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A B S T R A C T

Introduction: Colorectal cancer (CRC) is the third most common cancer in the U.S. Early detection of CRC can
substantially increase survival rates. Test compliance may be improved by offering a blood-based test option.
Methods: Endoscopy II trial specimens were tested for AFP, CA19-9, CEA, hs-CRP, CyFra 21-1, Ferritin, Galectin-
3, and TIMP-1 levels. These biomarkers, as well as patient demographic information (e.g., age, gender), were
included in algorithm development. Six statistical methods were utilized to develop algorithms that would
discriminate cancer vs. noncancers. Statistical methods included logistic regression, adaptive index modeling,
partial least-squares discriminant analysis, feature vector (weighted and unweighted), and random forest. The
performance of these algorithms was compared against benchmark criteria established for stool-based tests.
Results: Using several statistical methods, the presence of CRC and high-risk adenomas was detected with an
AUCs of at least 0.65–0.76, with a few of models approaching the stool-based tests benchmark performance.
Further, common markers were utilized across the different statistical techniques, with model complexities
ranging from 3 to 9 markers.
Conclusions: Predictive models identified subjects with CRC and high-risk adenomas with the similar levels of
statistical accuracy. Clinical performance differences were minimal across the statistical techniques, although
the intuitive interpretations, model complexity, clinical adoption and implementation varied.

1. Introduction

Colorectal cancer (CRC) is the third most common type of cancer
and the second leading cause of cancer death in the United States, with
2014 CRC-related deaths projected to be nearly 50,000 in the U.S. [1].
CRC screening effectiveness has led to early stage detection [2] and
improvements in population-based CRC screening programs are esti-
mated to save 18,800 lives per year in the U.S. [3]. Detection of CRC in
earlier stages substantially increases the 5-year survival rate (Fig. 1).
This increase in the 5-year survival rate has been used as the basis for
implementing numerous CRC screening programs in many countries,
including in the U.S. In 2013, the U.S. Preventative Services Task Force
(USPSTF) gave a Grade A recommendation for CRC screening using
fecal occult blood testing, sigmoidoscopy, or colonoscopy in adults,
beginning at age 50 years and continuing until age 75 y [4].

Compliance to CRC screening recommendations remain challenging

for numerous reasons, resulting in approximately 1/3 of U.S. screening-
eligible patients not being screened [1]. Compliance may be improved
by offering a blood-based test option to those refusing colonoscopy [5]
or in place of a stool-based screening test. Further, there has been recent
focus on developing blood-based algorithms to aid in the early detec-
tion of CRC [6]. A biomarker panel/algorithm approach may increase
clinical sensitivity over single marker approaches since cancers, in-
cluding CRC, are known to be of diverse etiologies [7]. Biomarker al-
gorithm approaches are becoming more mainstream, including in CRC
screening, with the recent U.S. approval of Cologuard (Exact Sciences),
which utilizes three biomarkers in its stool-based test [8].

In the present study, an exploratory strategy was used to develop
biomarker panels/algorithms, utilizing blood-based biomarkers and
available patient information, in order to discriminate patients with
CRC and high-risk adenomas from those without (Fig. 2). Eight bio-
markers were assessed in conjunction with age, gender, and medical
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histories to develop combination algorithms that optimally discriminate
between groups [6].

The objective of the current study is to compare the clinical per-
formance of different statistical approaches by utilizing a common trial
dataset. Two algorithms were developed for each statistical method: a
“primary algorithm” and secondary “reflex algorithm” (Fig. 3). The
“primary algorithm” was developed to discriminate the presence of CRC
and high-risk adenomas from those without (i.e. provide a “positive” or
“negative” result). A clinical challenge for screening tests is how to
manage false positive results on a primary test, e.g. a patient is positive
for the primary test but negative for colonoscopy. As the biomarkers
included in these algorithms can be elevated in some other non-CRC
cancers as well, an approach was taken to address those false positives

in the “primary” algorithm by also generating a “reflex” algorithm for
the likelihood of other non-CRC cancers. The “reflex algorithm” was
developed to help address a challenge in the biomarker early detection
setting, where biomarkers are generally not organ specific. Clinical use
CRC screening tests, such as EpiPro Colon (Epigenomics) and Cologuard
(Exact Sciences), report that their CRC screening tests can be positive
for some lung cancers as well as for other cancers [8,9]. To help address
this organ specificity challenge, a “reflex algorithm” approach was
taken to identify patients that may have a non-CRC cancer, were in-
itially positive for the “primary algorithm” but had no subsequent
colorectal lesion identified upon colonoscopy. “Reflex” algorithms
could be developed since 177 other non-CRC cancers were identified
during subsequent examination of patients in this trial [6,10].

Fig. 1. Patient cancer stage and 5-year survival prognosis.

Fig. 2. Primary algorithm indication.
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2. Methods

2.1. Endoscopy II Trial

The Endoscopy II Trial, conducted in 4698 symptomatic (i.e., pain,
changed bowel movement habits, visible blood on the stool, weight
loss, anemia, and bleeding) subjects who underwent their first colo-
noscopy and were definitively assessed for rectal and colonic lesions. As
previously published, findings included 1978 subjects with no color-
ectal findings, 1342 subjects with nonmalignant findings (diverticulitis,
ulcerative colitis etc.), 174 subjects with rectal adenomas (123 high-
risk), 515 subjects with colonic adenomas (276 high-risk), 177 subjects
with non-CRC cancers, 193 subjects with rectal cancers, and 319 sub-
jects with colon cancers [6]. In this trial, colonoscopy identified high
risk adenomas (HRA), defined as> 1 cm,>3 adenomas, presence of
villous elements, or high-grade neoplasia. Adenomas identified by co-
lonoscopy that did not meet these criteria were classified as low-risk
adenomas (LRA). Staging was defined by the criteria of the American
Joint Commission on Cancer.

2.2. Marker measurements and outcomes

The Architect® i2000SR immunoassay and c8000 clinical chemistry
systems (Abbott Labs.) were utilized to measure AFP, CA19-9, CEA, hs-
CRP, CyFra 21-1, Ferritin, Galectin-3, and TIMP-1 levels from
Endoscopy II trial EDTA plasma specimens [6,11]. These 8 biomarkers,
as well as reliable and audited patient demographic information, such
as age, gender, and common co-morbid diseases, were considered as
potential markers in the algorithm development. Two outcomes were
investigated: 1) the presence of CRC and high risk adenomas versus all
others (excluding extra-colonic cancers) and 2) the presence of a non-
CRC, or extra-colonic cancer, versus all others (excluding CRCs and
high risk adenomas).

2.3. Training and validation data

In order to develop the statistical algorithms and test the perfor-
mance of these algorithms on “future” patients, the Endoscopy II trial
data was split into a training and a validation dataset. The data was
split by patient ID number, which allowed for a non-random split of the
data in order to avoid simply replicating results in a smaller validation
dataset. Eighty percent of the whole cohort was used as the unblinded
training dataset, and 20% was left out and blinded to those developing
the statistical models. The same training and validation datasets were
used to develop each of the models developed from the six different

statistical techniques. Both the training and validation datasets had
approximately 20% prevalence of the outcome under study, which is a
sufficient sample size to develop models for predication.

2.4. Statistical methods

Six statistical methods evaluated the Endoscopy II data; these
methods include logistic regression (LR), adaptive index modeling
(AIM), partial least-squares discriminant analysis (PLS-DA), feature
vector (weighted (IWBF) and unweighted (UVF)), and random forest
(RF). These models were built by use of SAS (ver. 9.3), R (ver. 3.03),
and MatLab (ver. R2016a) software. Each statistical technique utilizes
mechanisms during the training process to optimize, but not over fit,
the model. These mechanisms can include internal k-fold cross-valida-
tion or resampling techniques. Additionally, some methodologies may
re-balance the ratio of samples (those with and without the outcome) to
develop a prediction model. The methods are described below.

2.4.1. Logistic regression
Logistic regression is a robust statistical methodology that can be

used in a variety of clinical domains and is easily understood [12]. It
can be used to model data in which the outcome of interest is binary
(i.e., has cancer, does not have cancer). The probability of that outcome
can be estimated by the set of predictor variables included in the model.
The assumption of this method assumes that the predictor variables are
related in a linear fashion to the log odds of the outcome and interac-
tions amongst predictors are difficult to detect. Variable and model
selection was based on maximizing the likelihood score [13]. Validation
of the selected models were performed using goodness of fit, residuals
and 10-fold cross validation of the training dataset. A probability
threshold for each algorithm was chosen to classify patients as having
the outcome.

2.4.2. Adaptive index model (AIM)
Adaptive index model is a supervised learning method that can be

used for linear, logistic or Cox regression analysis [14]. This method
adaptively selects a subset of binary rules constructed from predictor
variables at an optimal cutoff, selecting variables based on maximizing
score test statistics. A 10-fold cross-validation is performed to estimate
the best model size. Using the best model, a total AIM score for each
patient is calculated, which is the number of binary rules that a patient
meets. A threshold value can be set, i.e., the total AIM score that needs
to be exceeded in order to classify a patient as having the outcome. The
threshold can be selected to maximize a performance characteristic. In
this study, the threshold was selected to meet a minimum sensitivity
and specificity of 70%, based on inputs provided by key opinion leaders
discussions at the U.S. National Cancer Institute's Early Detection Re-
search Network workshops.

2.4.3. Partial least-squares discriminant analysis (PLS-DA)
This method is a multivariable least-squares supervised classifica-

tion method used for dimensionality reduction and classification. PLS
finds components maximize the covariance between the input variables
and the dependent variable. The PLS components are linearly combined
to predict the dependent variable. PLS-DA can be especially beneficial
when there exists a large number of predictors relative to the number of
patients or when the variables are noisy and correlated [15].

The training set was used to fit several models, each varying the
number of PLS components. To accommodate uneven class sizes while
optimizing the classification threshold for a specific model, perfor-
mance of both classes is taken into account. The threshold is selected to
be the one that corresponds to the optimal operating point on the ROC
curve, or the point closest to an ideal sensor with sensitivity and spe-
cificity equal to 100%. The model with the highest performance was
selected as the best model and used to predict the performance in the
validation dataset [16], where patients above the optimized threshold

Fig. 3. Reflex algorithm indication.
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were classified as having the outcome.

2.4.4. Feature vector
In feature vector fusion, predictors are mathematically combined

using a set of weights that modulate the predictors. When unweighted
(UVF), the predictors are combined with equal weights, giving the same
importance to each predictor for discrimination. Alternatively, Image
Weighted Bayesian Fusion (IWBF) uses Monte Carlo methods to find a
set of weights, such that when combined, weighted predictors optimize
outcome discrimination based on sensitivity and specificity [17]. IWBF
inherently performs feature selection, so training was done on all
available markers. Patients above the optimized threshold were classi-
fied as having the outcome.

2.4.5. Random forest
Random forest is an ensemble learning method that can process a

large number of predictors simultaneously [18]. An ensemble of trees is
developed from both a random sample of patients as well as a random
set of predictors in each split. This allows for a diverse creation of trees
that can easily allow for nonlinear associations amongst predictors. The
ensemble of classification trees is then aggregated for prediction, with
the prediction for a patient being the majority classification of the en-
semble. The backward elimination method based on feature importance
is performed to select the best markers. Only the model with the highest
out-of-bag AUC is presented. Additionally, since the share of CRC-po-
sitive samples in the dataset is lower than the share of negative samples,
an additional analysis of the random forest algorithm is estimated. In-
stead of a bootstrap sample, each tree is generated on a random sample
with an equal number of positive and negative subjects.

2.4.6. Performance evaluation
The diagnostic performance of each statistical method was char-

acterized by several measures of diagnostic accuracy: sensitivity, spe-
cificity, sensitivity + specificity, overall diagnostic accuracy, diagnostic
odds ratio (DOR), area under receiver operator curve (AUC), and po-
sitive predictive value (PPV) and negative predictive value (NPV).
Although AUC has been popularized in published literature as an ob-
jective single measure used for model performance, a single measure is
not sufficient to adequately assess model performance. These afore-
mentioned measures each have specific features related to either dis-
crimination (classification of patients between those who are and those
who are not diseased) or predication (estimation of the post-test
probability of disease) and together provide a wholistic assessment of

model performance.
Sensitivity and specificity can be weighted, prioritizing one over the

other based on clinical considerations and needs. Generally, higher
sensitivity comes at a specificity cost, and a higher specificity comes at
a sensitivity cost. One way to compare sensitivity and specificity per-
formances across algorithms is to add sensitivity and specificity esti-
mates for each algorithm and compare this sum across algorithms. In
addition, overall accuracy provides an estimate of total misclassifica-
tion. The DOR is a measure of the effectiveness and is defined as the
ratio of the odds of the algorithm being positive if the patient has the
outcome relative to the odds of the algorithm being positive if the pa-
tient does not have the outcome. Lastly, the area under the curve
provides an overall measure of the diagnostic differentiation of a test.

Predicative measures are most useful for predicting the probability
of disease in an individual once the test result is known. PPV and NPV
are the proportions of positive and negative results that are true posi-
tive and true negative results, respectively.

Using the same training data, optimal or best models were devel-
oped independently for each of the 6 different statistical methodologies.
The blinded validation data was then used to assess the predictive
performance of each of the statistical algorithms developed as an as-
sessment of “future” patients. Further, the predictive performance of
the methodologies was benchmarked against criteria established for
stool-based tests (Table 1) including Fecal Immunochemical Test or FIT
[19], and the published performance of various stool-based testing
methodologies that are clinically utilized (Table 1).

3. Results

Results are presented for the optimized best model for each of the 6
statistical techniques using the independent validation dataset.
Benchmarking against the criteria established for stool-based tests, the
six different statistical methodologies were assessed for their diagnostic
performance, as displayed in Table 2a and b. In the primary algorithm
models (Table 2a), few of the models meet the criteria established in
Table 1a, although the discrimination performance is not directly
comparable to the Imperiale et al. report [8] since the disease group
endpoints are different than utilized for our studies [5,8]. They do not
combine CRC and HRA into one class for a sensitivity calculation, and
they do not include greater than or equal to 3 adenomas in the high-risk
adenoma class. Generally, colonic adenomas are more difficult lesions
to detect as compared to CRC. Imperiale et al. [8] do not include high-
risk adenomas defined as greater than or equal to 3 adenomas; rather

Table 1
(a) Criteria for clinical performance discrimination. (b) Published clinical performance measures for stool-based tests.

(a)

Performance Sensitivity (%) Specificity (%) Sensitivity+ Specificity (%) Performance Basis

High Performance ≥90 ≥95 ≥185 Similar to Cologuard test (Imperiale et al., [8])
Intermediate Performance ≥70 ≥70 ≥140 Meets EDRN discussion's “minimum threshold”
Low Performance < 70 <70 <140 Less than EDRN discussion's “minimum threshold”

(b)

Test Comparison Sensitivity (%) Specificity (%) Sens+ Spec (%) Reference

Cologuard CRC all stages 92 87 179 Imperiale et al. [8]
CRC & high risk dysplasia 84 87 171 Imperiale et al. [8]
Advanced precancerous lesions 42 87 129 Imperiale et al. [8]

FIT CRC all stages 74 95 169 Imperiale et al. [8]
CRC all stages 70 95 165 Lee et al. [19]
CRC all stages* 42 95 137 Adler et al. [5]
CRC & high risk dysplasia 64 95 159 Imperiale et al. [8]
CRC & high risk dysplasia* 38 95 133 Adler et al. [5]
Advanced precancerous lesions 24 95 119 Imperiale et al. [8]
Advanced precancerous lesions* 14 95 109 Imperiale et al. [8], Adler et al. (2016)
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they report advanced precancerous lesion with sensitivity of 46% at
specificity of 87% which is substantially lower than CRC only endpoint
performance.

Additionally, there is no benchmark for the reflex algorithm.
Regardless of statistical technique, every best model utilized CEA,

Cyfa21–2 and hs-CRP, and all except one used Ferritin, for the primary
algorithm model. Similarly, for the reflex algorithm, every best model
utilized Cyfa21–2 and hs-CRP, and all except one built the best model
using CEA. Model complexity ranged from 3 to 9 markers, including
clinical parameters of gender and age (Table 3).

Table 2
(a) “Primary Algorithm”: CRC & HRA vs. All Others (excluding other non-CRC cancers) (b) “Reflex Algorithm”: Non-CRC cancers vs. All Others (excluding CRCs).

Female Male Female Male
Performance Measure LR PLS-DA RF B - RF UFV IWBF IWBF IWBF AIM AIM
Sensitivity 77 64 21 50 67 63 64 68 51 80
Specificity 60 55 98 83 57 67 68 57 80 51
Sens + Spec 137 120 119 132 125 130 132 125 131 131
Accuracy 63 62 82 76 59 66 67 60 75 52
DOR 5.0 2.2 12.4 4.7 2.8 3.5 3.7 2.8 4.2 4.2
PPV 33 28 72 42 29 33 27 35 33 35
NPV 91 85 83 87 87 88 91 84 89 89
ROC 0.76 0.65 0.72 0.74 0.67 0.70 0.72 0.70 0.66 0.72

N 896 896 896 896 896 896 490 406 490 406
Number Positive 181 181 181 181 181 181 81 100 81 100

Prevalence 1%
  PPV 2 1 10 3 2 2 2 2 3 2
  NPV 100 99 99 99 99 99 99 99 99 100
Prevalence 5%
  PPV 9 7 36 13 8 9 10 8 12 8
  NPV 98 97 96 97 97 97 97 97 97 98
Prevalence 10%
  PPV 34 19 49 33 22 26 28 23 30 30
  NPV 91 90 93 91 90 91 91 90 91 91
Prevalence 15%
  PPV 45 27 61 43 31 36 38 32 40 41
  NPV 86 85 89 86 86 86 86 86 86 86

Stratified

Female Male Female Male
Performance Measure LR PLS-DA RF B - RF UFV IWBF IWBF IWBF AIM AIM
Sensitivity 70 78 35 56 76 73 35 67 71 59
Specificity 60 64 99 91 79 84 92 76 80 78
Sens + Spec 130 142 134 147 155 157 165 143 152 137
Accuracy 60 78 96 89 79 83 91 76 80 77
DOR 3.5 6.3 95.2 13.1 11.8 13.9 30.5 6.4 9.8 5.1
PPV 9 12 79 28 14 17 26 13 16 16
NPV 97 98 96 97 99 99 99 98 98 96
ROC 0.75 0.75 0.83 0.82 0.84 0.86 0.92 0.82 0.79 0.72

N 758 758 758 758 758 758 430 328 430 328
Number Positive 43 43 43 43 43 43 21 22 21 22

Prevalence 1%
  PPV 2 2 26 6 4 4 4 3 3 3
  NPV 99 100 99 100 100 100 99 100 100 99
Prevalence 5%
  PPV 8 10 65 25 16 19 19 13 16 12
  NPV 97 98 97 98 98 98 96 98 98 97
Prevalence 10%
  PPV 27 39 68 52 53 56 37 39 48 34
  NPV 91 91 96 92 91 92 91 91 91 91
Prevalence 15%
  PPV 37 50 77 64 64 67 48 50 60 45
  NPV 86 86 94 88 87 87 87 86 87 86

Stratified
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4. Discussion

The objective of this study was to evaluate several common and
emerging statistical methodologies applied to a common set of clinical
data to develop algorithms for clinical discrimination of high risk
adenoma and CRC malignancy patients from all other subjects (not
having these colonic lesions), to help assess which statistical metho-
dology, given their strengths and weaknesses, may perform better than
others. This head-to-head approach provided comparisons for six
methodologies to help understand how these methodologies performed
in the aforementioned clinical discrimination indications using a vali-
dation dataset to simulate future patients. Two clinical discriminations
were evaluated (Fig. 3), including a “primary algorithm” as a front-line
discrimination of HRA and CRC from all others, and a “reflex algo-
rithm” to address those that had been positive by the primary algorithm
but negative upon colonoscopy to assess the likelihood of the presence
of other non-CRC malignancies. These pilot algorithms are focused on
addressing early CRC detection with a blood-based test as opposed to
stool-based methodologies currently used in clinical settings.

These algorithms are discussed further below in terms of their
clinical accuracy, complexity and interpretability, and ease of clinical
adoption and implementation.

4.1. Clinical accuracy

In a clinical setting, the key concern is whether the diagnostic
procedure predicts disease status [20]. Although popular, sensitivity
and specificity describe how the disease predicts diagnostic test results.
It is the NPV and PPV values that inform the clinician and the patient
the probability of disease given the test result. For the primary algo-
rithm, NPV represents the proportion of patients correctly predicted to
be without neoplasia, while PPV represents the proportion of patients
correctly predicted to have CRC. A high PPV indicates that the model
accurately classifies a CRC patient, and thus is a desirable clinical
characteristic for screening. In this population where prevalence is
approximately 20%, evaluating the six statistical methodologies with
respect to NPV and PPV indicates that all methods perform comparably
regarding NPV on the primary algorithm, but only the RF model per-
forms well on PPV. Further, for the reflex algorithm, a high NPV would
be optimal to spare patients from undergoing a subsequent and un-
necessary colonoscopy. The results of the models in settings with dif-
ferent prevalence rates are also shown for comparison in Table 2a and
b.

4.2. Complexity and interpretability

Partial Least-Squares Discriminant Analysis (PLS-DA), Feature
Vectors and Random Forest methods are considered “black-box” sta-
tistical techniques, since the logic to determine the best model is not
transparent to the clinician. Although these methods can perform better
than traditional statistical techniques, this performance is not uniform.
If the same predictive accuracy can be attained by a method such as
logistic regression, which is generally understood by clinicians and
statisticians alike, it is difficult to justify the use of such methods in a
clinical setting. Model complexity can also be judged based on variable
stratification, which may aid in clinical interpretation, and the number
of markers included in the model. Model complexity ranged from 3 to 9
markers, including clinical parameters of gender and age.

4.3. Clinical adoption and implementation

To gain clinical adoption and implementation, the proposed model
needs to be clinically meaningful. Clinical adoption and implementa-
tion in a clinical setting would be dependent on the familiarity with the
statistical method, the kind and number of markers in the model, the
understanding of the interpretation of results and the manner in whichTa
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the clinician could receive the final interpretation. For data mining
methods, statistical software would be required to interact with the
collection of data in order to calculate and generate a result for the
clinician. Implementation of these “black-box” solutions in the labora-
tory thus may require hardware, software and IT personnel involve-
ment. Currently, other methods developed here, such as logistic re-
gression and AIM, are much easier to implement, interpret and adopt in
a clinical setting. Other strategies, such as stratifying by a key variable,
can also aid in implementing and interpreting the model in a clinical
setting. However, with development of newer software and digital
methodologies, implementing machine learning models may become
more prevalent in clinical settings.

5. Conclusion

Like other cancers, CRC is considered a heterogenous cancer, and it
is generally assumed that a single biomarker will not be able to detect
all cases of CRC. Thus, combining multiple biomarkers and clinical
information has a greater chance of success in detecting CRC. The
current study has yielded “proof of concept” algorithms for the early
detection of HRA and CRC utilizing patient demographic and biomarker
information. The clinical performance of these algorithms need further
enhancement, but this evaluation positively indicates that combining
clinical and biomarker data combined in a statistical algorithm can be
used to address challenging clinical problems. Future investigations will
be to expand the base of biomarkers from which to develop algorithms
to further increase the diagnostic performance. Biomarkers that are
complementary markers in terms of biological or pathological me-
chanisms to existing ones would be the focus of this expansion.
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