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Abstract

Background Machine learning tools identify patients with

blood counts indicating greater likelihood of colorectal

cancer and warranting colonoscopy referral.

Aims To validate a machine learning colorectal cancer

detection model on a US community-based insured adult

population.

Methods Eligible colorectal cancer cases (439 females,

461 males) with complete blood counts before diagnosis

were identified from Kaiser Permanente Northwest

Region’s Tumor Registry. Control patients (n = 9108)

were randomly selected from KPNW’s population who had

no cancers, received at C1 blood count, had continuous

enrollment from 180 days prior to the blood count through

24 months after the count, and were aged 40–89. For each

control, one blood count was randomly selected as the

pseudo-colorectal cancer diagnosis date for matching to

cases, and assigned a ‘‘calendar year’’ based on the count

date. For each calendar year, 18 controls were randomly

selected to match the general enrollment’s 10-year age

groups and lengths of continuous enrollment. Prediction

performance was evaluated by area under the curve,

specificity, and odds ratios.

Results Area under the receiver operating characteristics

curve for detecting colorectal cancer was 0.80 ± 0.01. At

99% specificity, the odds ratio for association of a high-risk

detection score with colorectal cancer was 34.7 (95% CI

28.9–40.4). The detection model had the highest accuracy

in identifying right-sided colorectal cancers.

Conclusions ColonFlag� identifies individuals with ten-

fold higher risk of undiagnosed colorectal cancer at curable

stages (0/I/II), flags colorectal tumors 180–360 days prior

to usual clinical diagnosis, and is more accurate at identi-

fying right-sided (compared to left-sided) colorectal

cancers.

Keywords Colorectal neoplasms � Colonoscopy � Medical

informatics computing � Blood cell count � Hemoglobin �
Area under receiver operating characteristics curve

Background and Aims

An estimated 134,492 new cases of colorectal cancer

(CRC), evenly distributed among men and women, were

diagnosed in 2016 in the USA, and 49,190 persons died

from CRC in 2016—26,020 males and 23,170 females [1].
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CRC is the fourth most prevalent cancer in the USA (after

prostate, breast, and lung) and the second-highest cause of

cancer-related deaths (after lung) [1].

Research has demonstrated that screening for CRC

improves survival and reduces mortality rate. The American

Cancer Society, American College of Physicians, American

Gastroenterology Association, European Union Health

Program, and United States Preventive Services Task Force

(USPTF) clinical guidelines, based on scientific evidence,

recommend CRC screening for all individuals over the age

of 50 even if no additional risk factors are present [2–5].

The USPTF rates CRC screening at age 50 through 75 years

as ‘‘Grade A—likely net benefit is substantial’’ [6, 7]. In

addition, specialty guidelines recommended earlier or more

frequent CRC screening for members of high-risk popula-

tion groups—hereditary CRC syndromes, individuals with

first-degree relatives with CRC, and patients suffering from

inflammatory bowel disease [2–5]. Research has demon-

strated that compared with no endoscopic screening, receipt

of a screening colonoscopy is associated with a 67%

reduction in the risk of death from any colorectal cancer

[adjusted odds ratio (aOR) = 0.33, 95% confidence interval

(CI) 0.21–0.52] [8]. By cancer location, screening colono-

scopy is associated with a 65% reduction in risk of death for

right colon cancers (aOR = 0.35, CI 0.18–0.65) and a 75%

reduction for left colon/rectal cancers (aOR = 0.25, CI

0.12–0.53) [8].

The USPTF rates screening for CRC in older adults

aged 76–85 years as ‘‘Grade C—likely net benefit is small’’

[6, 7], and recommends that adults in this age group who

have never been screened for colorectal cancer would be

more likely to benefit, and that screening would be most

appropriate among older adults who: (1) are healthy

enough to undergo treatment if colorectal cancer is detec-

ted; (2) do not have comorbid conditions that would sig-

nificantly limit their life expectancy [6, 7].

Identifying patient populations who appear to be at

increased risk of CRC and for whom further investigation

is especially encouraged is a significant priority for

managing the overall CRC burden in a defined population.

Risk assessment tools are commonly used to estimate a

patient’s relative risk of disease on the basis of well-

established biological, behavioral, and/or demographic

factors. Those persons in the highest risk categories are

expected to be particularly motivated to comply with dis-

ease screening recommendations [9]. Analysis of common

clinical parameters (i.e., demographic data and common

laboratory tests, such as blood counts) could enable more

efficient screening of large populations.

Previous reports have shown that analysis of complete

blood counts (CBCs) can help identify patients at high risk

of CRC [10]. Unexplained anemia is a major predictor of

CRC in the elderly [11] and, together with hemorrhoids, is

the most common cause for delay in CRC diagnosis

[11–14]. Blood loss is present in 60% of CRC cases, and a

daily loss of as little as 3 mL in the stool can cause iron

deficiency anemia [15]. However, as only 18% of CRC

cases had anemia more than a year before diagnosis [16], a

significant proportion of the population is not anemic [17].

The fecal occult blood test detects only current bleeding,

while in CRC, blood loss is commonly intermittent [10]. It

seems logical that tests designed to detect intermittent

blood loss should improve the sensitivity of screening for

colonic malignancies. It has been reported that 88% of

CRC patients had at least one blood abnormality [10]. As

such, attempts to predict CRC from the CBC are under

active research. Previous publications have shown that red

blood cell distribution width (RDW) had 84% sensitivity

and 88% specificity for right-sided CRC cases; no

improved sensitivity in combination with red cell distri-

bution width (RDW), hemoglobin (Hgb), and mean cor-

puscular volume (MCV) was documented [10]. Goldshtein

et al. [18] have shown that a minor decrement in the levels

of blood Hgb may signify the early development of CRC.

Recognition of a change in Hgb levels over time, rather

than the most current value alone, has been shown to

improve detection of CRC [19].

Kinar et al. [20, 21] developed a novel method for

identifying individuals at increased risk of having CRC

through empirically derived detection models of their

blood counts, age, and sex. Based on machine learning

methods—decision trees and cross-validation techniques—

this method, called ColonFlag�, enabled generation and

evaluation of data-driven detection models [20, 21].

ColonFlag� was developed using data from Maccabi

Healthcare Services (MHS) and the Israel National Cancer

Register (INCR) [22]. This statistical detection model was

validated using the UK’s The Health Information Network

(THIN) database—an anonymized UK primary care data-

base derived from General Practitioners in the UK, which

is broadly representative of the UK population in terms of

sex, age, and major condition prevalence [23]. Individuals

in the highest one percentile of ColonFlag� scores faced a

20-fold higher risk of being diagnosed with CRC in the

subsequent 12–18 month period [20, 21]. This performance

of ColonFlag� on Israeli and UK patient populations sug-

gests that it should be estimated for other defined

populations.

The primary aims of this study are to develop and

evaluate the performance of the ColonFlag� on a US

insured population, and assess the applicability of the score

in different subgroups and various scenarios of use and in

comparison with clinical indicators that warrant referral to

colonoscopy due to a higher likelihood of CRC.
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Methods

Ethics Approval

This research was approved by the Kaiser Permanente

Northwest Region (KPNW) Human Subjects Protection

Program (institutional review board), which granted

waivers of informed consent because this study involved

analyses of retrospective data where all patient information

was anonymized and de-identified prior to transfer to

Medial Early Sign (MES) for analysis. The KPNW IRB

and KPNW HIPAA compliance officer approved this file

transfer process and sharing of these data. Unique study-

specific patient numbers were included on these files: links

to patient names, medical record numbers, and other

identifying information were not disclosed.

Setting

KPNW is a prepaid integrated healthcare system with an

electronic medical record system and represents a logical

test bed for this statistical detection modeling effort.

KPNW patients are covered for all medical care ordered or

referred by their KPNW physicians. Patients are not cov-

ered for services sought on their own initiative from non-

plan sources, with the exception of true emergency care.

This economic incentive assures high capture of compre-

hensive healthcare utilization and laboratory test result data

on KPNW members. This setting enabled identifying all

KPNW patients diagnosed with CRC as well as all KPNW

patients who had no evidence of CRC during their effective

enrollment periods. KPNW medical information systems

also included tumor registry data on nearly all diagnosed

cancers among KPNW members, as well as laboratory test

results for all members. The KPNW Tumor Registry

coordinates with the Oregon and Washington State Tumor

Registries to identify KPNW members who received their

cancer diagnoses outside of the KPNW system.

Disease Detection Modeling Paradigm

The overall purpose of this CRC detection model is to

detect adults who are likely at an elevated risk of having

CRC based on their demographics, and previous laboratory

test results in a population of adults with comprehensive

medical history data available. From this empirical

healthcare data resource, we extracted equivalent data on

hypothesized CRC predictors for large samples of patients

with and without CRC. We employed statistical detection

modeling techniques to derive models that predicted the

likelihood of individuals having or developing CRC. Our

purpose was to identify an enriched sample of patients for

whom having a colonoscopy was a high clinical priority.

The model’s parameters could be adjusted to achieve

desired combinations of true positives, true negatives, false

positives, and false negatives, given the available resources

to recruit targeted patients, perform their colonoscopies,

and treat identified precancerous lesions and cancers.

Study Population Selection and Matching

The colorectal cancer cases were selected from the KP

Tumor Registry using the following selection criteria: (1)

diagnosed with colorectal cancer—International Classifi-

cation of Diseases-Oncology (ICD-O) sites C18.0–C18.9,

C19.9, and C20.9; (2) had one or more CBCs within

6 months of the CRC diagnosis date; (3) had at least

180 days of continuous KPNW enrollment prior to CRC

diagnosis date (enrollment gaps of 90 days or less were

considered continuous enrollment); (4) CRC patients with

any cancer diagnosis prior to the CRC diagnosis date were

excluded; and (5) CRC patients with other cancers diag-

nosed on the same date as the CRC diagnosis date were

flagged so that this variable was available to the detection

modeling effort.

Control cases were selected from the KPNW member-

ship using the following criteria: (1) received at least one

outpatient CBC between 2000 and 2013; (2) age between

age 40 and 89 years at time of at least one CBC; (3) no

history of cancer diagnoses in the KPNW Tumor Registry

or electronic medical record systems; (4) were continu-

ously enrolled in KPNW from 180 days prior to CBC date

through 24 months after the CBC date (30 months of

cancer-free continuous enrollment, with gaps of up to

3 months patched); (5) because potential controls could

have more than one CBC in their study eligibility period,

one CBC for each control case was randomly selected to

assign a pseudo-diagnosis date for purposes of matching to

CRC cases; (6) for each calendar year, 18 control cases

were randomly selected for each CRC case diagnosed in

that calendar year, matching on the general enrollment

population’s 10-year age groups (up to 80–89 years) and

lengths of continuous enrollment (0.5–5 years, more than

5 years up to 10 years; and more than 10 years prior to

diagnosis or pseudo-diagnosis date); (7) controls for 2013

cases were selected from 2012 potential controls and

matched on the 2012 general population’s distribution of

10-year age groups and length of continuous enrollment;

and (8) random matching was repeated until 18 controls per

case were identified or three iterations were completed. A

random sample of 900 KPNW adults with CRC (and

having at least one prior CBC) who were at least 40 years

of age at the time of disease onset, and a random sample of

16,195 healthy KPNW controls were created.
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Data Needs for Disease Detection Modeling

For the calculating the CRC detection score, the model

requires, at minimum, gender, year of birth, and at least

one CBC, which includes at least one of the following

combinations of findings: {RBC, Hgb, Hct}, {RBC, Hct,

MCH}, {RBC, MCH, MCHC}, {Hgb, Hct, MCH}, {Hgb,

MCH, MCHC}, or {Hct, MCH, MCHC}. When the

minimum required information is not available, no score

is produced, and an error message is returned for the

specific patient’s record. If available, multiple CBCs for

each patient can be put into the model, and the algorithm

will compute an optimized likelihood of CRC. The

ColonFlag� algorithm performs the following main

functions: (1) batch processing of patient data input files;

(2) validation of input files for valid data structure, logic,

and conformity with model requirements; (3) calculation

of a predictive score for each patient; and (4) creation of

an output file containing a CRC risk score for each

patient.

Data Extraction

Data were extracted on all colonoscopy procedures per-

formed on cases from 2000 through the CRC diagnosis

date, and on all controls through 2013. Note that KPNW

members are not reimbursed for laboratory tests not pre-

scribed by a KPNW physician. Colonoscopies with tissue

removal were linked to the respective pathology reports.

All CBC and serum ferritin results from 1998 through 2013

for cases and controls were extracted. Data were also

extracted on patient demographics, deaths, all inpatient and

outpatient diagnoses, tumors, colonoscopies performed,

flexible/rigid sigmoidoscopies performed, FOBT and FIT

test results, enrollment history, hospitalizations, body mass

index, and tobacco consumption.

Data Transfer

Limited data files with study-specific case identifying

numbers were created by content areas and unit of obser-

vation for all cases and controls. These files were trans-

ferred by KPNW to Medial EarlySign, Inc. (MES) via

secure encrypted Web transfer.

Data Quality Check

Manual re-abstraction of tumor and medical record data

was conducted for stratified random samples of 10 study

cases and 10 control cases each for selected patient

characteristics—demographics, laboratory results, cancer

registry, procedures, and diagnosis information. MES

identified cases and controls with a screening colonoscopy

in 2006 or later at age 50 or older from their version of the

study data files. Screening colonoscopies had to have the

reason for referral as a family history of CRC or a patient-

requested colonoscopy. Twice the numbers needed were

sampled in order to allow replacements for colonoscopies

that were diagnostic instead of screening procedures.

Eligibility for the subgroups was based on red-blood-

cells-related parameters and ferritin results and if a

pathology report existed for the colonoscopy. The order of

priority for subgroup assignment was: First, microcytic

anemia—30 subjects with MCV\ 82 fL and RDW[ 15

and Hgb\ 11 for women and\12 for men; second, low

ferritin—30 subjects B 20 ng/mL; third, low Hgb—30

subjects \11 for women and\12 for men; and last, no

findings—10 subjects where no biopsy was taken and no

pathology report existed. An MES investigator conducted

an in-person blinded re-abstraction of the medical record

data for these 100 cases with a KPNW medical record

technician. The MES investigator read the research case

number to the KPNW medical record abstractor, who, in

turn, read the selected variable values from the medical

record back to the MES investigator. The result was 100%

in agreement on all abstracted variables for all 100 cases

between the MES version of the study data files and the

original KPNW medical records.

Detection Model Development

MES performed diagnostics on the data supplied by

KPNW. Missing data were verified with KPNW. The

majority of questions from MES staff required explanations

of allowable ranges and acceptable patterns across multiple

variables. The entire KPNW sample—both cases and

controls—were used for our analysis to test the ColonFlag�

detection algorithm.

Results

Size and Demographics of US HMO Study Samples

A total of 17,095 patients were included in this analysis.

The CRC sample included 900 patients—439 females and

461 males (Table 1). The CRC-free control sample inclu-

ded 16,195 patients—9108 females and 7087 males.

Overall, female CRC patients were 10.8 years older than

the female control sample, and male CRC patients were

9.8 years older than the male control sample. The

requirement of being cancer-free may account, at least in

part, for the younger age distribution of controls.
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Performance of CRC Detection Model

SensitivityHgb refers to CRC cases only and is the rate of

CRC’s identified by low Hgb levels alone out of the total

CRC cases, based on available CBC’s in two adjacent time

windows—0–180, and 181–360 days before the date of

CRC diagnosis. SensitivityColonFlag
� is the rate of CRCs

identified by ColonFlag� out of the total CRC cases, based

on available CBC’s in two time windows—0–180 versus

181–360 days before the date of CRC diagnosis. It should

be noted that the cutoff was calculated according to the

specificity level of the Hgb group. For the 0–180-day win-

dow, SensitivityColonFlag
� was 34% and 36% higher for the

50–75- and 40–89-year-old age groups’ SensitivityHgb,

respectively (Table 2). In the 181–360-day window,

SensitivityColonFlag
� was 47% and 84% higher than

SensitivityHgb for the 50–75- and 40–89-year-old CRC age

groups, respectively.

Our CRC detection model had an area under the receiver

operating characteristics (AUROC) curve of 0.81 for

women and 0.79 for men, respectively (Table 3). The

model’s odds ratios for women were higher than for men at

various high specificity levels ranging from 90 to 99%.

The ROC curve for ColonFlag� applied to KPNW data

is shown in Fig. 1 (AUC = 0.81, both genders combined).

For comparison, the AUROC curve for a detection algo-

rithm using only age has an AUROC of 0.73). The ROC

curve ColonFlag� applied to the MHS (Israel) data had the

best performance (AUROC = 0.87) and applied to the

NHS data the second best (AUROC = 0.85).

The predicted relative risks generated by the CRC

detection model were 12.1 and 16.7 for in situ and Stage I,

respectively, at 99% specificity (Table 4). The predicted

relative risks of CRC from the CRC detection model were

54.1 and 57.3 for Stage II and Stage III, respectively, and

40.4 for Stage IV.

Our CRC detection model performed best in detecting

CRC tumors in the cecum and ascending colon, and less

well detecting tumors in the transverse colon, and worst for

detecting tumors in the sigmoid colon and rectum. The

odds ratio of the CRC detection model for detecting tumors

in the cecum was 93.4 at the 99% specificity level, as

compared to an OR of 10.2 for detecting tumors in the

rectum (Table 5). At the 95% and 90% specificity levels,

the ORs for detecting tumors in the ascending colon were

higher than for the cecum—40.3 at 95% and 28.0 at 90%—

versus 5.4 and 4.9 for the rectum, respectively.

Odds ratios for detecting CRC declined over longer time

intervals after the CBC tests were performed. Odds ratios

for detecting CRC in patients aged 40–89 years at the 99%

specificity level were 34.7 for the 0–180-day window after

the CBC versus 20.4 for the 181–365-day window

(Table 6).

Bleeding in the bowel can result from conditions other

than cancer. The ORs for selected non-cancerous bowel

conditions that can cause internal bleeding are shown in

Table 7 by specificity levels. While the ORs were much

lower for these conditions compared to CRC, these data

reveal that detection models may have applicability for

passive screening of defined populations for some of these

conditions, such as angiodysplasia/angioectasia.

Discussion

An algorithm-based analysis of medical information that

includes a CBC had higher sensitivity for detecting CRC

cases compared to Hgb alone within 6 months and

Table 1 Size and

demographics of study sample
Group Female Male Total

N Age (mean, SD) N Age (mean, SD) N Age (mean, SD)

Colorectal cancer cases 439 68.6, 12.8 461 66.9, 11.5 900 67.7, 12.1

Controls 9108 57.8, 12.1 7087 57.1, 10.9 16,195 57.5, 11.6

Total 9547 58.3, 12.3 7548 57.7, 11.2 17,095 58.0, 11.8

Kaiser Permanente Northwest, Portland, Oregon, USA

Table 2 Sensitivity of the ColonFlag� detection model by age group and time window

Time window (days after complete blood count test) Age group SensitivityHgb SensitivityColonFlag
� Improvement (%)

0–180 days 50–75 25.7 34.5 34

40–89 29.4 39.9 36

181–360 days 50–75 12.8 18.8 47

40–89 14.9 27.4 84

Kaiser Permanente Northwest, Portland, Oregon, USA
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6–12 months after the CBC tests. The algorithm-based

analysis had higher sensitivity for identifying CRC cases

diagnosed in the first 6 months, as compared to

6–12 months before CRC diagnosis, and for detecting CRC

cases among the 40–89-year-old CRC population age range

compared to the 50–75-year-old CRC population. This is

the first US-based study of the ColonFlag� early CRC

detection model. Previous validations have been performed

on members of the MHS in Israel and on a British National

Health Services population [20, 21]. Performance of the

ColonFlag� CRC detection model with the KPNW vali-

dation data is similar to these previous foreign studies; the

algorithm-based analysis performed best in detecting CRC

tumors in the cecum and ascending colon. Furthermore, we

demonstrated the model’s significant advantage over a

model based on age only.

The overall compliance rate of CRC screening in the

USA is still considered suboptimal [19, 24–26]. About one-

third of eligible adults in the USA have never been

screened for CRC [27]. Offering choice in CRC screening

strategies may increase screening uptake [28]. In the USA,

CRC screening is promoted through the dissemination of

guidelines and media campaigns, although some organized

programs are run through health plans and local health

departments [25]. CRC screening rates of adults aged

50–75 years reported by the CDC’s Behavioral Risk Factor

Surveillance System in 2010 have reached 60% [26]. The

National Colorectal Cancer Roundtable is a coalition of

organizations—healthcare systems, government agencies,

health insurers, universities, medical schools, scientific

organizations, professional health organizations, health

care providers, individuals, etc.—that have pledged to

Table 3 Area under the

receiver operating

characteristics curve and odds

ratios for ColonFlag� by gender

and specificity levels

Gender AUROC (95% CI) Odds ratio by specificity level (95% confidence interval)

99% 97% 95% 90%

Female 0.81

(0.78–0.83)

39.6

(30.3–50.6)

22.0

(18.0–26.8)

16.8

(13.7–20.2)

11.0

(8.9–13.4)

Male 0.79

(0.77–0.81)

31.5

(24.3–39.5)

17.4

(13.8–21.5)

12.8

(10.2–15.9)

8.5

(6.9–10.5)

Combined 0.80

(0.79–0.82)

34.7

(28.9–40.4)

19.7

(17.0–22.6)

14.6

(12.5–16.6)

10.0

(8.6–11.5)

Kaiser Permanente Northwest, Portland, Oregon, USA

Fig. 1 Receiver operating characteristics curves, 0–180 days prior to

colorectal cancer diagnosis, ages 40–89 years

Table 4 ColonFlag� odds ratios of colorectal cancer by stage for

various specificity levels, ages 40–89 years

Colorectal cancer stage N Odds ratio by specificity level

99% 97% 95% 90%

In situ 24 12.1 6.8 6.2 4.9

I 61 16.7 7.8 6.2 4.6

II 215 54.1 29.1 21.9 15.1

III 185 57.3 29.2 21.1 12.6

IV 120 40.4 26.3 18.9 13.4

Kaiser Permanente Northwest, Portland, Oregon, USA

Table 5 ColonFlag� odds ratios of colorectal cancer by tumor

location for various specificity levels, ages 40–89 years

Colorectal cancer location N Odds ratio by specificity level

99% 97% 95% 90%

Cecum 181 93.4 60.5 40.3 28.0

Ascending 107 90.0 56.4 51.1 32.9

Transverse 44 51.1 32.3 20.8 15.8

Sigmoid 171 13.8 7.2 6.8 4.9

Rectum 182 10.2 6.1 5.4 4.9

Kaiser Permanente Northwest, Portland, Oregon, USA
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cooperate in raising the rate of CRC screening in the USA

to 80% of the at-risk population by 2018 [27]. Amidst

increased screening rates is evidence of screening and

surveillance colonoscopy overuse, programs that target

patients at increased risk for CRC may help to better target

colonoscopy resources [28–32].

The lower performance of our CRC detection model for

detecting tumors in the sigmoid colon and rectum (Table 5)

may relate to the ability for persons to visualize fresh blood

from these left-sided tumors through hematochezia; this

symptom often leads to a clinical presentation and subse-

quent diagnosis of an underlying CRC. Older CBC tests

still have meaningful predictive value for CRC (Table 6),

but an analysis of CBC test results in\180 days has higher

predictive accuracy and enables earlier detection of

potentially treatable disease. Ideally, the ColonFlag� CRC

detection model can be computed after every CBC test and

incorporated into the reports to ordering physicians.

Prior ‘‘Big Data’’ algorithms utilizing patient data have

had limitations. Hippisley-Cox et al. [33] recently devel-

oped a range of innovative algorithms for identifying

individuals suspected to CRC by analyzing primary care

data. These algorithms identify suspected individuals by

taking into account ‘‘alarm’’ symptoms which may indicate

the existence of as yet undiagnosed cancer. As part of their

studies, Hippisley-Cox et al. [33] developed and validated

algorithms for detecting individuals at high risk of current

CRC. These algorithms make use of symptoms—recorded

within primary care consultations—which are known to

indicate the existence of CRC (such as rectal bleeding,

weight loss, anemia, and other symptoms). Although these

symptoms may also be associated with other types of

cancer, the algorithms are able to use these general

parameters to specifically identify individuals with high

chances to be diagnosed with CRC within a period of

2 years. The reported receiver operating characteristics

(ROC) curve statistics for these algorithms were 0.89 (fe-

males) and 0.91 (males). The top 10% risk score of the

validated population had 90.1% specificity and 70.6%

sensitivity for diagnosing CRC in the following 2 years.

Yet, the algorithms presented by the Hippisley-Cox team

have several limitations. They use parameters based on

self-reported symptoms, which may not always be col-

lected or reliably reported by the patients. Moreover,

models based on patient complaints or visible clinical signs

of cancer are unable to identify the cancer at an early stage

before there are any visible alarming signs.

Our CRC detection model algorithm reliably identifies

individuals in curable stages of CRC (0/I/II), and flags

CRC tumors 180–360 days prior to a CRC diagnosis.

ColonFlag� performs better than single Hgb threshold

screening. Our detection model also demonstrates useful

detection performance for other clinical conditions that

generate increases or decreases in Hgb values. Other cur-

rently available risk scores for CRC utilizing age, sex, body

mass index (BMI) as well as medical history, diet, exercise,

and other predictive factors have been shown to either have

poor discriminatory power [33, 34], require collection of

Table 6 ColonFlag� odds ratios for colorectal cancer by age group and time window

Time window (days after complete blood count test) Age group (years) Odds ratio by specificity level

99% 97% 95% 90%

0–180 days 40–89 34.7 19.7 14.6 10.0

50–75 29.6 15.7 10.8 7.4

181–360 days 40–89 20.4 11.5 8.7 7.8

50–75 14.7 7.1 5.3 4.8

Kaiser Permanente Northwest, Portland, Oregon, USA

Table 7 ColonFlag� odds ratios for selected non-cancerous bowel conditions that can cause internal bleeding by specificity levels

Condition N Odds ratio by specificity level

97% 95% 90%

Diverticulosis/diverticular disease 928 4.7 3.6 2.9

Angiodysplasia/angioectasia 13 9.7 8.4 7.7

Inflammatory bowel disease (colitis, ulcerative colitis, Crohn’s disease) 40 4.6 2.1 1.6

Gastrointestinal ulcers (rectal, gastric, duodenal) 127 6.0 4.2 4.1

Upper gastrointestinal inflammations (esophagitis, duodenitis, gastritis) 1791 1.9 1.7 1.5

Hemorrhoids 1234 2.0 1.6 1.5

Kaiser Permanente Northwest, Portland, Oregon, USA
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patient-reported information, or focus on the estimation of

individual lifetime risk of CRC, which is quite different

from current risk [34]. Work is beginning on re-estimating

our CRC detection model using US HMO data (KPNW).

We expect this tailoring will improve the model’s detection

performance for the KPNW membership.

An efficient CRC screening program has a high com-

pliance rate, but also targets patients at increased risk for

CRC. The reported compliance rate varies tremendously

between CRC screening programs worldwide (10–71%),

depending on socioeconomic status, ethnicity, age, gender,

psychological factors, and other factors [21]. Whereas

newer CRC screening programs based on mailed fecal

immunochemical tests and screening colonoscopy can

reach a majority of patients in some settings [35, 36], there

is concern that fecal immunochemical tests may be less

sensitive than colonoscopy for right-sided colorectal can-

cers [37]. Colonoscopy resources are also limited [38], and

there is evidence of overuse of screening and surveillance

colonoscopy in the USA [31, 32], which may reduce access

for others with higher risk of CRC. Our CRC detection

model can be applied to broad populations to identify

persons at increased risk of CRC (in particular, right-sided

CRC); this can enable organized health systems to more

effectively target colonoscopy resources.

Strengths of this study include innovative use of elec-

tronic medical record data, a large number of CRC cases, a

large control sample, and a sophisticated machine learning

detection algorithm. A policy-relevant limitation of the

ColonFlag� CRC detection model algorithm is that it

cannot characterize the risk of individuals who avoid

contact with the health care system. We suggest additional

research on identifying characteristics predictive of undi-

agnosed cancer risks among non-users, such as age, gender,

last BMI, and length of time since last physician visit.

Conclusions

The ColonFlag� model had higher sensitivity for detecting

CRC cases among true CRC cases compared to Hgb alone

in the first and second 6 months after the CBC tests. It also

had higher sensitivity for identifying CRC cases diagnosed

the first 180 days as compared to 181–360 days before

CRC diagnosis, and for detecting CRC cases among the

40–89-year-old CRC population age range compared to the

50–75-year-old CRC population. ColonFlag� has been

integrated into a population-based CRC screening program

by MHS in Israel [20]. This study similarly demonstrates

its feasibility for its use in a US-based HMO adult popu-

lation with a comprehensive electronic medical record

systems that includes a NAACCR-certified tumor registry,

clinical diagnosis and procedure codes, and laboratory and

pathology test results. Results of statistical CRC detection

models, such as ColonFlag�, narrow the screening gaps

associated with persons who decline fecal tests and/or

colonoscopies, and instead opportunistically analyzes

existing demographic data and CBC tests. ‘‘Big Data’’

algorithms can be valuable tools for clinicians managing

large patient panels. Research is ongoing to identify and

evaluate other early disease signals hidden in large elec-

tronic medical record systems for defined populations.
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