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Serial or longitudinal measurement is widely practiced by people 

in all facets of real-world phenomena: an athlete wishes to know 

how many training sessions are required before significant increase 

in performance is realized; a musician wishes to assess how many 

on-stage performances are required before a significant increase in 

media attention is attracted; and a medical patient wishes to under-

stand how many units of medication are needed before significant 

improvement in health is achieved.  This paper illustrates how to 

use UniODA to statistically evaluate a longitudinal series, either by 

starting at the series beginning and traveling forwards in time, or 

starting at the series end and travelling backwards in time. This is 

illustrated with an example involving backwards travel in a time-

ordered series, to determine when recently observed statistically 

significant increases in annual crude mortality rate occurred in 

McLean County, North Dakota. 

Recent research hypothesized that exposure to 

toxic chemicals and biocides in the environment 

is hazardous to human longevity, and so used 

the year this practice was commercialized as a 

theoretical time-threshold for discriminating the 

annual crude mortality rate (ACMR) in counties 

representing such an environment.
1
  Support for 

this hypothesis motivated interest to understand 

the trajectory of ACMR over time in producing 

regions.
2
  For example, Figure 1 illustrates the 

path of ACMR over time for McLean County in 

North Dakota—in the heart of an active area of 

productive oil and gas fields.  ACMR data were 

ipsatively standardized (z scores are computed 
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using the mean and standard deviation for raw 

ACMR data in the McLean County series), a 

practice generally recommended for analyses of 

serial measures.
3 

 The year 1998 is commonly 

used to indicate initiation of commercial use of 

toxic water and gas environmentally.
1
  The 8-

year forward-moving-average is shown because 

ACMR data are only available for seven years 

after 1998, so a total of eight “post-commercial-

ization” years (data points) are available. 

 

Figure 1: Ipsative ACMR Data for McLean County, North Dakota, 

Showing 8-Year Forward-Moving-Average 

 
 

 

As seen, ipsative ACMR began its most 

recent rise in 1984.  The initial test of the a pri-

ori hypothesis compared post-commercializa-

tion data (1998-2005; Class=1) against all prior 

data (1937-1997; Class=0).  In contrast, in the 

present study the number of pre-event data 

points used to test the a priori hypothesis is the 

same as the number of post-event data points 

used, in order to equate the time horizon on both 

sides of the UniODA cutpoint employed to de-

fine the class categories.
4
 

The first analysis compared eight years 

of post-commercialization ipsative ACMR data 

(1998-2005; class=1) versus the preceding eight 

years of data (1990-1997; class=0), testing the a 

priori hypothesis that class 1 observations have 

higher ipsative ACMR data (Table 1 gives data 

used in analysis, and results). The analysis was 

accomplished by the following UniODA
4
 code 

(control commands are indicated in red): 

 

     VARS class acmr; 

     CLASS class; 

     ATTR acmr; 

     DIR < 0 1; 

     MC ITER 100000 TARGET .05; 

     GO; 

The DIRECTIONAL (DIR) command 

specifies the a priori hypothesis that the later 

(class 0) ipsative ACMR data will be lower than 

(<) the earlier ipsative ACMR data (class 1).  

An alternative parameterization is: DIR > 1 0 

(AMCR for class 1 is greater than for class 0).
4
 

The MONTE CARLO (MC) command 

specifies that 100,000 iterations (experiments) 

are employed to estimate Type I error, as prior 

research indicates this number is adequate to ob-

tain stable estimates of target p levels, having 

narrow confidence intervals.
5
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The experimentwise Type I error rate is 

controlled using a sequentially-rejective Dunn’s 

Bonferroni-type multiple comparisons proce-

dure.
4
  Since this is the first test of a statistical 

analysis being performed, the target p (Dunn’s 

criterion
4
) for a single test, p<0.05 is used in the 

MC command. 

 

 

Table 1: Design, Data, and Findings for Example Analysis 

                    Attribute                              Class Variable Coding 

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

       Year       ACMR       Analysis 1     Analysis 2      Analysis 3      Analysis 4 

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

       1987        -0.04              0 

       1988 0.35             0        0 

       1989         0.89            0          0        0 

       1990 0.04                0          0          0        0 

       1991 0.35                0          0          0        0 

       1992 1.02                0          0          0        0 

       1993 1.51                0          0          0        0 

       1994 0.44                0          0          0        0 

       1995 0.35                0          0          0        1 

       1996 0.58                0          0          1        1 

       1997 1.29                0          1          1        1 

       1998 0.71                1          1          1        1 

       1999 1.33                1          1          1        1 

       2000 1.90                1          1          1        1 

       2001 1.35                1          1          1        1 

       2002 1.25                1          1          1        1 

       2003 2.25                1          1          1 

       2004 2.63                1          1 

       2005 1.90                1 

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

          Model Cut-Point          0.64               1.14                0.51               0.51 

          Target p                        0.05               0.02533          0.01696         0.01275 

          Estimated p                  0.044             0.0092            0.043             0.13 

          Confidence                   >99.99           >99.99            <0.001           <0.001 

          ESS          62.5               75.0                62.5               50.0 

          ESP                              72.7               75.0                72.3               53.3 

                   ------------------------------------------------------------------------------------------
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 As seen, the UniODA model for the 

first analysis is: if ipsative ACMR<0.64 then 

predict class=0 (1990-1997); otherwise pre-

dict class=1 (1998-2005). This model had 

strong sensitivity (accuracy) in classifying 

actual year correctly (ESS=62.5), as well as 

strong predictive value in making accurate 

classifications into each class category (ESP 

=72.7).
4,6

  Confidence that estimated p was 

as small or smaller than the Sidak Bonfer-

roni target p was virtually perfect, offering 

statistical confirmation of the a priori hy-

pothesis.  

Note that leave-one-out (LOO) jack-

knife validity analysis
4
 was not performed 

presently, because the issue of how strongly 

the model will cross-generalize if used pro-

spectively is not relevant in this retrospec-

tive analysis.  However, when a LOO analy-

sis is also conducted, then the target p is ap-

propriately set for two tests of statistical hy-

potheses in the MC command, rather than 

for one test as was used presently.  Thus, if 

LOO analysis had been conducted presently, 

and had LOO p been greater than training p, 

then the latter would be evaluated first in the 

sequentially-rejective multiple-comparisons 

procedure.  Since the estimated p (0.044) is 

greater than the Sidak target p for two tests 

(.02533), then the a priori hypothesis would 

have been rejected, rather than supported. 

In the context of the objective of the 

study, the first question has been answered: 

looking backwards in time, the most recent 

statistically significant increase in the 

McLean County ipsative ACMR series oc-

curred when comparing eight post-commer-

cialization years (1998-2005) versus eight 

preceding years (1990-1997). 

Eyeball examination of the pattern of 

class 1 and class 0 codes across the years is 

revealing: this pattern represents a back-

ward-stepping “little-jiffy” analysis (LJA) 

with a bin-width of 16 observations and a 

step size of 1.
1
 The 8-year moving average 

that is indicated in Figure 1 is therefore an 

illustration of mean ipsative ACMR for 

Class 1 observations for every possible LJA 

when moving backwards in time (as is the 

case), and for the Class 0 observations for 

every possible LJA when moving forwards 

in time (not done presently). 

This backward-stepping LJA proce-

dure continues until the first non-statisti-

cally-significant result is obtained. In each 

analysis the appropriate Dunn criterion is 

used in the MC command. As seen in Table 

1, the LJA required three analyses to termi-

nate in the present example: the estimated p 

(0.43) exceeded the target p (0.01696), so 

the a priori hypothesis is rejected. 

In the context of the objective of the 

study, the remaining questions have been 

answered: looking backwards in time, the 

second (Kth) most recent statistically sig-

nificant increase in the McLean County ip-

sative ACMR series occurred when com-

paring data from 1997-2004 versus 1989-

1996.  This was also the earliest, or the ini-

tial statistically significant increase in ip-

sative ACMR data in the recent series. 

Because the bin-width of the present 

study is small, statistical power available for 

testing the a priori hypothesis is limited.
7
  In 

this case, especially if data are expensive 

and/or rare, the use of the multiple compari-

sons criterion may be relaxed, and the gen-

eralized criterion of “per-comparison” p< 

0.05 can be used instead to gauge statistical 

significance.
4
  

This also is illustrated in Table 1.  

Note that in the third analysis the estimated 

p (0.043) is less than the estimated p (0.044) 

in the first analysis, and also that confidence 

for the latter estimate for target p<0.05 was 

almost perfect.  Thus, had the generalized 

criterion been used rather than the experi-

mentwise criterion from the start of analysis 

then the a priori hypothesis would have 

been supported in this step, rather than re-
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jected, as was the case.  In the fourth analy-

sis the estimated p is clearly not statistically 

significant (not shown, confidence for target 

p>0.10 was >99.99). 

In the context of the objective of the 

study, the remaining questions have been 

answered: looking backwards in time, the 

second (Kth) most recent statistically sig-

nificant increase in the McLean County ip-

sative ACMR series occurred when com-

paring data from 1997-2004 versus 1989-

1996. The earliest, or initial statistically sig-

nificant increase in ipsative ACMR data in 

the recent series occurred when comparing 

data from 1996-2003 versus 1988-1995. The 

comparison between 1995-2002 and 1987-

1994 was not statistically significant. 

The LJA procedure works in a con-

ceptually-parallel method in forward-step-

ping mode. 
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