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Rectangular categorical designs (RCDs) are among the most prevalent 

designs in science. Categorical designs involve categorical measures. 

Examples of categorical measures include gender with two response 

categories (male, female), color with three response categories (red, 

blue, green), or political affiliation with many response categories. 

RCDs cross-tabulate two or more categorical variables that have a 

different number of response options: that is, there are more columns 

than rows in the cross-tabulation table, or the opposite is true. Analysis 

via chi-square does not enable researchers to disentangle effects which 

are identified in such designs, especially when the number of response 

options is large—as are typically used for attributes such as ethnicity, 

marital status, type of health insurance, or state of residence, for 

example. This article demonstrates how to disentangle effects within 

rectangular (or square) cross-classification tables using UniODA, and 

demonstrates this first for a sample of n=1,568 patients with confirmed 

or presumed Pneumocystis carinni pneumonia (PCP) measured on city 

and gender, and a second time for n=144 ESS and ESP values arising 

in a comparison of analysis of qualitative strength categories achieved 

by models identified using raw or z-score data. 

 

Example 1: Single-Sample Design, 

Attribute Measured Once 

Data were collected in a national study 

using a complex sampling strategy to obtain a 

random sample of n=1,568 patients with con-

firmed or presumed PCP.
1
 Investigators wanted 

to determine if males and females (GENDER) 

are comparably represented in data from the five 

study centers (CITY). Table 1 is the cross-tabu-

lation of these variables. 

               Table 1: Data for Example 1 

                                    Female    Male 

Chicago       49        352 

Miami        25        149 

Los Angeles       26        304 

Seattle        19        234 

New York       129        281 

------------------------------------- 
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The post hoc hypothesis that women and 

men had different representation across city was 

tested by running the following UniODA
2
 code 

(control commands indicated in red): 

   VARS gender city; 

   CLASS gender; 

   ATTR city; 

   CATEGORICAL city; 

   MC ITER 25000; 

   GO; 

The resulting model was: if CITY=New 

York then predict GENDER=Female; otherwise 

predict GENDER=Male. The model was statis-

tically significant (>99.999% confidence for p< 

0.05) and moderately accurate (ESS=30.7), but 

it had weak predictive value (ESP=21.2). Table 

2 presents the confusion table for this result. 

  Table 2: Confusion Table for UniODA Model 

Discriminating Gender Based on Marital Status 
--------------------------------------------------------------- 

                                Predicted Gender 

                                 Female      Male 

Actual     Female         129          119         52.0% 

Gender       Male         281        1039         78.7% 

                                  31.5%     89.7% 

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

 Findings thus far may be symbolically 

indicated as: New York (NY) > Rest; where > 

indicates a statistically significantly greater pro-

portion of female patients, and Rest indicates all 

other cities in the sample. 

In the second step of the procedure, all 

observations from NY are eliminated from the 

data set and the MC is command modified to 

specify target experimentwise p<0.05 and Sidak 

Bonferroni-type criterion
2
 for a second test of a 

statistical hypothesis: 

   MC ITER 25000 TARGET .05 SIDAK 2; 

The resulting model was: if CITY=Chi-

cago or Miami then predict GENDER=Female; 

otherwise predict GENDER=Male. The model 

was statistically significant (>99.999% confi-

dence for experimentwise p<0.05) but had weak 

accuracy (ESS=14.0) and predictive value (ESP 

=5.2). Table 3 is the resulting confusion table. 

  Table 3: Confusion Table for UniODA Model 

Discriminating Gender Based on Marital Status:    

           NY Removed from Data Set 
--------------------------------------------------------------- 

                                Predicted Gender 

                                 Female      Male 

Actual     Female           74            45         62.2% 

Gender       Male         501          538         51.8% 

                                  12.9%     92.3% 

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

 Findings thus far may be symbolically 

indicated as: NY > (Chicago, Miami) > (Los 

Angeles, Seattle); where parentheses indicate 

that it hasn’t yet been determined if embedded 

cities are significantly different with respect to 

gender proportion. A third analysis (SIDAK 3) 

was run in an attempt to discriminate Los An-

geles and Seattle (p>0.10), and a fourth analysis 

(SIDAK 4) was run in an attempt to discrimi-

nate Chicago and Miami (p>0.10). Because no 

other statistically significant effects emerged, 

the symbolic representation is the final model. 

In words: the highest proportion of female pa-

tients was in NY; Chicago and Miami had a 

comparable and intermediate proportion of fe-

male patients; and Los Angeles and Seattle had 

a comparable and the smallest proportion of fe-

male patients. 

Example 2: Single-Case Design, 

Generalizability Analysis, Serial Data 

 

Data were collected from a single patient 

with fibromyalgia who provided daily ratings of 

nine symptoms over 297 sequential days.
3
 Data 
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analysis was conducted using either raw data or 

ipsative z-scores, and the ESS and ESP values 

for 36 different statistical analyses were qualita-

tively coded as being very strong, strong, mod-

erate, weak or not statistically significant. The 

investigator needed to know if different qualita-

tive effect strength categories are comparable 

for raw and z-scores, and if the effect is con-

sistent for both model performance indices. Ta-

ble 4 is a cross-tabulation of INDEX (ESS, 

ESP), SCORE (raw, z-score), and EFFECT (no 

effect, weak, moderate, strong, very strong). 

Table 4: Comparing ESS and ESP Values of 

UniODA Models Developed Using Raw 

and Ipsatively Standardized Data 
--------------------------------------------------------------- 

                               ESS                     ESP 

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

                        Raw   z-Score      Raw   z-Score 

No Effect           6           0              6            0 

Weak                  6          12              5            9 

Moderate            5          19              6          18 

Strong                3           4               3            9 

Very Strong     16            1            16            0 
--------------------------------------------------------------- 

These data were analyzed using the Uni-

ODA Generalizability (Gen) procedure which 

identifies the single UniODA model that—when 

simultaneously applied to multiple samples (or 

as used presently multiple aspects or dimensions 

of findings)—maximizes the minimum ESS that 

is achieved by the model across classes.
2,3

 The 

post hoc hypothesis that raw and z-scores yield-

ed different qualitative effects that generalized 

across model performance index was tested by 

running the following UniODA
2
 code (control 

commands indicated in red): 

   VARS index score effect; 

   CLASS score; 

   ATTR effect; 

   CAT effect; 

   GEN index; 

   MC ITER 100000; 

   GO; 

The resulting Gen UniODA model was: 

if effect=none or very strong then predict raw 

data were analyzed; otherwise if effect=weak, 

moderate, or strong then predict the z-score data 

were analyzed.  The model was statistically sig-

nificant (>99.99% confidence for p<0.001) and 

performed strongly in discriminating raw scores 

and z-scores using EFFECT (ESS=59.7, ESP= 

69.5). Table 5 is the confusion table for this Gen 

solution. For ESS the model had 61.1 for raw 

data and 58.3 for z-score data: and for ESP the 

values were 72.0 and 67.1. Note that chi-square 

analysis can’t be performed on these data con-

sidered together or by considering ESS and ESP 

individually: the expected value is less than five 

in 4 cells for ESS, and in 2 cells for ESP.
4
 

Table 5: Confusion Table for Gen UniODA 

Model Discriminating ESS and ESP Based on 

Type of Data Analyzed: Categorical Attribute 
--------------------------------------------------------------- 

                              Predicted Data Type 

                                 Raw          z-Score 

Actual        Raw          44               28          61.1% 

Data 

Type       z-Score          1               71          98.6% 

                                  97.8%        71.7% 

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

Findings thus far may be symbolically 

indicated: Raw < z-Score < Raw (corresponding 

to response codes of 5, 4-2, and 1, respectively). 

The next step involves examining the middle 

portion of the inequality. Thus, all entries in the 

No Effect and Very Strong rows of Table 4 are 

dropped from the data set and the MC command 

is changed to specify target experimentwise p< 

0.05 and a Sidak Bonferroni-type criterion for a 

second test of a statistical hypothesis: 
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   MC ITER 100000 TARGET .05 SIDAK 2; 

The resulting model was not statistically 

significant (p>0.10), so the symbolic representa-

tion is the final model. In words: statistical 

analyses of raw data were associated with sig-

nificantly more findings of very strong effects, 

and significantly more non-effects, than anal-

yses of z-score data, for ESS and ESP indices. 

In this example EFFECT was treated as 

being categorical because distinctions arising 

from use of labels to identify outcomes are often 

treated as being qualitatively distinct. However, 

the EFFECT data are clearly ordered from weak 

to strong.
5
 so for expository purposes analysis is 

repeated from the beginning after disengaging 

the CAT command: 

   *CAT effect; 

 The resulting Gen UniODA model was: 

if effect=strong then predict that raw data were 

analyzed; otherwise if effect=none, weak, mod-

erate or strong then predict the z-score data were 

analyzed. The model was statistically significant 

(>99.99% confidence for p<0.001) and it per-

formed moderately strongly in discriminating 

raw scores and z-scores on the basis of EFFECT 

(ESS=43.1, ESP=60.9). Table 6 is the confusion 

table for this Gen solution. For ESS the model 

had 44.4 for raw data and 41.7 for z-score data: 

for ESP the values were 57.8 and 64.3. 

Table 6: Confusion Table for Gen UniODA 

Model Discriminating ESS and ESP Based on 

Type of Data Analyzed: Ordered Attribute 
--------------------------------------------------------------- 

                              Predicted Data Type 

                                 Raw          z-Score 

Actual        Raw          32               40          44.4% 

Data 

Type       z-Score          1               71          98.6% 

                                  97.0%        64.0% 

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

Findings thus far may be symbolically 

indicated: Raw < z-Score (corresponding to re-

sponse codes of 5 and 4-1, respectively). The 

next step involves examining the right-hand por-

tion of the inequality. Thus, all entries in the 

Very Strong row of Table 4 are dropped from 

the data set and the MC command is changed to 

specify target experimentwise p<0.05 and a 

Sidak Bonferroni-type criterion for a second test 

of a statistical hypothesis, as was done before. 

The resulting Gen UniODA model was: 

if effect=none then predict that raw data were 

analyzed; otherwise if effect=weak, moderate or 

strong then predict z-score data were analyzed.  

The model was statistically significant (with 

>99.99% confidence for p<0.001) and it per-

formed moderately in discriminating raw scores 

and z-scores on the basis of ESS (30.0), and 

strongly on the basis of ESP (71.7).
6
 Table 7 is 

the confusion table for this Gen solution. 

Table 7: Confusion Table for Gen UniODA 

Model Discriminating ESS and ESP Based on 

Type of Data Analyzed: Ordered Attribute with 

Response Option “Very Strong” Omitted 
--------------------------------------------------------------- 

                              Predicted Data Type 

                                 Raw          z-Score 

Actual        Raw          12               28          30.0% 

Data 

Type       z-Score          0               71          100% 

                                  100%         71.1% 

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

Findings thus far may be symbolically 

indicated: Raw < z-Score < Raw (corresponding 

to response codes of 5, 4-2, and 1, respectively). 

Exposition ends here: the next analysis 

involving elimination of the “no-effect” codes 

was not statistically significant. Note that inte-

grating the two Gen UniODA models for the 

ordered analysis involves adding entries in the 

left-hand column of Table 7 to corresponding 

entries in Table 6, and replacing entries in the 

right-hand column of Table 6 with correspond-
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ing entries in Table 7. The resulting confusion 

table is presented in Table 5: as seen, the final 

symbolic representations of categorical and or-

dered procedures are identical, as are their con-

fusion tables. 

UniODA disentanglement methodology 

used in conjunction with content-coding-based 

attribute construction methodology
7
 transforms 

the previously difficult-to-interpret RCD into an 

efficient methodology for precise stratification 

of different classes over an array of qualitative 

outcomes. 
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