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Abstract. Although colonoscopy is the most frequently performed endoscopic 
procedure, the lack of standardized reporting is impeding clinical and translational 

research. Inadequacies in data extraction from the raw, unstructured text in 

electronic health records (EHR) pose an additional challenge to procedure quality 
metric reporting, as vital details related to the procedure are stored in disparate 

documents. Currently, there is no EHR workflow that links these documents to the 

specific colonoscopy procedure, making the process of data extraction error prone. 
We hypothesize that extracting comprehensive colonoscopy quality metrics from 

consolidated procedure documents using computational linguistic techniques, and 

integrating it with discrete EHR data can improve quality of screening and cancer 
detection rate. As a first step, we developed an algorithm that links colonoscopy, 

pathology and imaging documents by analyzing the chronology of various orders 

placed relative to the colonoscopy procedure. The algorithm was installed and 
validated at the University of Arkansas for Medical Sciences (UAMS). The 

proposed algorithm in conjunction with Natural Language Processing (NLP) 

techniques can overcome current limitations of manual data abstraction. 
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1. Introduction 

About 3.4 million luminal Gastrointestinal cancers (esophageal, stomach, colorectal) are 

detected globally every year [1, 2]. These cancers represent a substantial health challenge 

for society, with a mortality rate of about 63%, with colorectal cancer being the third 

most common cause of cancer related mortality among both women and men [2]. 
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Screening colonoscopy plays a critical role in diagnosis of colorectal cancers. Quality 

improvement and screening efficiency are dependent upon the study of quality metrics. 

The American College of Gastroenterology has published a list of 15 quality indicators 

to improve colonoscopy safety and performance [3, 4]. The established quality metrics 

such as adenoma detection rates, bowel preparation, cecal intubation rate and scope 

withdrawal times are documented in endoscopy and pathology reports. Procedure 

indicators, medical history such as comorbidities, active medication, and socio-economic 

status require review of clinical history and radiology reports. The inability to extract 

information from unstructured text in electronic health records (EHR) is a barrier to 

quality improvement and secondary research related to colonoscopy. EHR contains a 

wealth of insight into patients [5] and the integration of disparate documents that contain 

pertinent data.  

Recently computational linguistic techniques such as Natural language processing 

(NLP) and Machine Learning (ML) have been used as an alternative to manual data 

abstraction from unstructured free text [6]. Extracting clinical predictors from 

colonoscopy procedures poses an additional challenge, as vital details related to the 

procedure are often stored in disparate documents. It is crucial to integrate various 

document types generated from each colonoscopy visit before any data extraction 

techniques can be applied. Previous studies have attempted to relate pathology 

documents to the colonoscopy procedure [7, 8]. However, the linkage algorithms had the 

following limitations: 1) for multiple pathology orders placed on the procedure day, the 

algorithms were not able to identify the pathology report specific to the procedure; 2) for 

upper endoscopy and colonoscopy performed on the same day, the algorithms were not 

able to differentiate between the procedures. Moreover, imaging reports were not 

integrated to gather procedure indications and other related data, opening doors for 

potential source of study bias. To address this limitation, we built an automated and 

generalizable EHR workflow that links colonoscopy, pathology and imaging documents 

by analyzing the chronology of various orders placed relative to the colonoscopy 

procedure. 

2. Methods 

To link pathology and imaging orders associated with the procedure, an algorithm was 

built using a set of most commonly used order attributes. The algorithm is based on two 

steps: 1) link pathology orders 2) link imaging orders. Pathology orders are generally 

placed during or immediately after the colonoscopy, if any biopsies or samples are taken. 

Thus, zero, one or several pathology reports can be associated with the procedure. 

Whereas, imaging orders can constitute procedure indication or follow-up.  

2.1. Link Pathology Orders 

As shown in Figure 1, to identify and link pathology orders generated from the 

colonoscopy procedure an algorithm with the following steps was built.  

Step 1: Identify all completed colonoscopy procedures and collect data elements related 

to patient’s medical record number, gastroenterologist performing the procedure, date 

and time of procedure. 

Step 2: Extract pathology orders placed for a patient within 48 hours of the colonoscopy 

procedure. Although 95% of the orders are placed during the procedure, the 48 hours 
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window was chosen to account for delayed orders and time lag due to overnight 

emergency procedures.   

Step 3: A procedure can have zero, one or multiple pathology orders. If no pathology 

orders are found then confirm with the procedure billing codes. 

Step 4: For procedures that have one or more associated pathology orders, validate if the 

orders are related to the colonoscopy procedure by verifying “specimen type”, 

“pathology order location”, and “authorizing provider”. Eliminate orders that are not 

related to the colonoscopy procedure. Archive colonoscopy orders that are not associated 

with pathology orders and contradicts with billing codes for manual review.  

Step 5: For procedures that have only one pathology order, link them. 

Step 6: For procedures with multiple pathology orders, verify that the orders was placed 

on the same day and link the orders based on the specimen type, and classify orders as 

“primary” or “secondary” based on the pathology ordering time.  

 

 
Figure 1. Workflow to link pathology orders to colonoscopy orders. 

 

2.2. Link Imaging Orders 

As imaging orders (i.e., Abdominal-pelvis CT scan, Abdominal USG) can constitute 

procedure indication or follow-up, it is vital to identify imaging orders placed before 

colonoscopy and the orders placed as part of follow up from the procedure. To link 

imaging reports a two-step approach was followed. 

First, to link radiology reports done prior to colonoscopy procedure, we built a 

corpus of colonoscopy procedure indications, i.e. the reason for performing the 

procedure. The corpus was built by a panel of gastroenterologist physicians (lead by BT); 

they conducted an extensive chart review and handpicked terms that indicates 

abnormality in CT scans and recommendation for a colonoscopy. Examples of selected 

indication includes “abnormal scan”, “diverticulitis”, and “unexplained weight loss” etc. 

Next step is to identify colonoscopy procedures with indications that matched with the 

terms in the corpus. For the identified procedures, collect patient’s medical record 

number, date and time of the procedure, procedure indication, and gastroenterologist 

performing the procedure. Then link imaging orders placed 180 days prior to the 

procedure date using the extracted metrics. To account for delay in scheduling, follow-
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up appointments and urgency of procedure, the 180 days window was considered 

reasonable. 

Secondly, to link radiology reports done after colonoscopy, collect aforementioned 

metrics for all completed colonoscopy procedures. The follow up appointments could be 

done by the proceduralist (which could be a gastroenterologist, surgical endoscopist or 

by a family medicine physician) or by a related specialist including surgeons (for 

perforations related to the procedure, etc.), or an oncologist, or a hospitalist. Identify 

imaging orders authorized/ordered by these physicians within the two months of the 

procedure and link the orders.  

3. Application  

At University of Arkansas for Medical Sciences (UAMS), the algorithm to link 

colonoscopy related orders was implemented using Structured Query Language (SQL). 

UAMS utilizes the EPIC platform (Epic Systems Corp, Verona, WI) for electronic health 

records. We identified 16,900 colonoscopy procedures performed at UAMS between 

May 2014 and September 2020.  

To link pathology orders related to colonoscopy procedure, we ran the algorithm on 

16,900 colonoscopy and 11,182 pathology orders placed at UAMS respectively. The 

algorithm classified colonoscopy orders in to three categories, colonoscopy procedure 

resulting in:  1) no pathology order (colp=0), 2) one pathology order (colp=1), and 3) more 

than one pathology orders (colp>1). Of the 16,900 procedure orders, 5,800 had zero 

pathology orders, 10,900 had one pathology order, and 200 had more than one pathology 

orders respectively. The algorithm’s accuracy was evaluated to that of manual review 

done by two trained data warehouse analyst and a gastroenterologist (BT). A random 

sample of colonoscopy orders (n= 400 [colp=0 = 99, colp=1 = 256, colp>1 = 45], N=16,900, 

CI =95%) was selected. Test for marginal homogeneity (Stuart-Maxwell test, k=3 and 

df=2) between the three mutually exclusive categories (colp=0, colp=1, colp>1) was 

performed. The Stuart-Maxwell test was selected due to paired nature of the three 

categories and to test marginal homogeneity for all categories simultaneously. For both 

algorithm and chart-review, the frequency of the three pathology-order categories found 

in the sample was computed.  The value of Stuart-Maxwell statistic was <9.21 (alpha = 

0.01 and df=2), inferencing the distribution between the categories for the automated-

process is similar to the distribution for the chart review. 

To link imaging orders related to colonoscopy procedure, we ran the algorithm on 

16,900 colonoscopy and 7,364 imaging orders placed at UAMS respectively. The 

algorithm identified 3,510 colonoscopy orders that constitute procedure indication and 

1,409 follow-up imaging orders respectively. We randomly selected colonoscopy orders 

347 (N=3,510, confidence interval = 95%, ε = 5%) and 303 (N=1,409, confidence 

interval = 95%, ε = 5%) from the two categories. The two analysts validated algorithm’s 

accuracy to link imaging orders via chart review. The accuracy reported was 96.2% and 

98.7% for linking pre and post imaging orders to associated procedure orders.  

The results from the algorithm were transformed and stored in a mapping table to 

link various report types associated to a specific colonoscopy. For example, as show in 

Table 1, a colonoscopy procedure “Col_1234” is associated with two pathology orders 

(“Path_4001” and “Path_9901”) and an imaging order (“Img_54012”). 
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Table 1. Mapping table layout that links various pathology and imaging orders to a specific colonoscopy. 

Colonoscopy Order ID Order Type Associated Order ID 
Col_1234 Patho Path_4001 

Col_1234 Patho Path_9901 

Col_1234 Image Img_54012 
Col_7855 Patho Path_8091 

4. Discussion and Conclusion 

A comprehensive study of colonoscopy quality metrics poses an additional challenge of 

vital procedure details being distributed across multiple unstructured document types, 

quality of procedure metrics extraction depends on how these documents are linked. We 

built and tested an automated generalizable EHR workflow that links colonoscopy, 

pathology and imaging documents based on the vital and most commonly captured order 

attributes. Irrespective of the EHR software used, the proposed algorithm can be 

employed to link these document types and is not limited to SQL based implementation. 

Applying NLP techniques to extract clinical predictors from the consolidated 

unstructured procedure documents would facilitate comprehensive and temporal 

reporting of vital details. This significantly reduces data accessibility time and facilitates 

clinical and translational endoscopy research. Continuous evaluation of procedure 

outcomes and, provider and health care facility performance, will reduce the need for 

repeat procedures and failed detection rates of adenomas. Thereby, reducing cost of 

procedure and improving quality of care.        
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