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SUMMARY | . OSTI

Statistical concepts, methods, and tools are often used in the implementation of statistical thinking.
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Unfortunately, statistical tools are all too often misused by »of applying them in the context of statistical thinking .
that focuses on processes, variation, and data. The consequences of this misuse may be “data torturing” or going
beyond reasonable interpretation of the facts due to a misunderstanding of the processes creating the data or the
misinterpretation of variability in the data. In the hope of averting future misuse and data torturing, examples are
provided where the application of common statistical tools, in the absence of statistical thinking, provides deceptive
results by not adequately representing the underlying process and variability. For each of the examples, a discussion
is provided on how applying the concepts of statistical thinking may have prevented the data torturing. The lessons
- learned from these examples will provide an increased awareness of the potential for many statistical methods to
mislead, and a better understanding of how statistical thinking broadens and increases the effectiveness of statistical
tools.
KEY WORDS: Statistical methods, Statistical thinking, Variability
INTRODUCTION
Statistical thinking is a philosophy of learning and action that focuses on processes, variation, and data. The
philosophy is based on the principles that all work is a series of interconnected processes, variation exists in all
processes, and that reductions in variation provide the rneans for improvement. The successes in applying the
principles of statistical thinking to real problems is well documented (Britz et al. 1996) and can be traced back to the
fundamental concept that reducing variation leads to improved quality. Because statistical tools are used to quantify

and better understand variability, they are often an integral part -of the implementation of statistical thinking,
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Unfortunately, statistical concepts, methods, and tools are all too often applied in the absence of statistical thinking.
This misuse of statistical tools usually results in the misinterpretation of variability, the misunderstanding of the
associated processes, and can have momentous consequences. '

‘The consequences of misusing statistical tools by not applying them in a proper framework, such as
statistical thinking, can be fatal as illustrated by Tufte (1997). He examines the statistical and graphical reasoning
used in making two life-and-death decisions; how to stop a cholera epidemic in London during 1854; and whether to
launch the Space Shuttle Challenger in 1986. By usiﬁg statistical tools to properly understand the process by which
cholera was spreading, Dr. John Snow was able to discover the cause of the epidemic and bring it to an end. In
contrast, by applying statistical tools that did not properly represent the variability in the data, those who decided to
launch the space shuttle made a decision that cost the lives of seven astl;onauts. In both cases, the consequences
resulted directly from the quality of the framework within which the statistical tools were used to understand
processes and variability.

STATISTICAL TOOLS AND DATA TORTURING

Statistical tools are often used to quantify and better understand variability in the implementation of _
statistical thinking. Unfortunately, when common statistical tools are misused, they may fail to properly explain
variability and subsequently encourage faulty decisions and actions. Even worse, statistical techniques may be
misused to find a desired result. This practice is sometimes referred to as “data torturing”, and even though the
conclusions from such analyses appear intuitively correct, the conclusions are in reality based on incorrect
interpretations of variability. One of the earlier uses of the term “data torturing” is in\ Mills (1993) who reviews data
torturing by summarizing some poor statistical practices, that although well known, are still frequently applied.
Mills comments on the meaning of data torturing by stating:

. study data, if manipulated in enough different ways, can be made to prove whatever the
investigator wants to prove. Unfortunately, this is generally true. Because every investigator

wants to present results in the most exciting way, we all look for the most dramatic, positive

findings in our dqta When this process goes beyond reasonable interpretation of the facts, it

becomes data torturing.

The manipulation and misuse of statistical tools that leads to data torturing may be intentional or not. In

either case, the reason that many common statistical tools do not adequately perform is that they are used out of
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context without a proper understanding of the process that created the data. Because statistical thinking is about
processes, variation, and data, understanding statistical thinking concepts increases the effectiveness of statistical
tools and helps to prevent data torturing. However, because one may be forced to make a decision or take action on
an analysis without the process knowledge that statistical thinking would provide, it is also important to be aware of
practices that encourage incorrect interpretation of variability. Améng common statistical toois that may lead to
improper interpretations of variability are:

e Averages

e Percentages

o  Smoothing

s  Cross tabulations

e  Trend analysis

Although each of these methods are valid when properly used, the potential for each to mislead has been
documented through observation in the relevant literature. In the hope of averting future misuse of these statistical
tools, the following presents examples where the application of each, in the absence of statistical thinking, provides

misleading results by not properly representing the variability in the process under study.

AVERAGES .
A common method for analyzing data is to compare a current value to an average, specification, or target

value. The conclusion of any such analysis will simply be the binary characterization of the current value as “above
average” or “below average”. In essence, this method compares an individual value and treats any difference
bet\;veen it and the average, specification, or target as something special.

An example of the dangers associated with this type of analysis is shown in Figure 1 where the percentage
of failed monthly inspection results for an organization has been plotted over time. A “red flag” was given if a
monthly percentage unfavorable éxceeded twice the peer group average (denoted by the solid line on the graph). By
ignoring the time progression, and only comparing to averages, the monthly variation in the values is not taken into
account and no indication is ever given that the values may be exhibiting a downward trend. This form of data
torturing may lead to acting on a perceived difference when none really exists, and potentially wastes time,
resources, and effort. If one had instead recognized the statistical thinking principle that all processes are variable,

the simple comparison to an average would have not provided a satisfactory basis for decision making. Rather, the
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importance of the time progression may have been recognized, and an analysis of the data would have attempted to

quantify the monthly variability, and possibly recognized a trend in the data.
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Figure 1: Comparing monthly values to an average

PERCENTAGES
Analysis and display methods using percentage data are also susceptible to data torturing. Because many of

these methods do not incorporate a context of common variation, they may encourage improper interpretations of
variability. To better understand, consider a typical analysis using percentage data. Figure 2 presents the results of a
material aging study where samples of different ages (in years) were obtained, tested, and the percentage of failures
in each age category was recorded. Inspection of Figure 2 may cause one to conclude, from a reliability standpoint,
that the end of lifetime has been found with the critical age for increased failures at approximately twenty-six years
of age.

However, if one examines the number of available samples for each age category, a different conclusion
may be reached. Table 1 provides the number of samples tested in each of the age categories of Figure 2. This
add;ﬁonal information about the total number of samples tested in each age demonstrates that percentages,
especially when presented graphically, can be extremely deceptive because the variability induced by different
sample sizes is not taken into account. This form of data torturing, brought about by not considering the
denominators of ‘the percents, may lead to taking action on the process with no real justification. If instead the

process that created the data had been considered, as advocated by the principles of statistical thinking, then the
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inappropriateness of calculating and comparing the percentages without consideration of the sample size would have

been apparent.

Failure Rate at Age of Sample
7.00%
6.00% 1
5.00% 1
4.00%
3.00% -
2.00%
1.00% A
0.00% A

Percentage of Failures

05 610 1115 1620 21-25 2630 31-35

Age of Sample in Years

Figure 2: Results of an aging study

Table 1: Age and number of samples

Age in years Number of samples tested

0-5 7626
6-10 2755

11-15 1773

16-20 1112

21-25 631

26-30 308

31-35 50

SMOOTHING
Smoothing is a technique frequently used in the display and analysis of data. Although it is possible to

properly use smoothing to isolate trends or eliminate high frequencies in a time series, it is also possible to apply
smoothing procedures and falsely introduce periodicities. Unfortunately, such injudicious practices are becoming
more common as smoothing is used to make a corresponding graph look “nice” or “friendly” to the user by hiding
the natural variability in the data. An example of the dangers of smoothing is given in Balestracci and Barlow (1997)
and is reproduced in Figure 3. The figure shows run charts of data from four processes. A standard analysis may
indicate that the process in Figure 3a is stable and contains orﬂy noise, while the other three processes (Figures 3b,
3c, and 3d) indicate the presence of trends.

However, as Balestracci and Barlow reveal, the four graphs show the exact same data! The difference is

that Figure 3a displays the raw data while the other three figures present the data as various smoothed versions of




Paper ID #126

the raw data. To construct the charts, raw data points were generated from a nérmal distribution. The raw data are
plotted in Figure 3a and exhibit stable behavior, Figure 3b was created by taking rolling averages of four raw data
points, Figure 3¢ consists of rolling averages of twelve raw data points, and Figure 3d was constructed using a
rolling average of fifty-two. This example demonstrates that smoothing can result in creating the appearance of
something special in the process that does not actually exist. This form of data torturing may result in taking action
when no justification exists. If instead, the second principle of statistical thinking, that all processes vary, is

recognized then arbitrary smoothing endeavors become pointless.
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Figure 3: An example of smoothing a process

CROSS TABULATIONS
A common statistical tool used to summarize count data is cross tabulations. The degree to which the data

are aggregated in cross tabulations often does not properly consider the process that created the data. However, the
nature of the relationships observed in cross tabulations can differ depending on whether or not the data have been
adequately stratified. That is, an observed association between variables can differ depending on whether or not
other hidden variables have been taken into account. If data have not been stratified down to an appropriate level,
the inherent variability may be hidden, often resulting in a misleading interpretation of relationships. Consider the

following example that demonstrates this potential for data torturing. It was desired to compare the performance of
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two airlines, Airline N and Airline S, on a specific type of safety inspection. The hypothetical results of the
inspections are provided in Table 2 and would typically be analyzed by computing the inspection pass rate for each
airline.

Using the data in Table 2, the pass rate for Airline N can be calculated as 25/60, or 42%, and the pass rate
for Airline S to be 15/30, or 30%. Analyzing the data at this level of aggregation indicates a substantial difference in
inspection results and may cause one to expend further time and resources to investigate. However, consider
stratifying the data as in Tables 3a and 3b by a third variable, season, that denotes the time of the year when the
inspection was recorded. These tables show that the airlines had identical pass rates of 50% during the summer and
25% during the winter! That is, stratifying the data by season revealed that the previous conclusion was not valid
and demonstrates that an observed association between two variables can be misinterpreted when a variable that
interacts strongly with both variables is omitted from the analysis. |

This particular example could be explained by a natural or necessary tendency to avoid inclement weather.
For example, the patterns in Tables 3a and 3b could be explained if Airline N was located in the north and the
majority of inspections took place in the summer to avoid the harshness of the winter weather, while Airline S was
located in the south where summer inspections are often avoided due to the stresses of the summer heat. Because
these tendencies are reflective of the natural inspection recording process, the observed differences are attributable
to common variability. Concluding anything more is a form of data torturing and may result in expending )
unnecessary time, resources, and effort. If the process that created the data was well understood and thoroughly

investigated by applying the principles of statistical thinking, the possibility for excessive aggregation (as in Table

2) will be reduced.

Table 2: Cross tabulation of inspection results by airline

Airline N Airline S
Pass 25 15
Fail 35 35
Total 60 50
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Table 3a: Classification of inspection results from the summer

Summer

. Airline N Airline S
Pass 20 5
Fail 20 5

Table 3b: Classification of inspection results from the winter

Winter

Airline N Airline S
Pass 5 10
Fail 15 30

TREND ANALYSIS
It is a natural tendency to seek explanations for patterns in data. The statistical methods and tools for

pattern detection are collectively referred to as trend analysis and are often misused to make decisions with either
]jm;ted data points or with inadequate knowledge about the process creating the data. This practice may result in
data torturing by wrongly identifying the type of trend or by leading one to conclude that a trend exists when in fact
it does not.

An example of the misuse of trend analysis is given in Balestracci and Barlow (1997) and is partially
reproduced in Figures 4 and 5. Consider the data points shown in Figure 4. While it is difficult, if not impossibie, to
formulate a meaningful interpretation of this data by only observing three data points without a broader contextual
basis, it is all too common that this data would be labeled an v“upward trend”. To those that would be tempted to
suppose a trend in the data of Figure 4, consider Figures 5a and 5b that present different contexts for the “upward
trend” data points. In Figures 5a and 5b, the last three data points in each run chart are the same points as those
givén in Figure 4. For the process represented in Figure 5a, the behavior of these three data points is atypical
compared to previous values. However, the same increase in the last ﬂlree'pdmts when part of a process such as that
of Figure 5b, is not unexpected.

Making decisions and taking action on perceived trends from limited data points will almost surely result in
data torturing by either underreacting or overreacting. If instead of presenting only the data of Figure 4 to decision
makers, the principle of statistical thinking that all processes are variable was applied, then data torturing may have

been avoided by providing an appropriate context of variability.
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Upward Trend

Figure 4: An upward trend

Time Time

Figure 5a Figure 5b
Figure 5: An upward trend in two different contexts

As a second example of the potential for misuse of trend analysis, consider fitting a trend line to ka given set
of time series data. Often the conclusions of the analysis present only the resulting trend line with no reference to the
original data. However, this practice can very easily lead to attributing a linear trend to data that contain no trends or
contain a different type of trend. As an example, consider the scatter diagrams in Figure 6 from Anscombe (1973).
Although the four sets of data in these diagrams all differ, fitting a linear trend line to each yields the same
regression results!

In these cases, either different types of trends or no trend at all is influencing the data. Clearly, considering
the trend lines outside the context of variability provided by the raw data may lead to data torturing. If instead, the
principles of statistical thinking had been applied, the process that created the data would have also been considered

and the possibility for faulty decisions or actions based on trend analysis would have been reduced.
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Figure 6: The same trend line resulting from different data

CONCLUSION
The previous examples demonstrated that common statistical tools and methods are capable of data

torturing. Specifically, the following key points were highlighted.
+ Comparisons to averages, specifications, and targets ignore common variability and treat every
fluctuation as something special.
s Analysis and display of percentage data need a context of common variability for proper interpretation.
¢ The smoothing process can create the appearance of something special that is not in reality exhibited
by the data.

s Stratification is necessary in cross tabulations so that excessive aggregation is not allowed to hide the

inherent variability.

10
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. Limited point comparisons automatically make a special interpretation of the variability, even if no

trends have been observed. |

+ Fitting inappropriate trend lines may result in attributing a specific type of trend to data that contain no

trend or a different type of trend.

The potential for commeon statistical tools to torture data stems from an inability to adequately account for
the variability in the underlying processes. Unfortunately, it is easy to misuse the most straightforward of statistical
tools with possible fatal consequences. These shortcomings make evident the importance of applying statistical
thinkihg even when using basic statistical tools. As repeatedly shown, failure to consider the processes, variation,
and data within the mindset of statistical thinking can result in faulty decisions and actions. In summary, because
statistical thinking requires a focus on the process, the application of the associated concepts will increase the
effe_ctiveness of statistical tools and help to prevent data torturing.
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