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Abstract

This manuscript provides a practical case study to demonstrate data collection from paper-based 

medical records so that the occurrence of specific signs/symptoms indicative of a chemical 

exposure can be studied.
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The requirement that healthcare providers adopt meaningful use of electronic medical 

records (EMR) (U.S. Department of Health and Human Services [DHHS], 2010) can be 

helpful to improve clinical care and advance research. However, such technological 

advances should not encourage the medical community to discount the many decades of 

extant medical records that have been collected with standardized paper-based methods. 

Many clinical lessons could be learned if informatics tools are utilized to help researchers 

study such historical paper-based records that have yet to be imported into any standardized 

EMR. Towards those ends, chart abstraction tools have been developed successfully to study 

important clinical issues, such as maternal death (Eftekhar-Vaghefi, Foroodnia, & Nakhaee, 

2013), surgical intervention (Boatright et al., 2013), and heart failure mortality (Lee et al., 

2012). However, making sense of the abstracted information is sometimes a challenge.
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One way to overcome the challenge of working with unstructured abstracted EMR data is 

through the development and use of novel informatics data algorithms. Informatics 

algorithms have been used to develop clinical best practices (Beitz & van Rijswijk, 2012), an 

emergency department early warning system (Nannan Panday, Minderhoud, Alam, & 

Nanayakkara, 2017), an asthma clinical assessment (Dexheimer et al., 2014), and 

deliriumdiagnostic tools (Kuhn et al., 2014). However, few studies have tried to improve 

triage of mass casualty incidents (MCIs) by using abstracted EMR data and informatics 

algorithms (Griffiths, Estipona, & Waterson, 2011). Additional research is needed to help 

leverage the wealth of information in archived paper medical records for use in triage studies 

and public health preparedness.

Acute chemical exposures occur daily across the USA (Culley et al., 2017). The difference 

between life and death may be contingent on the rapid identification of a chemical agent 

before appropriate triage/treatment can be performed, especially in MCIs. Many 

communities do not have the resources to respond to MCIs. All hospitals should be prepared 

for MCls and the associated surge into the ED, even for chemical events. Hospital 

preparedness has improved significantly in recent years, yet much work is still needed (Kim, 

2016).

South Carolina experienced a tragic MCI in 2005 that severely taxed local resources. In the 

early morning hours of January 5, 2005, two trains collided in Graniteville, SC, releasing an 

estimated 42–60 tons of chlorine gas into the environment. This resulted in the death of nine 

people and sent hundreds to local community hospitals (Craig, Culley, Tavakoli, & 

Svendsen, 2013; Culley & Svendsen, 2014; Culley, Svendsen, Craig, & Tavakoli, 2014; Van 

Sickle et al., 2009).

The objective herein is to demonstrate how to execute data mapping and interpretation from 

abstracted archival medical records such that the occurrence of signs/symptoms can be 

studied within a population exposed to a chemical MCI. The research team used clinical data 

from the primary hospital impacted by the 2005 Graniteville chlorine disaster to accomplish 

this goal.

Methods

Study Population

Prior research based on the Graniteville incident indicated that there were no informatics 

tools available to rapidly detect chemical exposures from presenting symptoms and to 

quickly identify the most critical patients during a patient surge into a hospital emergency 

department (Craig et al., 2013; Culley & Svendsen, 2014; Culley et al., 2014; Van Sickle et 

al., 2009). The team previously found that:

1. Limited hospital data were available for study

2. Key data elements were often missing from the clinical records for many patients 

(Craig et al., 2013).
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At the time of the Graniteville incident, medical records for the patients treated in the 

emergency department at the Regional Medical Center indicated that multiple paper forms 

(about 25) were used for data capture.

The standard clinical forms used during the incident were cumbersome and inefficient for 

quickly processing patients during a surge. The clinicians were rightly focused on saving 

patients’ lives and not completing paperwork. Many patient records held copious notes 

within the margins and free-text fields rather than completed check boxes and data fields. 

Such unstructured data require sophisticated strategies to extract useful data for subsequent 

research.

Clinical Datasets

Data for 198 Graniteville patients seen in the emergency department following the chlorine 

incident were abstracted from the hospital records at the Regional Medical Center closest to 

the disaster and most impacted by the immediate surge of patients. The dataset included 146 

patients treated during the 2005 chlorine exposure surge as well as 52 patients that received 

treatment not related to the exposure.

Data Abstraction Overview

The goal of the data abstraction process was to safely archive and protect the clinical data 

for future research with an easy to use interface for abstractors to record the data 

electronically. Medical coders from a regional medical center completed the data abstraction 

using a Health Insurance Portability and Accountability Act (HIPAA) compliant internet-

based data system. The abstractors excluded patient identifiers and utilized a unique patient 

ID for each patient when entering the data into the database.

Human Subjects Protection

The Office of Research Compliance at the University of South Carolina reviewed the study 

and determined the study to be exempt from the Protection of Human Subjects Regulations. 

The academic research team was only provided de-identified clinical data.

Database Design

Research Electronic Data Capture (REDCap), an open source application, was chosen for 

data collection (Harris et al., 2009). REDCap is a mature, secure, internet-based application 

for building and managing online research surveys and databases. While REDCap can be 

used to collect virtually any type of data, it is specifically geared to support data capture for 

research studies, especially those including human subjects because it is encrypted and 

HIPAA compliant. REDCap can be accessed by a web browser and provides the ability to:

• Map clinical forms to REDCap forms

• Store and backup the data

• Manage user access

• Hide or remove patient identifiers

• Eliminate the need for paper copies or electronic spreadsheets
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Furthermore, REDCap has integrated reporting, import/export features, and the ability to 

perform simple statistics. The export feature allows the user to save the project in the format 

expected by leading statistical software packages for further analysis, such as SAS®9.4 

software (SAS Institute Incorporated, 2013).

To simplify the abstraction process for this study, internet-based forms were created using 

REDCap to match the format and flow of the clinical paper forms used during the actual 

disaster. Furthermore, the internet-based form names corresponded to the clinical form 

name, the field labels and data type were matched as closely as possible. For example, if the 

clinical form had check boxes, the electronic version would have check boxes with the same 

choices. Short text field types were used for a short-written response; note field types were 

used for longer responses that appeared in a nurse or physician note. A section for additional 

information was provided on all electronic forms allowing the abstractor to place 

information found in the margins of the paper versions. Figure Figure 1 includes an example 

of one of the original paper forms while Figure 2 shows a portion of the same form created 

using REDCap matched to the sections from the original paper form (see Figures Figure 1 

and 2).

The Graniteville clinical database design efforts used the following steps:

1. Gather unique set of paper forms used for all included patients

2. Create REDCap project for the development of clinical forms

3. Develop REDCap forms to match paper clinical forms

4. Finalize REDCap forms and their order

5. Manage REDCap users and roles

6. Test REDCap project forms

7. Place REDCap project in production

8. Abstract de-identified clinical data (medical records staff from the Regional 

Medical Center)

9. Continually monitor the data abstraction process for any issues or problems

10. Immediately resolve any issues or problems with the research team

11. Analyze abstracted clinical data

12. Map clinical data to chemical exposure signs/symptoms tools

Data Testing and Collection

After the REDCap forms were created, medical coders from the Regional Medical Center 

tested the internet-based forms by extracting information from the paper clinical forms and 

then entering the data into the REDCap forms. REDCap modifications were made as needed 

to improve form layout, help text, and field type. Project settings were set to mimic the order 

of paper forms observed in the medical record files. Once testing was complete, the 

REDCap project was placed in a production status. At this point, the medical coders 

Craig et al. Page 4

J Inform Nurs. Author manuscript; available in PMC 2019 October 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



completed the forms for 198 patients. During data entry, the research team monitored the 

data for quality allowing the coders the opportunity to correct errors in a timely manner.

Data Mapping

One goal for the subsequent analysis of these data was to identify any features, patterns, and 

parameters that enable the most sensitive and reliable patient triage during a chemical 

inhalation MCI. A first step was to record if specific signs/symptoms that could be assessed 

as indicators of chemical exposure were present or not. The signs/symptoms evaluated were 

identified by the Wireless Information System for Emergency Responders (WISER) (U.S. 

National Library of Medicine, 2015)and/or Chemical Hazards Emergency Medical 

Management Intelligent Syndromes Tool (CHEMM-IST) (DHHS,2015) developed by the 

National Library of Medicine. WISER and CHEMM-IST are systems designed to assist 

emergency responders during hazardous material incidents in their patient assessment and 

triage following chemical exposure events. Therefore, the team mapped the abstracted 

clinical data to the 93 signs/symptoms used by the WISER and CHEMM-IST tools. WISER 

includes 79 signs/symptoms and CHEMM-IST includes 14 possible signs/symptoms.

Findings

Simple descriptive data analysis using REDCap reporting capabilities was performed to 

investigate if specific signs/symptoms were present or not within the clinical data. The team 

initially found that many of the expected items of interest (the signs/symptoms) were stored 

in “note” fields and not in the discrete data field(s) on the clinical data forms. To mitigate 

this challenge, software developed by the research team (Culley et al., 2017) was used to 

extract the data from the freeform text fields and transform them into a single set of Y/N 

answers identifying if a victim had a specific sign or symptom. Database tables were used to 

map the many REDCap data fields into the expected response for WISER and CHEMM-

IST. After the team was satisfied that the mapping was complete and accurate, the software 

created a spreadsheet for WISER and for CHEMM-IST that contained the results of the data 

mapping and linkage rules. The data were imported into the REDCap project for future 

analysis and reporting. The team used the following data rules:

Rule 1: If any REDCap field indicated the sign/symptom was present, then the final 

sign/symptom would be “Yes.”

Rule 2: The sign/symptom must be present on the day of the event.

The following example is included to explain how the mapping process was implemented 

and to demonstrate the decisions the team made regarding mapping observed data to the 

CHEMM-IST and WISER signs/symptoms. Two database mapping tables were used to 

generate the sign/symptom import files. The first mapping table defined the relationship 

between the REDCap fields and the CHEMM-IST or WISER sign/symptom. For example, 

the REDCap column for the appearance of skin was mapped to the CHEMM-IST question 

“Irritated or Burning Skin?” and to the WISER symptom “Skin: skin burns/burning.” The 

second table mapped the recorded REDCap value to the CHEMM-IST or WISER sign/

symptom decision. This particular REDCap column for the appearance of skin had a 

REDCap recorded response of 1 for Normal or 2 for Abnormal. The second mapping table 

Craig et al. Page 5

J Inform Nurs. Author manuscript; available in PMC 2019 October 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



had multiple rows for each REDCap value (i.e., 1, 2) mapped to the CHEMM-IST or 

WISER sign/symptom assessment. For example, a Normal REDCap value for skin 

appearance was mapped to the CHEMM-IST “Irritated or Burning Skin?” symptom and 

WISER “Skin: skin burns/burning” symptom as 0 for “No,” while an Abnormal REDCap 

value for skin appearance was mapped to CHEMM-IST “Irritated or Burning Skin?” as 2 for 

“Can’t Assess” and not mapped to the WISER “Skin: skin burns/burning” sign/symptom. In 

all decisions, the team chose the conservative option and made no assumptions. Fortunately, 

most signs/symptoms could be pulled from multiple REDCap forms.

Data Algorithm Validation

To validate the mapping algorithm, the team mapped four victims manually using all 

abstracted information. The results of the mapping algorithm were then compared with the 

four manually mapped victims. When the algorithm results matched the manually entered 

values, the team was satisfied that the data mapping was ready for import. The match of the 

manually entered sign/symptom choices was in 100% agreement with the algorithm, 

meaning the algorithm selection of Y/N/Can’t Assess or null (i.e., no information) matched 

exactly to the manually entered choices. WISER and CHEMM-IST assessment values for 

each victim were then imported into the REDCap project and placed into a single form for 

later analysis with the statistical software package, SAS® software. Figure 3 contains all 14 

of the CHEMM-IST signs/symptoms and state of alertness and seven of the 79 WISER 

signs/symptoms from the REDCap form (see Figure 3). The form displays the imported data 

created with the mapping process and allows the research team to easily view and correct 

any of the imported items without changing any abstracted data. For example, the team 

discovered a few REDCap fields were mapped for CHEMM-IST that should have been 

mapped to WISER. Using the reporting tools, the team could easily obtain a list of the 

patients who had values for the specific columns and make corrections as needed.

Results

Abstracted Database

Data for 198 Graniteville patients were successfully captured using REDCap and 

summarized in the effort to develop a new chemical exposure triage algorithm for use by 

emergency department personnel. Table1 shows the counts for the resulting CHEMM-IST 

signs/symptoms (see Table 1). Out of 198 cases, the team found 10 cases where nothing was 

recorded for any of the REDCap fields that contained the state of alertness, seven where the 

state of alertness was “Altered,” two where the state of alertness was “Anxious,” 176 where 

state of alertness was “Awake,” and three where the victim was “Unconscious.” CHEMM-

IST has three categories for the assessment: “Yes” where the sign/symptom was found, “No” 

where the sign/symptom was clearly not found, and “Can’t Assess” where there was 

information related to the sign/symptom but not enough to clearly state “Yes” or “No.” 

When there was no information at all related to the sign/symptom, the assessment was 

mapped to null for no information.

Similarly, Table 2 shows the counts for 17 of the 79 WISER signs/symptoms (see Table2). 

WISER had binomial responses of Yes where the sign or symptom was found or No where 
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the sign or symptom was clearly not found. The heading No Information means there were 

no data to indicate a Yes or No evaluation for the presence or absence of the sign or 

symptom.

Discussion

Using REDCap as the data capture tool for the Regional Medical Center paper forms worked 

well. The reporting tools in REDCap allowed the team to easily explore the data. The 

dashboard view allowed a visual identification of the forms that were used most often. 

Having the data in an electronic form allowed the team to develop and use tools and 

software outside of REDCap to create the import files for WISER and CHEMM-IST signs/

symptoms. The team took advantage of REDCap roles to protect the abstracted data from 

modification, while allowing modification to forms created for team use. The data was 

successfully used in development of a triage algorithm that serves as the basis for the triage 

logic in a mobile application (Culley et al., 2018). The mobile application, intended for use 

by emergency department personnel, incorporates the new triage algorithm and allows for 

evaluation of collected data across patients to quickly identify a surge of patients and to 

make triage recommendations based on the identified class of a chemical.

Public Health/Clinical Significance

During large-scale MCIs, many hospitals and first responders continue to use paper-based 

forms as a back-up plan if computers are not available or to expedite the collection of data. 

Developing methods to abstract unstructured data from historical paper-based records as 

well as from forms used during public health emergencies is the first step in developing new 

informatics tools with the potential to revolutionize the process by which public health 

personnel/emergency department clinicians manage the triage and care of victims of 

chemical incidents.

Conclusions

REDCap proved to be an excellent data capture tool for data abstraction and protection of 

historical extant medical records that were collected with standardized, but sometimes 

unstructured and cumbersome, paper-based methods. The mapping method was 

configurable, repeatable, and accurate in development of derived information. Many clinical 

lessons can be learned if informatics tools are employed to help researchers abstract the 

information available in these unstructured formats. Additional research is needed to help 

leverage the wealth of information in archived paper medical record data for use in triage 

studies and public health preparedness.
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Figure1. 
The (ED) Emergency Encounter Form Used by a Regional Medical Center Emergency 

Department During the 2005 Graniteville Disaster
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Figure 2. 
A Portion of the ED Encounter Form Developed Using REDCap with Corresponding 

Sections from the Original Paper Form Outline with a Dark Green Box
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Figure 3. 
Seven of the 79 WISER Signs/Symptoms and All 14 CHEMM-IST Signs/Symptoms and 

State of Alertness
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