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Abstract: The stage of cancer is an essential factor for prognosis assessment and treatment planning. Previous studies have found
that the proportion of unknown stage cases differed substantially by cancer registry, and identified a list of factors that contribute to
the variation of unknown stage among registries. However, only linear relationships between predictors and proportion of unknown
stage cases were examined at registry level, which may ignore the individual level information and more complex associations and
interactions. The objective of this study is to identify predictors of unknown stage cancer cases and their interactions using MART
guided generalized linear mixed model for selected cancers (i.e, colorectal, cervix, female breast, lung, and prostate). Colorectal
cancer was used as an example to illustrate the method in this paper. Findings may help registries implement target actions to
improve the quality of stage data.
Invasive colorectal cancer cases diagnosed in 2004-2008 from 32 registries that met the North American Association of Central
Cancer Registries' (NAACCR) criteria for high quality of incidence data were analyzed. The outcome variable was stage at diagnosis
(known stage versus unknown stage). Explanatory variables included individual level demographic variables, type of reporting
source, diagnostic confirmation, year of diagnosis, histology type, tumor grade, and registry; as well as county-level variables:
poverty, education, and employment status. We first adopted Multiple Additive Regression Trees (MART) to identify significant
predictors of unknown stage and interactions, and then used generalized linear mixed model for statistical inference.
Histology type, tumor grade, reporting source and diagnostic confirmation were important factors in predicting unknown staged
colorectal cancer. Type of histology interacted with diagnostic confirmation on the risk of unknown stage. After controlling for
important factors, a few registries still had significantly higher proportion of unknown staged colorectal cancer cases. Further study is
needed to identify the underlying causes.
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1. Introduction
Cancer stage reflects the extent of the disease at
diagnosis. Stage data collected by population-based
cancer registries have been used to examine disparities
in cancer screening across different populations and
areas, monitor trends in stage, and assess the
effectiveness of early detection intervention programs.
Unfortunately, not all cancer registry cases are staged.
Proportions of unknown stage cases vary substantially
by registry and cancer sites1. Using the 2004-2007
incidence data from population-based cancer registries,
the Data Assessment Work Group of the NAACCR
Data Use and Research Committee found that
percentage of unknown stage cases varies from 2.4% to

18.8% for colorectal cancer, 2.4% to 18.7% for lung
cancer, 1.0% to 13.7% for female breast cancer, and
0.6% to 18.1% for prostate cancer1.
Proportions of unknown stage cases at registry
level could be attributable to numerous factors. One of
the major factors might be inappropriate coding, which
can be improved through training and quality control
activities. The large variations in the proportion of
unknown stage in different registries may also relate to
differences in demographic characteristics of cancer
patients, such as residence area and age. Norredam et al.
(2008) found that migrant women with breast cancer
had a higher probability of diagnosis at unknown stage.
Other factors such as type of reporting source and
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diagnostic confirmation may also be associated with
the proportion of unknown stage cases. Recent
increases in case ascertainment from non-hospital
facilities, such as freestanding pathology laboratories
and physician offices, have improved the completeness
of cancer incidence data but may also contribute to
higher proportion of unknown stage cases. To better
understand the issue and set up appropriate actions to
reduce the proportion of unknown stage cases,
significant factors have to be determined.
In the phase-one analysis with the Data
Assessment Work Group, we examined the
associations of unknown staged cases with selected
factors for four different cancers using linear regression
models. We found that factors associated with
unknown stage differed by cancer sites. Type of
reporting source was a significant predictor of
unknown stage for all cancers except for lung cancer
after adjusting for other variables (Hsieh et al. 2012).
However, linear models are not sufficient to describe
all patterns of the associations and interactions among
contributing factors. For example, we found, in a pilot
testing, that type of reporting source and diagnostic
confirmation were both highly correlated with
unknown stage (p-value<0.05), but the effects were not
additive; the interaction effect between them was also
significant. It is difficult to use the linear regression
models to detect all possible interactions. Another
weakness of linear regression is that, to deal with
missing data problems, an ad hoc method in linear
regression is to delete all observations that have one
missing variable, which may result in the loss of
information and biased results (Greenland and Finkle,
1995). To overcome the limitations, we proposed this
phase-two analysis.
To adopt a two-stage analysis, we first used the
multiple additive regression tree (MART) (Fritz et al.
2000), a nonlinear model, to identify factors and
interactions that were significantly associated with
unknown stage. The inference methods with MART
were used to estimate the proportion of contributions of
the selected factors in explaining the variations in
reporting unknown stage cancer cases and to identify
significant interactions. As a second stage, the detected
significant factors and interactions were included in a
generalized linear mixed model for statistical inference.
Finally, we evaluated the quality of tumor registry
stage data by comparing the residual proportions of
unknown stage cases after controlling for significant
factors and interactions. In this paper, we used
colorectal cancer (ICD-O-3: C18.0-C18.9, C19.9,
C20.9) (Friedman, 2001) as an example to demonstrate
the proposed method.

2. Data and Methods
2.1 Data Source
The 2004-2008 data from population-based cancer
registries that met NAACCR's high quality criteria for
incidence data and gave consent to use the data for this
study were included. Autopsy and death-certificateonly cases were excluded from the analysis. The binary
outcome variable was whether or not an invasive
cancer case was diagnosed with unknown SEER
Summary Stage 2000 derived from Collaborative Stage
Version 1 (CSv1). Explanatory variables included in
the analysis were demographic variables of the patients
(i.e., race, gender, and age), clinical variables (i.e.,
diagnostic confirmation, histology, and tumor grade),
year of diagnosis, and type of reporting source. Type of
histology was grouped as neoplasms, Not Otherwise
Specified (NOS), epithelial neoplasms NOS,
adenocarcinoma NOS, and specific histologies. Type
of reporting source was categorized as hospital and
non-hospital. The hospital category included hospital
inpatient, radiation treatment centers/medical oncology
centers, and hospital outpatient units/surgery centers.
The non-hospital category included physician's office,
nursing home/hospice, and laboratory only.
For confidentiality purposes, each registry was
assigned a unique random number ranging from 1 to 32
so that no registry would be identifiable.
2.2 Statistical Analysis
MART is a data-based strategy that has been
advocated for exploring variable relationships.
Compared with the classical parametric regression
methods, MART has the following advantages: (1)
MART is able to capture the nonlinear relationships
between the dependent and independent variables with
no need for specifying the basis functions. (2) Because
of the hierarchical splitting scheme in regression trees,
MART is able to capture complex and/or high-order
interaction effects. (3) Unlike many automated learning
procedures, which lack interpretability and operate as
'black box', MART provides tools to interpret the
nature and magnitudes of covariate relations with the
outcome (for example, relative variable importance and
partial dependence plot in Fritz et al. (2000), as
described below). (4) MART can handle mixed-type
predictors (i.e. quantitative and qualitative covariates)
and missing values in covariates. (5) MART has shown
a superior exploration and prediction performance in
epidemiology research, see (Friedman and Meulman,
2003) and (Yu and Scribner, 2009).
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One of the most important aspects of model
interpretation involves the identification of the relative
importance of covariates in terms of their relative
strength in predicting the response, and understanding
their joint effects on the response. For tree-based
methods, Breiman et al. (1984) proposed a measure of
importance ( ) for each variable , based on the
number of times that variable was selected for splitting
in the tree
weighted by the squared improvement to
the model as a result of each of those splits. Friedman
(2001) generalized this importance measure to additive
tree expansions by taking the average over the trees
∑
( ). The measure turns out to be more
reliable than a single tree as it is stabilized by
averaging. Since these measures are relative, we scale
the measure so that the importance of all the variables
sum to 100 percent. In addition to the importance
measure, Friedman and Meulman (2003) also
introduced a concept called partial dependence to
describe the dependence of the fitted model on a subset
of variables. Given any subset of the input variables
*
+ the partial dependence is
indexed by
, ( )- where
, - means
( )
defined as
expectation over the joint distribution of all the input
variables not indexed in .
In this study, unknown stages (as a binary variable,
with logit link) were regressed on potential covariates
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by MART. Relative importance of each variable and
potential interaction was calculated to identify
important factors. Partial dependence plots were drawn
to show how factors were related to unknown staged
cases and were used to guide variable transformation.
After important variables and interactions were
identified by MART, generalized linear mixed model
(GLMM) was adopted for further exploration. Mixed
model was used to analyze data with complex patterns
of variability (Snijders et al. 1999). The binary
response variable in GLMM was whether or not a
cancer case was unstaged. The predictors were those
variables and interactions identified by MART and
were transformed so that they are reasonably linearly
associated with the outcome (log odds of being staged
as unknown). The level ІI variable in GLMM was
registry. If interactions involving registry were
identified as important by MART, the predictors that
were interactively effective with registries were treated
as covariate with random effect in GLMM.
3. Results
Variable relative importance
We demonstrated the proposed statistical method
on the unknown staged cases for colorectal cancer.
Table 1 lists the variable relative importance in
predicting the probability of unknown stage. Histology
type was the most important factor, followed by tumor
grade, type of reporting source and diagnostic
confirmation. Age, year of diagnosis, race and sex had
relative low impact on unknown stage.

Table 1. Variable Relative Importance for
Colorectal Cancer
Rank

Risk Factor

Relative Importance (%)

1

Histology

38.10

2

Grade

21.81

3

Report Souce

15.27

4

Confirmation

12.47

5

Registry

8.09

6

Age of Diagnosis

3.95

7

Year of Diagnosis

0.22

8

Race

0.07

9

Sex

0.01
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Partial dependence plots
Figure 1 represents the partial dependent plots of predictors. The predictors were recoded as follow:
differentiated;
moderately differentiated;
Poorly differentiated;

Grade =

differentiated;
undifferentiated;
{

Confirm = {

unknown

specific histologies
neoplasms, NOS;

Histology = {

adenocarcinoma, NOS

grade.

microscopic;

Race = {

white;

non-microscopic;

black;

unknown.

others.

hospital;

Source = {

epithelial neoplasms, NOS;

male;

non-hospital facilities.

Sex = {

female.

Age ranging from 1 to 85 years old was regrouped with 5 years intervals and treated as continuous variable.

Figure 1 Partial Dependent Plots for Colorectal Cancer
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Figure 1 indicates that colorectal cancer cases
diagnosed with specific histologies were related to the
lowest probability of unknown stage. Those diagnosed
as neoplasms NOS, however, were most likely to miss
the stage information among all histology types.
Microscopic or non-microscopic confirmed colorectal
cases had lower probability of unknown stage than the
ones without microscopically confirmed. Cases were
more likely to have unknown stage if they were
reported from non-hospital facilities, compared with
cases reported from hospital facilities. Colorectal
cancer cases with unknown grade had significantly
higher probability of unknown stage compared to cases
with other types of grade. It is notable that well
differentiated colorectal tumors were more likely to be
diagnosed as unknown stage compared to moderately,
poorly differentiated or undifferentiated tumor. The
partial dependence plot of registry suggests that on
average, registries 9 and 27 had relatively higher
proportion of unknown staged colorectal cancer cases
than other registries. Averaged over all registries, the
probability of unknown stage was constant when the
diagnosis age was younger than 79, then the probability
climbed up after 80. The years of diagnosis, patient's
race and gender appeared to have negligible
relationship to unknown stage.
Important interaction
The two most important pairwise interaction
effects were registry by reporting source, and histology
type by diagnostic confirmation. That means the
association between reporting source unknown stage
varied across registries. Moreover, histology related to
unknown stage in various ways for different
confirmation types.
Table 2. Variable interaction for
Colorectal Cancer
Interaction Term

Size

Registry Report source

43.07

Histology Confirmation

42.96

Based on MART analysis result, we examined the
relationships between the probability of unknown stage
and predictors, histology type, grade, reporting source
and diagnostic confirmation using generalized linear
mixed effect model. More specifically, registry was the
level ІI variable and the effect of reporting source on
unknown stage was treated as random effect in the
GLMM model. Histology type, tumor grade and
diagnostic confirmation were fixed effects, and the

71

interaction between histology type and diagnostic
confirmation was also included in the model.
Generalized linear mixed effect model
The generalized linear mixed effect model is presented
as follows:
(

)

where

(

) and

(

).

, , , and
denote reporting source, diagnostic
confirmation, histology, and tumor grade with values
defined previously. Random intercept
represents
the variation in the average responses among registries,
and fixed intercept
denotes the overall mean
probability of unknown staged colorectal cancer in
logit scale. Similarly, the random slope
describes
the variation in effect of report source on unknown
stage, and fixed slope
measures the overall effect
of report source on unknown stage. Table 3 represents
the fixed effect and covariance parameter estimates.
The estimated fixed intercept, ̂ , was -3.80
indicating that the overall odds of unknown stage for a
colorectal cancer case was
, given all
other predictors are at reference levels. Overall, the
odds of having unknown stage for a colorectal cancer
case reported from non-hospital was
times
the ones from hospital after controlling for the
remaining factors. Cases confirmed by nonmicroscopic examination or without confirmation
information had significantly greater probability of
being
diagnosed
as
unknown
stage
than
microscopically confirmed cases, with odds ratio 1.38
(CI: [1.22,1.57]) and 7.31 (CI: [6.14,8.71]),
respectively. Compared to specific histologies, cases
with neoplasm NOS, epithelial and adenocarcinoma
histology type were more likely to be unknown staged.
The estimated odds ratios were 3.38 (CI: [2.65,4.32]),
2.19 (CI: [1.71,2.80]), and 1.40 (CI: [1.08,1.81]),
respectively. Compared to well differentiated, invasive
colorectal tumor with unknown grade information was
more likely to be diagnosed with unknown stage
(OR=3.69, CI:[3.50,3.89]). However, moderate, poorly
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differentiated or undifferentiated tumor was less likely
to be unknown staged, with estimated odds ratios 0.73
(CI:[0.69,0.77]), 0.63 (CI: [0.59,0.67]), and 0.51 (CI:
[0.43,0.61]), respectively.
The estimated variance of random intercept, ̂ ,
tells the variation among registries. It was estimated at
0.08 with standard error 0.04. The test of variance
parameter based on the residual pseudo-likelihood
indicated that
was significantly greater than 0,
which suggested that the probability of unknown
staged colorectal cancer varied among registries. The

estimated random effect for registry showed that after
controlling
for
reporting
source,
diagnostic
confirmation, histology type and tumor grade,
registries 9 and 29 still had significantly higher
proportion of unknown staged colorectal cancer case.
The significance of ̂ suggested that reporting source
related to unknown stage differently among registries.
For example, compared to cases reported from hospital
facilities, those from non-hospital facilities in registry
27 were less likely to be unknown staged. However,
non-hospital reported cases were more likely to be
unknown staged in registries 6 or 29.

Table 3. Model estimates for
Colorectal Cancer
Effect

Estimate (SE)

P-value

non-hospital

1.79 (0.09)

<0.0001

unknown confirmed

2.64 (0.27)

<0.0001

non-microscopic confirmed

1.52 (0.22)

<0.0001

neoplasms, NOS

2.42 (0.05)

<0.0001

epithelial neoplasms, NOS

1.71 (0.03)

<0.0001

adenocarcinoma, NOS

0.68 (0.02)

<0.0001

unknown confirmed*neoplasms

-1.35 (0.29)

<0.0001

unknown confirmed*epithelial

-1.04 (0.30)

0.0006

unknown confirmed*adenocarcinoma

-0.24 (0.31)

0.44

non-microscopic confirmed*neoplasms

-2.25 (0.23)

<0.0001

non-microscopic confirmed*epithelial

-1.73 (0.23)

<0.0001

non-microscopic confirmed*adebcarcinoma

-0.79 (0.24)

0.001

unknown grade

1.30 (0.03)

<0.0001

poorly differentiated

-0.46 (0.03)

<0.0001

moderately differentiated

-0.31 (0.03)

<0.0001

Undifferentiated

-0.67 (0.09)

<0.0001

Covariate Parameter Estimate
Parameter

Subject

Estimate (SE)

Intercept

Registry

0.08 (0.04)

Report source

Registry

0.12 (0.03)
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4. Discussion
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were important factors that played important roles in
predicting unknown staged colorectal cancers. We also
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interaction with histology type. However, reporting
source was not an important factor on unknown stage if
the data were analyzed by the statistical method
described in Hsieh et al. (2000).
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This study incorporated the advantages of MART
and mixed effect model to identify the important
factors and evaluate their effects in predicting unknown
staged colorectal cancer. Another advantage of MART
is its ability to investigate, complex relationship
between predictors and response variable as well as
interactions among predictors, avoiding the main
drawback of simple linear regression model. Compared
with multiple regression model with fixed effects, the
inclusion of random effects in GLMM allows us to
further examine the variation of the effect of predictor
on unknown stage across registries, thus providing
more insight on how to improve data quality at
different registries. In addition, the findings can be
generalized to registries not included in the data.
The computational complexity of MART is the main
limitation in this study. For this colorectal cancer data,
with over 40 million cases, it took several days to build
a MART model.
In summary, this study identified that histology type,
diagnosis confirmation, reporting source and tumor
grade are important predictors of unknown stage for
colorectal cancer. There existed an interaction between
histology type and diagnostic confirmation in
predicting unknown stage. Reporting source related to
unknown stage in different manners for different
registries. After controlling for these factors, the
probability of unknown stage still varied by registries.
A future study examining more potential factors
associated with unknown stage should be done to
further explore the variation among registries.
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