death and lost work productivity (Ngugi et al., 2010; 

World Health Organization, 2019a). Despite significant pharmacological and technological 

advances in the field of epilepsy, at least 3 out of 10 people with epilepsy continue to 

have seizures because available treatments do not completely control their seizures (Epilepsy 

Foundation, 2020a; Forsgren et al., 2005).

ELHS goals include the improvement of care processes and clinical outcomes by utilizing 

QI methodology in the context of a Chronic Care Model (Margolis et al., 2013). Once ELHS 

standardized epilepsy care metrics are being collected reliably for a vast number of patients, 

in addition to directly improving outcomes via QI methodology, the large numbers will 

facilitate comparative effectiveness studies and identification of patients for large real-world 

clinical trials. Seizure frequency documentation and screening for barriers to medication 

adherence were selected by ELHS as the first two network-wide interventions (Donahue et 

al., 2021).

The ELHS case report forms (CRFs) were designed to collect information in a standardized 

manner that is essential to patient care, useful for QI and feasible within the clinic workflow. 

The ELHS CRFs were programmed as a SmartPhrase in the EPIC EHR software at Mass 

General Brigham (MGB) in December 2018 to collect actionable, standardized, structured 

epilepsy data in the EHR for data integration (DI) and subsequent pull into the national 

registry of the ELHS. Epileptologists and neurologists incorporated the ELHS SmartPhrase 

into their clinical workflow, focusing in collecting seizure control information, which was 

stored as semi-structured text data in the MGB system database. Although the SmartPhrase 

allows physicians to enter data in a structured manner, the backend database stores the data 

as free text. Thus, to make use of this data for research and quality improvement processes, 

it is necessary to create an automated extraction method (Elbattah et al., 2021).

Text Analytics, or Text Mining, is generally defined as “the methodology followed to derive 

quality and actionable insights from textual data” (Sarkar, 2019). Text Mining represents 

a field of techniques and technologies that include machine learning, natural language 

processing (NLP), and information retrieval. Leveraging the power of text mining permits 

transformation of semi-structured and unstructured text data into structured information 

from which powerful insights can be derived. Thus, in this paper we present a text mining 

methodology to extract seizure control information from the ELHS EHR SmartPhrase and 

analysis of this data. Using our DI method, we automated the data mining, preprocessing, 

and exporting of the structured dataset into a local database, to be accessible on a weekly 
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basis to clinicians and quality improvers. We uploaded this information to the national 

registry of ELHS, thereby promoting its development and growth.

2. Methods

2.1. Study overview

The ELHS developed CRFs to collect standardized epilepsy care related data (Donahue 

et al., 2021). The ELHS CRFs were programmed as EPIC SmartPhrases at MGB in 

December 2018 and subsequently as EPIC SmartForms in June 2021 to collect actionable, 

standardized, structured epilepsy data in the EHR for subsequent pull into the external 

national registry of the ELHS. Following the QI methodology in the Chronic Care Model 

(Margolis et al., 2013), a total of 39 epileptologists and neurologists incorporated the ELHS 

SmartPhrase into their clinical workflow, focusing on collecting seizure type according to 

the International League Against Epilepsy (ILAE) seizure classification (Scheffer et al., 

2017), seizure frequency, date of last seizure and anti-seizure medication (ASM) adherence 

and side effects. ASM information fields were only added in a later version of the 

SmartPhrase, introduced in July 2020.

The collected data was stored in the MGB Enterprise Data Warehouse (EDW). The 

challenge consisted of the extraction of ELHS SmartPhrases data stored in EDW as text 

and the transformation of this data into a structured dataset so that it could be uploaded to 

the external national registry of the ELHS. The real-life process and challenges with clinical 

data flow associated with patients visits at the epilepsy clinics are illustrated in Fig. 1. By 

automating the process of clinical notes extraction and preprocessing – as illustrated in Fig. 

2 – data analysis such as causal inferences and weekly QI dashboards can be potential 

applications.

Data was extracted from the hospital electronic medical record under a research protocol 

approved by the MGB Institutional Review Board; a waiver of informed consent was 

obtained. Clinical data were retrospectively analyzed for a cohort of adult patients (≥ 18 

years old). The cohort included 1806 patients seen at the Massachusetts General Hospital 

(MGH, n = 1371) and Brigham and Women’s Hospital (BWH, n = 435) epilepsy clinics, 

between December 28th, 2018, to December 20th, 2021. Both hospitals use the MGB 

EPIC EHR software system. EHR data comprised clinical notes consisting of structured 

SmartPhrases (Supplementary Figure 1).

2.2. Data Collection and Processing

Data was acquired from MGB EDW using Microsoft Structured Query Language (SQL) 

Server Management Studio (SSMS). The methodology for notes preprocessing in order to 

obtain a structured dataset is presented in Fig. 2. All notes from the patients seen at MGH 

and BWH epilepsy clinics were extracted. Patient identification (PatientID and medical 

record number (MRN)), healthcare provider, department identification, date of visit, note 

identification (NoteID), note line number (LineNBR) and the text notes were queried from 

the EDW databases and exported to an excel file. An example of a text note extracted 

from EDW for preprocessing is presented in Supplementary Figure 2. The EHR clinical 
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notes were then processed using Python version 3.7. Notes were filtered to include only 

those pertaining to the structured ELHS SmartForms. These notes were sorted by NoteID 

and LineNBR, and then grouped by PatientID, MRN, DepartmentID, provider and visit 

date. Notes were then subjected to lowercasing, blank spaces were removed, and notes with 

less than one token (one word), were excluded. Once the notes were preprocessed, regular 

expressions (regexes) were applied to extract information regarding seizure control, namely 

if the patient has epilepsy, if the patient missed taking the ASM, if there are side effects from 

taking the ASM, or any barriers to adherence to the ASM, the seizure type according to the 

ILAE classification, the correspondent diagnostic certainty, date of last seizure since current 

visit and current seizure frequency. For each of these fields, a column was created with the 

correspondent categories assigned. Notes without categories assigned for at least one of the 

seizure control information fields, were removed.

The providers also documented one to four seizure types – a, b, c and d –, since a patient 

may have more than one type. Thus, for each seizure type, the provider selects the respective 

type, frequency, diagnostic certainty and date of last seizure. Usually, when a patient only 

has one type of seizure, the provider will only select the fields correspondent to seizure type 

“a”, while if the patient has two types of seizure, both seizure types “a” and “b” fields will 

be selected. And so on, until four types of seizure (a, b, c and d) are selected in case the 

patient has four seizure types.

We present examples of the regexes created, including the number of tokens captured for 

information extraction for each field in Supplementary Table 1. The number of tokens was 

set for each field based on the length of text of the corresponding categories. For example, 

for the field “Does the patient have epilepsy?” we captured the corresponding answer 

yes/no/unsure, with a total maximum length of 100 tokens (words). For special cases, 

including menus with multiple choices, the number of tokens was set to a maximum of 3000 

since menus include multiple options. As an example, for the field “seizure type”, we have 

“Seizure type A ILAE CLASSIFICATION: Generalized [x] Tonic-clonic [] Absence typical 

[] Absence atypical [] Myoclonic absence [] Eyelid myoclonia [] Myoclonic [] Myoclonic 

atonic [] Myoclonic tonic [] Clonic [] Tonic Focal [] Focal aware without impairment 

of consciousness [] With observable motor components [] Involving subjective sensory 

or psychic phenomena only [] Focal with impairment of consciousness [] Focal evolving 

to bilateral convulsive seizure Unclassified [] Epileptic spasms (focal or generalized) [] 

Unclassified seizure type”. For this example, we captured all the seizure types displayed in 

the menu and the regex assigned the seizure type generalized tonic-clonic “GENTC”.

The regular expressions were designed in a flexible way. In case that a provider has 

indicated an actual calendar date for the field date of last seizure, instead of selecting one of 

the coded options (eg. 1WK – one week ago or 6MON – six months ago), the regex captured 

the date and assigned the correspondent category. This approach was also applied for the 

field “seizure frequency”. We provide an example with the text “Seizure type A current 

FREQUENCY since last visit with same provider: GTC - less than 2 years ago. Dejavu - 

unclear.”, in Supplementary Figure 3 (case 1), where the regex assigned the corresponding 

category “YEAR” (less than once per year). We also analyzed cases where there was a 

complete note for the patient visit at the epilepsy clinic, however no information could be 
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extracted, because the seizure control information fields consisted of “ *** ”, as presented 

in Supplementary Figure 3 (case 2). For these few special cases, the SmartPhrase was not 

correctly saved by the system at the time of clinic visit. The regexes were refined iteratively 

by assessing notes with special cases and for each field where no category was assigned.

2.3. Performance evaluation

The authors (MF, SZ, CMM, MBW, LMVRM) manually reviewed 100 randomly selected 

notes (20 cases per author), for a total of 2000 fields (100 notes × 20 fields for seizure 

control metrics). The seizure control metrics included: whether the patient has epilepsy, 

whether the patient missed taking the ASM, if there are side effects from taking ASM(s), 

if there are barriers to adherence to the ASM, and for the four seizure types (a/b/c/d) the 

type, the corresponding diagnostic certainty, date of last seizure, and seizure frequency. We 

compared the performance of the regexes-based approach with the manual review results. 

Performance measures included precision, recall and F1 score to measure the regex-based 

approach compared to the gold standard of manual review. Precision is defined as the 

proportion of the seizure control metric items extracted by the regex-based approach which 

are true, recall is the proportion of true seizure control metrics items extracted by the 

algorithm and F1 score is the unweighted harmonic mean of precision and recall: (2 × 

precision × recall)/ (precision + recall).

The cohort population further analyzed included adult patients residing in the US seen at the 

epilepsy clinics, with information regarding their seizure type and corresponding frequency, 

present in the seizure control structured dataset.

3. Results

3.1. Summary of patient population

The EHR clinical notes were extracted from EDW and preprocessed. The categories for 

each seizure control information field were assigned according to the ELHS specifications, 

using regexes to obtain a structured dataset. There were 2125 patients with seizure control 

information in the dataset. After excluding patients younger than 18 years old, non-US 

residents and those who lacked both seizure type and frequency, we were left with 1806 

patients (Fig. 3).

The cohort of patients had a mean age of 43 years old (SD: 17), where 57% were female, 

80% were white, and 84 % were non-Hispanic/Latino (Table 1). There were 5168 clinic 

visits logged by providers documenting both seizure type and frequency. During this period, 

providers documented 59 % patients having focal seizures, 35 % having generalized seizures 

and 6 % patients having other type. Of the cohort, 45 % patients had private insurance.

3.2. Performance results

From the manual review of 100 notes randomly selected, the experts identified 890 items 

in a total of 2000 fields (100 notes × 20 fields for seizure control metrics). The majority 

of notes were from patients with one type of epilepsy (seizure type a), with correspondent 

diagnostic certainty (diagnostic certainty a), date of last seizure (date of last seizure a), and 

Fernandes et al. Page 6

Epilepsy Res. Author manuscript; available in PMC 2023 January 03.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



seizure frequency (seizure frequency a). Thus, the majority of fields for the second, third 

and fourth types of epilepsy, b, c and d, respectively, were left blank, since these were not 

identified in the notes.

The regex-based approach captured 887 items from the 890 items identified by the experts, 

as presented in Table 2. The category “Not Applicable” was identified by experts for the 

metrics of seizure type, seizure frequency and date of last seizure. This category was not 

included in the ELHS specifications for these metrics, as depicted in Supplementary Table 

2, thus it was not coded in the algorithm. Among 100 notes randomly selected, there were 3 

false negative cases. The overall performance was approximately 100 % (precision: 1, recall: 

0.996, F-score: 0.998). The performance obtained is mainly explained by the fact that notes 

are mostly structured, and might not reflect the overall performance, since it considers only 

2 % (100/5168) of the notes in the study.

3.3. Analysis of documented seizure control metrics

The number of patients with documented fields in the notes can be depicted in Fig. 4. 

Patients may have follow-up visits, thus the volume of notes is greater than the number of 

patients. For each patient, a category for a specific field may repeat (e.g. “YES” for the 

question “Does the patient have epilepsy?”) and for another field, such as seizure frequency, 

the category may vary for example, from “NEM” (at least once per year, but not every 

month) to “YEAR” (less than once per year).

From a total of 1806 patients with documented seizure type and frequency, almost all of the 

patients (N = 1804) had a category assigned for the field “Diagnostic certainty”, as well as 

for the field “Does the patient have epilepsy?” (N = 1801). The “Date of last seizure” field 

was also documented for the majority of patients (N = 1792). The fields less documented 

were the ones related to ASM, namely the fields: “In the past four weeks, how good of a job 

did the patient do at taking anti-seizure medicine?” (N = 1021), “Is the patient having any 

problems that are side effects of the medicine?” (N = 1018) and “Is the patient experiencing 

any barriers to adherence?” (N = 847). This is due to the fact that documentation of ASM 

was added in a later version of the SmartPhrase, and the first register date is July 24th, 2020. 

In a total of 1394 patients with notes prior to ASM documentation, approximately 73 % (N = 

1021) have documentation of missed ASM, as observed in Fig. 4 (a).

We assessed the percentage of patients with reported seizure control metrics documented for 

the period before and after the implementation of ASM documentation, presented in Fig. 5. 

For the most reported fields, the percentage of patients with reported seizure control metrics 

was consistently ~ 100 %. The fields with medication related information documented was 

approximately 73 % for both missed medication (N = 1021) and side effects (N = 1018) and 

61 % for barriers to adherence (N = 847).

Finally, we assessed the distribution of categories assigned by providers per field in the 

study cohort (Supplementary Table 3). The majority of patients had epilepsy (N = 1554, 

86 %) and was assigned Generalized tonic-clonic (N = 481), Focal with impairment of 

consciousness (N = 147) and Focal evolving to bilateral convulsive seizure (N = 33) for the 

three seizure types a, b and c, respectively. Since the number of patients with a fourth seizure 
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type was reduced, we omitted the numbers for this seizure type. The majority of patients 

had a definite diagnostic – summary of evidence suggesting 100 % confidence level – for all 

three seizure types a (N = 1053), b (N = 344) and c (N = 65). For the majority, the date of 

last seizure types a, b and c (N = 504, N = 200 and N = 42) was more than 2 years prior to 

the visit; and the frequency since last visit for seizure types a, b and c (N = 561, N = 179 and 

N = 34) was less than once per year. For the fields related to ASM, when documented, the 

majority of patients did not miss more than two doses in a row of ASM (N = 590), did not 

present side effects to the ASM (N = 517) and did not experience any barriers to adherence 

(N = 492).

4. Discussion

4.1. Main findings

We collected standardized epilepsy care data in the EHR of patients seen at MGB. This data 

consisted of diagnosis of epilepsy, seizure type according to the ILAE classification, seizure 

frequency, date of last seizure and anti-seizure medication adherence and side effects. The 

data was extracted from EDW using structured query language and preprocessed using 

regexes. Using the ELHS data dictionary, we matched the fields in the preprocessed notes 

to organize the data into a structured format that we analyzed. We assessed the performance 

of our regex-based approach compared to experts’ manual review of 100 random notes. The 

overall performance of the regex-based approach was approximately 100 % across metrics, 

which we concluded was due to the fact that notes are mostly structured. We found that the 

majority of patients with documented seizure type and frequency had a definite diagnostic 

certainty of epilepsy as well as the date of last seizure. The majority of patients were also 

seizure free, with a date of last seizure of more than 2 years prior to the visit. As foreseen, 

the majority of patients in our cohort had epilepsy. Generalized tonic-clonic and focal with 

impairment of consciousness seizure types were the most predominant in our cohort. We 

concluded that the fields less documented were related to missed ASM, ASM side effects 

and barriers to adherence. This might be due to later introduction of ASM related fields, 

compared to the other metrics, which were documented since the beginning of SmartPhrase 

implementation. When documented, the majority of patients did not miss more than two 

doses in a row of ASM, did not present side effects to the ASM and did not experience 

any barriers to adherence. Being documentation of barriers to medication adherence one of 

the ELHS network-wide interventions, we reported these findings to providers to promote 

adherence to reporting. Therefore, we conclude that by using a text mining methodology 

applied to quality data, we can provide meaningful insights and engage neurologists to 

improve their patient outcomes. Thus, we are able to provide a tool that has the potential to 

improve the reporting of vital seizure control metrics, thereby improving patient care.

4.2. Prior work

Prior work has been done using QI methodologies applied to epilepsy research. In 

(Narayanan et al., 2017), the authors describe a methodology for building structured clinical 

documentation support tools in the EHR to support QI and define best practices in epilepsy. 

The authors describe how they incorporated these toolkits into their clinical workflow. They 

also shared the EHR tools developed with other epilepsy clinics as part of a Neurology 
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Practice Based Research Network and applied these tools to conduct pragmatic trials using 

subgroup-based adaptive designs. A multidisciplinary QI team conducted analysis of data 

for prescribed seizure rescue medication doses to identify and improve inappropriately 

low dose prescriptions (Patel et al., 2020). The QI team identified areas of focus for 

improvement opportunities and developed the project objective based on the 2017 American 

Academy of Neurology (AAN) and Child Neurology Society (CNS) Quality Measure. 

The team created an automated monthly report to monitor prescribed seizure rescue 

medication dosing compliance. The team successfully decreased provider prescribed and 

signed under-dosed rescue medication orders by an average of 89 %. In (Cisneros-Franco et 

al., 2013), based on the AAN quality measures that should be observed at every patient 

visit, the authors compared the percentage of documentation of each measure before 

and after the implementation of a new worksheet in a third-level center. Documented 

measures included seizure type and frequency, etiology, electroencephalogram (EEG), 

magnetic resonance imaging/ computerized tomography (MRI/CT) head scans, ASM side 

effects, surgical therapy referral, safety counseling, preconception counseling-and physical 

exam. The authors concluded that the quality-oriented epilepsy worksheet led to a better 

practice standardization and documentation of AAN standards for diagnostic and counseling 

purposes.

In previous literature, methodologies have been presented to obtain seizure control metrics 

from clinical notes of patients seen at medical centers. A previous study (Barbour et al., 

2019) used regexes to identify sudden unexpected death in epilepsy (SUDEP) risk factors in 

physician notes. Three variables related to SUDEP were considered in the study: generalized 

tonic-clonic seizure type, refractory epilepsy and potential or previous epilepsy surgery 

candidacy. Other metrics, such as seizure frequency, acknowledged by the authors as an 

important risk predictor, were not considered. The authors stated that there were limited 

NLP tools to reliably evaluate temporal characteristics, and none would be suitable for 

the analysis. Indeed, extracting key information from unstructured text is challenging. In 

our case, the SmartPhrase was designed to have specific categories associated with the 

seizure frequency, thus it was possible to reliable use regexes. The authors (Barbour et 

al., 2019) concluded that regexes were a feasible method to identify variables related to 

SUDEP risk and that their methods could be implemented to create large patient cohorts 

for research. Cui et al. (2012) developed the epilepsy data extraction and annotation 

(EpiDEA) rule-based system, which extracts information from epilepsy monitoring unit 

(EMU) discharge summaries. The study also focused on variables of interest for the study 

of SUDEP: seizure semiology, EEG and MRI patterns, and antiepileptic drug medication. 

The authors demonstrated the use of EpiDEA for cohort identification through use of an 

intuitive visual query interface that can be used by clinical researchers. Cui et al. (2014) 

also developed a rule-based information extraction system called Phenotype Extraction in 

Epilepsy (PEEP) to automatically identify epilepsy phenotypes with anatomical locations. 

The variables extracted by PEEP were epileptogenic zone, seizure semiology, lateralising 

sign, interictal and ictal EEG pattern. The authors demonstrated that their approach was 

effective in extracting complex epilepsy phenotypes for cohort identification, with an 

integrated ontology-driven visual query interface. Sullivan et al. (2014) used a machine 

learning based NLP pipeline to identify a rare epilepsy syndrome from discharge summaries 
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and EEG reports. The authors concluded that their model could assist physicians to identify 

the epilepsy syndrome not previously diagnosed, potentially improving seizure control and 

quality of life for the patients. Fonferko-Shadrach et al. (2019) developed the extraction of 

epilepsy clinical text (ExECT) system, combining rule-based and statistical techniques to 

extract information from epilepsy clinic letters. Nine variables were considered: epilepsy 

diagnosis, epilepsy type, focal seizures, generalized seizures, seizure frequency, medication 

name (identified when accompanied by a quantity and frequency), CT, MRI and EEG. The 

authors concluded that their methods could enhance routinely collected data for research and 

be used in clinical practice to record patient information in a structured manner.

We did not proceed with a comparison between the performance obtained in our study 

with that of other studies. We developed the NLP approach for semi-structured data while 

other studies developed methodologies for unstructured text either from clinical letters or 

discharge summaries, which is more challenging. We concluded that applying our regexes-

based approach to semi-structured text enabled us to capture a higher number of seizure 

control metrics more reliably.

4.3. Limitations

The DI methodology was developed for specific SmartPhrases in two academic medical 

centers located in the same geographic region (Boston, Massachusetts), both of which 

use the EPIC EHR and may not be representative of other US and non-US populations 

limiting the generalizability of our methodology across populations and hospital settings. 

Since the methodology still assumes knowledge and granted access to the software, future 

work includes providing any user, neurologists and quality improvers, with an internet-based 

notebook to easily obtain the preprocessed seizure control information data. Nonetheless, 

our methodology presents ease of replicability, it is not time costly, and it is free of charge.

4.4. Conclusions

We designed a methodology to improve the quality of reporting key seizure control metrics. 

We implemented the methodology that captures seizure control information on a weekly 

basis to be available to neurologists. We concluded that structured data can be feasibly 

extracted from text notes of epilepsy patients for weekly reporting to a national learning 

healthcare system. Finally, translating the reported statistics to improvements in standard of 

care and outcomes for the patients integrated in the ELHS project is needed and proposed as 

future work.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Clinical data flow process. EDW – Enterprise Data Warehouse. EHR – Electronic Health 

Record. QI – Quality Improvement. PROMs – Patient-Reported Outcome Measures.
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Fig. 2. 
Methodology for notes preprocessing. EDW – Enterprise Data Warehouse. EHR – 

Electronic Health Record. MRN – Medical Record Number. ELHS – The Epilepsy Learning 

Healthcare System. ILAE – The International League Against Epilepsy. ASM – Anti-seizure 

medication. ELHS specifications categories and respective acronyms are presented in 

Supplementary Table 2.
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Fig. 3. 
Inclusion and exclusion criteria to select the cohort population.
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Fig. 4. 
Statistics for all notes containing seizure control metrics captured with the regular 

expressions for the study cohort population. The number of notes and patients are displayed 

for (a) the period before and after the implementation of ASM documentation, and (b) 

the study period. ILAE – The International League Against Epilepsy. ASM – Anti-seizure 

medication.
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Fig. 5. 
Percentage of patients in the study cohort population with documented seizure control 

metrics before and after ASM documentation date. ILAE – The International League 

Against Epilepsy. ASM – Anti-seizure medication.
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Table 1

Characteristics of the study cohort population.

Characteristic Study cohort (n = 1806)

Number of clinic visits
(1) 5168

Age (years, mean (SD)) 43.1 (17.0)

Gender, n (%)

Female 1022 (56.6)

Male 777 (43.0)

Other *

Race, n (%)

White 1443 (79.9)

Black or African American 129 (7.1)

Other 234 (13.0)

Ethnicity, n (%)

Non-Hispanic 1519 (84.1)

Hispanic 135 (7.5)

Other 152 (8.4)

Primary language, n (%)

English 1696 (93.9)

Spanish 54 (3.0)

Other 56 (3.1)

Marital status, n (%)

Non-union 1080 (59.8)

Union 700 (38.8)

Other 246 (1.4)

Seizure type at baseline, n (%)

Focal 1059 (58.6)

Generalized 640 (35.5)

Other 107 (5.9)

Insurance, n (%)

Private / commercial 818 (45.3)

Medicare / government 636 (35.2)

Other 352 (19.5)

The number of patients is represented by n. SD – standard deviation.

*
A number less than 10 is omitted to preserve patient privacy

(1)
Number of clinic visits with documented seizure control information including seizure type and frequency.
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Table 2

Performance of the regex-based approach algorithm, compared to the gold standard of experts’ manual review 

for 100 clinical notes randomly selected.

Seizure control metric Number of items (algorithm/experts) Precision Recall F-score

Seizure type

(a, b, c, d) 100/100, 52/52, 15/16, 2/2 1, 1, 1, 1 1, 1, 0.938, 1 1, 1, 0.968, 1

Diagnostic certainty

(a, b, c, d) 100/100, 53/53, 18/18, 4/4 1, 1, 1, 1 1, 1, 1, 1 1, 1, 1, 1

Date of last seizure

(a, b, c, d) 98/99, 50/50, 16/16, 2/2 1, 1, 1, 1 0.989, 1, 1, 1 0.995, 1, 1, 1

Seizure frequency

(a, b, c, d) 100/100, 49/50, 16/16, 2/2 1, 1, 1, 1 1, 0.980, 1, 1 1, 0.989, 1, 1

Patient has epilepsy 98/98 1 1 1

ASM missed 41/41 1 1 1

ASM side effects 41/41 1 1 1

ASM adherence 30/30 1 1 1

Total 887/890 1 0.996 0.998

ASM – Anti-seizure medication.
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