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Novometric classification tree analysis was used to evaluate Surveillance, 

Epidemiology, and End Results (SEER) Program data to discover cancer 

sites moderately or relatively strongly predicted by male vs. female gender. 

Future research using any of the 13 cancer sites which met this criterion 

should account for gender using matching or propensity score weighting. 

 

Data are from the Surveillance, Epidemiology, 

and End Results (SEER) Program, that collects 

and publishes cancer incidence/survival data to 

assemble and to report estimates of cancer inci-

dence, survival, mortality, other measures of the 

cancer burden, and patterns of care in the USA.
1
 

SEER routinely includes information specific to 

populations defined by age, gender, geography, 

and race/ethnicity. This study parses SEER can-

cer incidence data by gender (male, female), to 

assess if this identifies patient strata which dif-

fer in cancer incidence.
2
 Cancer incidence rate is 

number of new cancers of a specific site (type) 

that occur in a population in one year, expressed 

as number of new cancers for every 100,000 in 

the population who are at risk. A third ethnic 

category in the SEER database was omitted as it 

combines heterogeneous race classes which may 

induce paradoxical confounding if combined.
3-6

 

Every individual cancer category in the 

SEER database was evaluated to ascertain if the 

male and female patients had equivalent cancer-

incidence rates. Most cancer categories had 608 

observations, so proportionally reducing sample 

size using three sequential binary parses creates 

2
3
=8 strata, each with 76 observations. Analysis 

involving a binary class variable and an ordered 

attribute, with endpoints each having 76 obser-

vations, requires moderate ESS=48 to achieve 

>90% power to detect two-tail p<0.05.
6-11

  

Novometric CTA
12

 was used to evaluate 

each cancer-incidence category using gender as 

the binary class variable and cancer-incidence 

rate as the ordered attribute; weighting by prior 

odds was used to maximize ESS; the minimum 

denominator selection algorithm was employed 

to identify the descendant family; and identical 

findings were required in training and in LOO 

validity analysis.
13-20

 Findings are summarized 

by ESS point  estimates and 95% CIs for can-

cer-incidence sites which reflect a moderate to 

relatively-strong (Table 1), or a moderate degree 

(Table 2) of male vs. female disparity. 

Future research using cancer sites found 

moderately or more strongly related to male vs. 

female gender should account for gender using 

matching
22-24

 during subject recruitment, or via 

weighting by propensity scores otherwise.
25-27
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Findings reported presently should be 

replicated if more recent data relating gender 

and cancer-incidence exist. 

 

      Table 1: Moderate to Relatively-Strong Disparity 

Cancer Site             Strata    MinD        ESS               D 

---------------------------------------------------------------------- 

Kaposi Sarcoma        2    192      47.4          2.22 

39.8-55.0    1.63-3.03 

     0-7.24         ---- 

Larynx         2    163      43.8          2.57 

36.4-51.0    1.92-3.49 

0.33-6.91    26.9-604 

Thyroid         2    210     43.4          2.61 

35.4-51.3    1.90-3.65 

     0-7.24         ---- 

---------------------------------------------------------------------- 
Note: The results for every step of MDSA analysis12 are tabled. 

Cancer Site is type of cancer; Strata is number of CTA model 

endpoints; and MinD (minimum denominator) is the smallest 

sample size for any strata. ESS (effect strength for sensitivity)   

is a normed index: 0=the classification accuracy expected by 

chance; 100=perfect accuracy. The D (distance) statistic17,21  

adjusts ESS for model complexity, indicating the number of 

additional effects having equivalent mean ESS that are needed 

to obtain 100% correct classification (dashes indicate division 

by zero). For every model in the descendant family the first line 

gives point estimates; second line gives 95% confidence inter-

vals (CIs) for discrete distributions obtained by using bootstrap 

analysis (50% with replacement)7,18; and the third line presents 

95% CIs for chance obtained via Monte Carlo analysis using 

100,000 iterations. Unless otherwise noted, N=608 for analyses 

reported within this paper. 

 

               

 

 

 

 

 

 

 

Table 2: Moderate Disparity 

Cancer Site             Strata    MinD        ESS               D 

---------------------------------------------------------------------- 

Oral Cavity and        2    120      39.5          3.06 

Pharynx    33.1-46.0    2.35-4.04 

     0-6.58         ---- 

Endocrine System       2    224     38.8          3.15 

30.2-47.1    2.24-4.62 

     0-7.89         ---- 

Esophagus        2    113      32.6          4.13 

26.1-39.2    3.10-5.66 

0.33-6.25       30-604 

Floor of Mouth        2    124       33.6          3.95 

26.6-40.5    2.94-5.52 

     0-6.58         ---- 

Hodgkin         2    289      36.5          3.48 

Lymphoma   27.8-45.4    2.41-5.19 

    0.33-7.57    0.16-3.78 

Hodgkin-Nodal        2    292      36.8          3.43 

28.2-45.4    2.41-5.09 

     0-7.89         ---- 

Hypopharyanx        2    136       38.8          3.15 

31.8-46.0    2.35-4.29 

     0-6.58         ---- 

Oropharynx        2    143       34.5          3.80 

27.1-41.7    2.80-5.38 

0.33-6.91    26.9-604 

Tongue         2    120       37.5          3.33 

30.8-44.1    2.27-4.49 

     0-6.58         ---- 

Tonsil         2    162       37.5          3.33 

30.0-45.1    2.43-4.67 

     0-7.24         ---- 

---------------------------------------------------------------------- 
See Note to Table 1. 
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