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ARTICLE INFO ABSTRACT

Keywords: Although cancer screening has greatly reduced colorectal cancer, breast cancer, and cervical cancer morbidity
Cancer screening and mortality over the last few decades, adherence to cancer screening guidelines remains inconsistent,
Algorithm

particularly among certain demographic groups. This study aims to validate a rule-based algorithm to determine
adherence to cancer screening. A novel screening algorithm was applied to electronic health record (EHR) from
an urban healthcare system in New York City to automatically determine adherence to national cancer screening
guidelines for patients deemed eligible for screening. First, a subset of patients was randomly selected from the
EHR and their data were exported in a de-identified manner for manual review of screening adherence by two
teams of human reviewers. Interrater reliability for manual review was calculated using Cohen’s Kappa and
found to be high in all instances. The sensitivity and specificity of the algorithm was calculated by comparing the
algorithm to the final manual dataset. When assessing cancer screening adherence, the algorithm performed with
a high sensitivity (79%, 70%, 80%) and specificity (92%, 99%, 97%) for colorectal cancer, breast cancer, and
cervical cancer screenings, respectively. This study validates an algorithm that can effectively determine patient
adherence to colorectal cancer, breast cancer, and cervical cancer screening guidelines. This design improves
upon previous methods of algorithm validation by using computerized extraction of essential components of
patients” EHRs and by using de-identified data for manual review. Use of the described algorithm could allow for
more precise and efficient allocation of public health resources to improve cancer screening rates.

EHR/electronic health record

1. Background

Cancer screening programs in the United States have helped to in-
crease cancer detection and decrease cancer mortality over the last
several decades (Schiffman et al., 2015; Musa et al., 2017; Siu, 2016;
Curry et al., 2018; Bibbins-Domingo et al., 2016). The U.S. Preventive
Service Task Force Recommendations provide guidelines for cancer
screening, which vary by the procedure’s invasiveness, time, and cost
based on cancer screening type (Siu, 2016; Curry et al., 2018; Bibbins-
Domingo et al., 2016; Vodicka et al., 2017; Sun et al., 2018; Lew
et al., 2017). Colorectal cancer screening (including colonoscopy, CT
colonography, flexible sigmoidoscopy, fecal occult blood test, and fecal

immunochemical test), breast cancer screening (mammography), and
cervical cancer screening (Papanicolaou [Pap] smears and/or high-risk
human papillomavirus [hrHPV] testing) have been extensively investi-
gated, and their impact on mortality has been documented (Schiffman
et al., 2015; Musa et al., 2017; Siu, 2016; Curry et al., 2018; Bibbins-
Domingo et al., 2016). Despite these known benefits, only 50-60% of
eligible adults in the U.S. receive the recommended colorectal cancer
screening, while breast cancer and cervical cancer screening rates are
slightly higher, at 70% and 80%, respectively (Hall et al., 2018).

Some subsets of patients have lower rates of cancer screening than
others, contributing to increased mortality from cancers for which early
detection can lead to better outcomes (Inadomi et al., 2012; Nelson
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et al., 2009). Several studies have found that men are less likely to
participate in colorectal cancer screening than women (Hall et al., 2018;
Inadomi et al., 2012). Others have demonstrated that, among racial
groups, African Americans show the lowest rates of colorectal cancer
screening while whites are most likely to undergo colonoscopies (Hall
et al., 2018; Inadomi et al., 2012). For females, smoking, high BMI,
reduced healthcare access, and lack of insurance are associated with
decreased breast cancer and cervical cancer screening adherence
(Nelson et al., 2009; Wagholikar et al., 2012; Qureshi et al., 2000).
Significantly, more than half of women diagnosed with cervical cancer
have inadequate screening (Wagholikar et al., 2012). Efforts to increase
screening rates, particularly in underserved populations, are effective
and prudent public health measures that can and should be taken to
reduce unnecessary cancer morbidity and mortality (Kietzman et al.,
2019).

Interventions using electronic health records (EHR) are effective at
identifying individual patients in need of cancer screening, ultimately
leading to increased screening adherence among eligible adults
(Wagholikar et al., 2012; Hsiang et al., 2019; Green et al., 2013).
Computerized clinical decision support systems (CDSS) are programs
that can be trained using medical records and lab test results to offer
clinical suggestions (Wagholikar et al., 2012). Such programs can have a
great impact on cancer screening by providing physicians with indi-
vidualized cancer screening reminders and recommendations within the
EHR (Wagholikar et al., 2012). Indeed, several studies have demon-
strated that EHR-based interventions help prompt and guide physicians
in implementing evidence-based care, ultimately increasing patient
adherence with cancer screening guidelines (Hsiang et al., 2019; Green
et al., 2013; Coronado et al., 2014). However, many studies that eval-
uate the effectiveness of CDSS cite key limitations, including lack of data
standardization across EHRs and difficulty acquiring patient data from
outside hospital systems (Hsiang et al., 2019; Green et al., 2013; Coro-
nado et al., 2014; Petrik et al., 2016). Given these limitations, the
medical community would likely benefit from research validating the
use of standardized EHR algorithms with the potential to be applied
across institutional and geographic boundaries for the purposes of dis-
ease prevention, screening, and treatment. Of note, such research can be
applied to meaningful public health work.

Extraction of data from within an EHR for purposes of validating an
algorithm typically requires extensive manual chart review. These re-
views are often time consuming and require certified reviewers who
have been trained to use software that, in many instances, is not user
friendly (Panacek, 2007; Vassar and Holzmann, 2013). Separately, bias
in medicine and clinical decision-making—particularly in regard to race
and socioeconomic status—has been well documented (Williams et al.,
2015; Chapman et al., 2013). Full EHR reviews, which contain patient
demographic information including but not limited to race, employment
status, and insurance status may introduce unnecessary bias and resul-
tant reviewer error. Extraction of relevant EHR data in an automated,
de-identified manner, however, can avoid both bias and the laborious
full chart review process. Our study aims to use de-identified manual
review to validate a rule-based algorithm that determines adherence to
cancer screening guidelines using EHR patient data.

2. Materials and methods
2.1. Study population and data collection

We utilized EHR data extracted from the Epic platform from New
York University Langone Health (NYULH). A subset of NYULH patients
were selected by conducting a simple random sample among patients
who qualified for relevant cancer screening by age. In total, 305, 298,
and 300 patient charts were selected for each cancer screening type
(colorectal cancer, breast cancer, and cervical cancer respectively) to be
reviewed. This sample size has been previously validated for these types
of studies; power analysis additionally found that these sample sizes give
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a 95% credibility interval (Kadhim-Saleh et al., 2013). These selected
patients were managed using REDCap (Research Electronic Data Cap-
ture) electronic data capture tools hosted at NYULH (Chapman et al.,
2013; Harris et al.,, 2009). REDCap is a secure, web-based software
platform designed to support data capture for research studies,
providing 1) an intuitive interface for validated data capture; 2) audit
trails for tracking data manipulation and export procedures; 3) auto-
mated export procedures for seamless data downloads to common sta-
tistical packages; and 4) procedures for data integration and
interoperability with external sources (Harris et al., 2009; Harris et al.,
2019). Our REDCap project contained only the information on patients
included in the study; all information was extracted from the EHR, de-
identified to remove protected health information, and subsequently
imported into REDCap (Appendix 2).

Within these selected charts, some patients were excluded because of
their medical history. Patients who had a total colectomy or who were
previously diagnosed with colorectal cancer were considered ineligible
for colorectal cancer screening (Baker et al., 2015). For breast cancer,
patients who had a double mastectomy, two unilateral mastectomies, or
a prior diagnosis of breast cancer were considered ineligible (Kern et al.,
2013). Patients who had received a hysterectomy, were HIV positive, or
had been previously diagnosed with cervical cancer were considered
ineligible for cervical cancer screening (Kern et al., 2013). Patients over
age 65 were also excluded from cervical cancer analysis. Eligible pa-
tients were then determined to be either adherent or non-adherent to the
cancer screening guidelines recommended by the U.S. Preventive Ser-
vices Task Force (Table 1) using both a rule-based algorithm approach
and manual review (Fig. 1).

A rule-based algorithm was developed to automatically classify pa-
tients’ screening eligibility and adherence based on standardized codes
found within the Epic Clarity database (Appendix 1). Patients’ historical
medical records were queried using Structured Query Language (SQL) to
identify any relevant International Classification of Disease (ICD)-10-
CM and ICD-9-CM diagnostic or procedure codes, Current Procedural
Terminology (CPT) codes, Healthcare Common Procedure Coding Sys-
tem (HCPCS) codes, or Logical Observation Identifiers Names and Codes
(LOINC) laboratory codes (Appendix 1). Among the individuals who
were classified as eligible for screening, the rule-based algorithm clas-
sified patients as adherent if any cancer screening occurrences were
identified that adhered to the criteria and timeframes of the U.S. Pre-
ventive Task Force recommendations (Table 1).

Table 1
Cancer screening guidelines for colorectal, breast, and cervical cancer screening
according to the U.S. Preventive Services Task Force (3-5).

Cancer Screening Adherence Criteria

Type

Colorectal Cancer Patient 50-75 years old meeting any of the following criteria:
Had at least 1 colonoscopy within 10 years of most recent
encounter

Had a ct colonography within 5 years of most recent encounter
Had a flexible sigmoidoscopy within 5 years of most recent
encounter

Had a fecal occult blood test (fobt) within 1 year of most recent
encounter

Had a fecal immunochemical test (fit)-dna within 3 years of
most recent encounter

Patient 50-74 years old that had a mammogram within 2 years
of most recent encounter

Patient 21-29 years old that had a cytology/pap smear within
3 years of most recent encounter

Patient 30-65 years old meeting any of the following criteria:
Had a cytology/Pap smear within 3 years of most recent
encounter

Had a high-risk HPV test within 5 years of most recent
encounter

Had a high-risk HPV test with a cytology/Pap smear within 5
years of most recent encounter

Breast Cancer

Cervical Cancer
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Random selection of charts from Epic meeting
relevant age and gender characteristics
Colorectal Cancer: n=305
Breast Cancer: n=300
Cervical Cancer: n=298

All charts extracted and
anonymized in Redcap
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Ineligible patients excluded

Colorectal Cancer: n=3
Breast Cancer: n=5

Cervical Cancer: n=6

Algorithmic review of Manual review of patient
adherence to screening eligibility for screening
guidelines
Manual review of adherence to
screening guidelines by two
teams of reviewers
Algorithmic

Reviewer Agreement
Colorectal Cancer: n=272
Breast Cancer: n=276
Cervical Cancer: n=271

designations finalized

Reviewer Disagreement
Colorectal Cancer: n=29
Breast Cancer: n=15
Cervical Cancer: n=17

l

calculations performed

l Inter-rater reliability

Manual designations
finalized

Manual full chart
review performed

Comparison of manual
and algorithmic

Sensitivity and specificity
calculations performed

designations

Fig. 1. Algorithm validation workflow. Diagram demonstrating the parallel workflows of the manual review teams and algorithm.

Two teams of trained manual reviewers each evaluated the de-
identified dataset in REDCap to determine if the patients were eligible
for cancer screening (Fig. 1). If they were eligible, the manual reviewers
determined their adherence status. If manual reviewers were unable to
make a designation or were unsure of their designation based on the de-
identified data available in REDCap, the chart was designated for full
review in Epic, after which a final determination about eligibility and
adherence was made. Once both teams finished reviewing their datasets,
all disagreements (i.e. discrepancies in eligibility and/or adherence
designations) between the teams concerning both eligibility and
adherence were identified. As necessary, a subsequent round of full
chart reviews was performed to make final eligibility and adherence
determinations for each conflict and to create a final manual review
dataset to be compared directly to results produced by the rule-based
algorithm. Individual adherence/non-adherence categories (e.g., colo-
noscopy vs. FIT testing) were not examined in detail because the algo-
rithm did not distinguish adherence at this level. The datasets used to
evaluate screening adherence included only patients who were deemed
eligible by both manual review and the algorithm. This study was
approved by the New York University School of Medicine Institutional
Review Board and waived informed consent.

2.2. Statistical analysis

Within the original manual review datasets (i.e., before

disagreements were resolved), we first assessed interrater reliability
(IRR) between the two sets of manual raters through both percent
agreement and calculation of Cohen’s Kappa. The Cohen’s Kappa for
colorectal cancer was 0.723, for breast cancer was 0.892, and 0.867 for
cervical cancer. These Cohen’s Kappa values indicate there was a sub-
stantial or almost perfect amount of agreement for adherence designa-
tions (Kern et al., 2013). Within the final manual review dataset, we
calculated the percentage of adherent patients for each type of cancer
screening. Next, sensitivity and specificity of the algorithm were
calculated by comparing algorithm results to manually determined re-
sults. For our study, sensitivity refers to the ability of the algorithm to
correctly identify patients who were up to date with screening while
specificity refers to the ability to correctly identify patients who were not
up to date with screening. All analyses were conducted using SPSS 25
(IBM SPSS Statistics 25, Armonk NY).

3. Results

A total of 305 charts were considered for colorectal cancer screening;
3 (0.98%) were excluded due to their medical history. A total of 24.2%
(73/302) of charts were found to be up to date with screening by manual
review. The algorithm performed with a sensitivity of 79.5% (58/73;
95% CI 70.2%-88.7%) and a specificity of 91.7% (210/229; 95% CI
88.1%-95.3%) when assigning adherence status (Table 2). This means
that the colorectal cancer screening algorithm correctly identifies
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Table 2
Sensitivity and specificity of the algorithm for cancer screening adherence.

Sensitivity (n, %, 95% CI) Specificity (n, %, 95% CI)

Colorectal 58/73, 79.45%, 70.2%— 210/229 91.70%, 88.1%—
Cancer 88.7% 95.3%
Breast Cancer 79/113, 69.9%, 61.5%— 176/177, 99.4%, 98.3%-100%
78.4%
Cervical Cancer 94/105, 89.5%, 83.7%— 180/186, 96.8%, 94.2%-—
95.4% 99.3%

approximately 80% of patients who are adherent with colorectal cancer
screening guidelines but misclassifies around 8% of patients who are not
adherent as adherent.

A total of 298 charts were considered for breast cancer screening; 5
(1.7%) were excluded due to medical history. A total of 39.6% (116/
293) of charts were subsequently determined to have demonstrated
adherence to the breast cancer screening guidelines. For determinations
of adherence, the algorithm displayed a sensitivity of 69.9% (79/113;
95% CI 61.5%-78.4%) and a specificity of 99.4% (176/177; 95% CI
98.3%-100%) (Table 2).

A total of 300 charts were considered for cervical cancer screening; 6
(2.0%) were excluded due to age and 3 (1.0%) were excluded due to
their specific medical history. A total of 36.1% (105/291) of patients
were ultimately determined to be adherent to the cervical cancer
screening guidelines (Table 1). The algorithm performed with a sensi-
tivity of 89.5% (94/105; 95% CI 83.7%-95.4%) and a specificity of
96.8% (180/186; 95% CI 94.2%-99.3%) when determining adherence
to the screening guidelines in comparison with the manual reference
standard (Table 2).

4. Discussion

Our study demonstrates that the previously described standardized
algorithm for determining patient adherence to cancer screening
guidelines is valid given the high sensitivities (79%, 70%, 90%) and
specificities (92%, 99%, 97%) produced in colorectal cancer, breast
cancer, and cervical cancer screening, respectively (Table 2). Although
cancer screening has effectively reduced cancer mortality, patient
adherence with these preventative measures ranges from 50 to 80% and
is lower among certain groups (Schiffman et al., 2015; Musa et al., 2017;
Hall et al., 2018; Inadomi et al., 2012; Nelson et al., 2009). EHRs have
been used previously to increase individual patient adherence with
cancer screening recommendations; however, these studies in creating
EHR-based tools are generally time-consuming, require extensive
reviewer training, and are potentially vulnerable to bias (Chapman
et al., 2013; Antoniou et al., 2011; Wagholikar et al., 2012; Qureshi
et al., 2000; Kietzman et al., 2019; Hsiang et al., 2019; Green et al.,
2013; Coronado et al., 2014). The technique we have described for
automated, de-identified data extraction prior to manual review of pa-
tient charts can decrease the time required for review and help decrease
bias. The construction and validation of an algorithm that can accurately
determine cancer screening adherence for large patient groups can also
allow targeted public health efforts to improve cancer screening rates
within particular neighborhoods or among specific groups.

In this study, we developed a rule-based algorithm that efficiently
identified patient adherence to colorectal cancer, breast cancer, and
cervical cancer screenings. In all instances, the algorithm was able to
determine the adherence status with a high specificity and relatively
high sensitivity. Interestingly, the algorithm had the lowest sensitivity
when determining breast cancer screening adherence (70%) when
compared to colorectal cancer (79%) and cervical cancer (90%) cancer
screening, despite breast cancer screening guidelines having the
simplest adherence criteria. This could be because the CPT and ICD
codes selected for the SQL algorithm were not necessarily a universal list
of mammogram codes, a procedure which may have more codes than
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other screening modalities.

When identifying the adherence status of patients, for each cancer
type, the algorithm performed with a higher specificity than sensitivity.
Given the importance of identifying true negatives—individuals not
adherent to the guidelines—to better focus public health efforts, we are
inclined to accept the high specificity at the expense of sensitivity. We
must accept that if we use this algorithm on EHRs to estimate screening
rates in a given population, we will slightly underestimate the propor-
tion of patients who are adherent because of the lower sensitivity. We
believe that the high specificity of the algorithm we present in this study
can accordingly aid in the efficient allocation of public health resources.

Our study demonstrates an efficient model to validate rule-based
algorithms. Many studies have validated such algorithms; however,
the initial extraction of the data in these studies was manual (Antoniou
et al., 2011; Ginde et al., 2008; Thirumurthi et al., 2010). Our design
improves upon these studies’ methods by employing computerized
deidentification of relevant data from the EHR into REDCap, thereby
reducing the time to complete the manual review process and poten-
tially reducing bias. This does, however, make the process of validation
entirely dependent upon the accuracy of the transfer. Our comprehen-
sive workflow (Fig. 1) allowed for full EHR chart reviews when manual
reviewers were unsure of the designation based on the information in
REDCap. These checks allowed us to intermittently assess the accuracy
of the REDCap data in an observational manner while maintaining an
efficient workflow.

Many studies have also demonstrated the utility of algorithms
capable of searching an HER in order to identify patients with a given
condition, or having undergone a specific treatment, or procedure
(Wagholikar et al., 2012; Smischney et al., 2014; Amra et al., 2017;
Barnes et al., 2020). Our study improves on these by performing similar
analysis using limited, de-identified data digitally extracted from Epic
into REDCap. A previous study demonstrated that algorithms used on
limited, manually abstracted EHR data were able to identify individuals
infected with HIV with a high sensitivity and specificity (Antoniou et al.,
2011). However, their data extraction was manual, while ours was
computerized (Antoniou et al., 2011). Computerized EHR abstractions
have been used before; however, they have been limited by the number
of variables collected as well as the number of patients involved in these
studies (Kurdyak et al., 2015; Hu et al., 2017). Furthermore, many of
these studies determined whether the patient had a given condition by
examining only ICD codes (Ginde et al., 2008; Thirumurthi et al., 2010).
Our study examined billings, orders, problem lists, and labs in addition
to ICD codes. Our results indicate the capacity of our algorithm to
quickly and accurately provide answers to simple inquiries on sets of
limited data from large patient populations.

Despite the promising results of this study, there are several limita-
tions. The sample population for this study only included NYULH pa-
tients who were randomly selected, including those who had only one
encounter at NYULH. Because of this, some patients’ cancer screening
status may not be represented in their NYULH chart. Additionally, since
we only tested the SQL algorithm on one hospital EHR system, the
generalizability of this algorithm’s abilities and performance statistics
may be limited. There may be differences in the completeness and ac-
curacy of EHR coding and documentation between hospitals, which
could affect the ability of the algorithm to correctly identify individuals
who are not up-to-date with screening recommendations. This algorithm
also fails to capture individuals who are not currently within the health
system or are not regularly receiving medical care. Further work would
be needed to identify these vulnerable populations for cancer screening
programs. Many of these described limitations, however, did not affect
our ability to validate the algorithm itself. Instead they highlight key
considerations for adopting this algorithm in the future to inform public
health efforts.

We suggest that the algorithm validated in this study, when applied
to a large multi-institutional de-identified data set, has the potential to
inform the allocation of public health resources for robust cancer
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screening. Currently, many public health efforts on the national, state,
and even city levels are targeted based on race, ethnicity, socioeconomic
status, or insurance status because many of these variables have been
linked to lower cancer screening rates (Levano et al., 2014; Itzkowitz
et al., 2016; Hall et al., 2012). While this effort is well intentioned, it
may be inefficient because it may spread funding too thinly across
communities without accounting for the various intersecting factors that
contribute to cancer screening adherence in a subgroup of the general
population. Acknowledging this, New York City has implemented
several public health measures aimed specifically at high-risk neigh-
borhoods by prevalence of preventable cancers as well as responses to a
CDC national survey on cancer screening (Itzkowitz et al., 2016;
Screening Amenable Cancers in New York State, 2020). These efforts,
however, can be expensive, and the cost-effectiveness of many
commonly used methods has yet to be studied in detail (Andersen et al.,
2004). Our algorithm has the potential to provide the data to allow for
more efficient targeting of communities and individuals within New
York City and other urban areas. Given the amount of data that could be
collected when applied to health systems across a densely populated
city, our algorithm could allow for a reduction of cost on a large scale by
ensuring resources are directed to those communities and hospitals
where they are most needed.

5. Conclusions

Our study has validated an effective algorithm as well as a novel de-
identified method of evaluating cancer screening adherence as docu-
mented within an EHR. We have also presented an efficient workflow for
validating rule-based algorithms, albeit with a small initial dataset. With
further data and analysis, our algorithm may eventually be used to
highlight areas or populations with lower cancer screening rates. In the
future, we aim to apply this algorithm to a larger clinical research
network containing limited, de-identified data from academic in-
stitutions across New York City (Kaushal et al., 2014). We hope that
applying the algorithm to such a database will allow us to create a multi-
institutional EHR-based network to improve city-wide cancer screening
and EHR-based surveillance. By validating our algorithm, we have taken
the first step towards this goal.
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