
JUST THE FACTS

Too much data—and 
misguided analysis—
often can confuse 
decision makers. 

There are five 
basic rules for 
properly analyzing 
data that must be 
followed to solve 
problems, bring 
value and avoid 
misinterpretation.

Using these five 
rules will guarantee 
successful informed 
decisions that 
rely on predictive 
and actionable 
information.
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Five basics for eliminating poor data 
analysis by Gregory C. McLaughlin
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Using these rules will 
guarantee a successful 
informed decision that 
relies on predictive and 
actionable information.

usinesses or organizations cannot function without data. The mantra today is to 
collect enormous amounts of data, which is referred to as big data. Big data have led 
to big analytics. Executives are spending plenty on analytics. By one estimation, that 
spending is at $187 billion—and growing.1 The problem is that big does not always 
equal better. 

For many, big analytics doesn’t seem to answer imprecise questions or offer 
new insights.2 The root cause of the problem is an improper recognition of the data’s 

inherent behavior related to its predictability and consistency, which applies to large or small data 
sets and is rooted in failed data analysis.

These failures result in massive losses—for example, IBM estimates data analysis failures cost 
up to $3 trillion in the United States alone.3 Poor data analysis is happening at epidemic propor-
tions and is a result of too much data to examine and review, failure to adhere to assumptions or 
requirements, lack of knowledge regarding risks and inconsistencies, and poor interpretation that 
brings little value and frequent error. 

Appropriate analysis and interpretation are required to solve new problems and gain new 
answers—without making the same old statistical mistakes.4 Using the five rules for data analysis 
presented in this article provides a solution to this epidemic. A familiar example (the Standard & 
Poor’s, or S&P, stock index) will help in understanding these concepts.

First rule
Numbers describe what it is, not what happened nor what will hap-
pen. Numbers alone cannot solve problems or enable the right or 
best decisions.

Businesses and decision makers may rely too heavily on numbers. 
If sales drop 10% from the previous week, for example, would you 

react, investigate or monitor? What is the best advice if the number 
changes? The best choice is to investigate. Why? You must identify 

why the value changed because the value alone won’t provide an 
answer. For example, the S&P index ended the day on May 

1, 2019, at 2,676.19. What value does this number provide? 
Except for its descriptive value, a number provides no infor-
mation on what to expect the next trading day or any day.

Use data—rather than numbers—to make decisions. Data 
transform numbers into information by explaining their meaning, 

placing it within a specified time frame, comparing it to a known 
value or standard, and establishing its importance and priority. Let 
the facts, experience and instinct direct your decision rather than just 
emotion, opinion or feelings. 

Data should reveal something about the event, issue, problem, 
threat or opportunity. Be aware of inaccurate, missing, misused and 
inappropriate data, as well as issues with data entry.5 Enron used 
inaccurate financial data to hide its money (solvency) problems6—​​
its collapse and loss of shareholder value were well-publicized. 

B



Second rule
Data has excellent descriptive properties and should be visual-
ized (for example, charts, graphs, plots or tables).7 

Analyzing data includes developing a descriptive summari-
zation and visual patterns and behaviors of the data. The results 
of the analysis permit testing and confirming the data with 
statistical techniques to develop a long-term predictive profile.

Most analysts and decision makers use a small amount of 
data to make a decision. They can examine the numbers and 
come to some conclusions. Visualizing the data, however, is 
not that difficult and often provides more detail and infor-
mation. Consider the entire end of day S&P index values for 
April 2019 (see Table 1). To visualize that data, begin with 
a simple plot (index value Y versus day X).

The index increases from the first day, but it is not suc-
cessive. There are up and down days. Plots or graphs reveal 
how data change over time—an excellent method to visualize 
consistency. Repeatable data remain the same, inconsistent 
data change or vary frequently and without a pattern. You 
can see “spread” in the data with this plot. When graphing 
and interpreting the data, often it is helpful to examine how 
the data varies (changes or spreads) against a known or cal-
culated value.

Figure 1 (p. 42) data lack a point or standard from which to 
make a comparison, judge the rate of increase for the index or 
forecast the future. One such common point estimate to use 
as a standard is the mean (or average). These statistics often 
(but not always) describe the center of the data (the median 
is another such standard that measures centrality). A simple 
summary descriptor for the S&P index plot is the average for 
the month, which is 2,903 (dotted red line). See Figure 2, p. 42.

The final element of a simple data analysis is the determi-
nation of shape or form. The shape is related to the long-term 
behavior of the data. By grouping and arranging the data 
into intervals, it is possible to observe its form. Histograms, 

with no fewer than seven equal-width groups, provide an 
excellent tool for visualization (see Figure 3, p. 43). Although 
data may be sampled randomly or sequentially, the shape that 
emerges generally exhibits a specific pattern. This pattern is 
called a distribution and has typically predictive (probabilis-
tic) capabilities.

To best visualize the shape, however, you should get 
a larger sample size than 50 observations. Fewer data points 
could distort the natural behavior of the data. Consistent 
data exhibits a pattern, and it can be repeated and predicted 
(forecasted) with reasonable certainty. Knowing the proba-
bility distribution and its unique behavior (how the data are 
spread, shaped and centered) provides valuable information. 

To verify a particular probability distribution, use statis-
tical tests to confirm how well the data match a known set 
of criteria that describes the distribution. Be aware that the 
size of the sample (small versus large) may yield a different 
visual pattern.

Histograms and box plots are useful tools to visualize 
this concept (see Figure 4, p. 44). Also, fundamental statis-
tical analysis may be helpful, as well. Figure 4 tests whether 
the data follow a normal distribution (Anderson-Darling test 
of normality)—a typical symmetrical pattern (also called the 
bell-shaped curve) that, given the author’s 40-plus years of 
experience, exists about 60% of the time.

Do not concern yourself with only the statistics provided. 
First focus on the visual. For Figure 4, the shape is defined 
(tested) to be normally distributed (bell shaped). These data 
now have the potential predictive capability if the variation 
remains consistent.

Third rule
Patterns, trends or cycles indicate inconsistency in the varia-
tion that is unpredictable and changing. 

Plotting the data offers a unique approach to understand-
ing their performance. The S&P index data for April 2019 
(Figure 5, p. 45) provides additional information. The plot 
clearly shows two distinct trends from the beginning of the 
month to its end. Notice that the individual values vary from 
day to day, with small and significant differences. These 
differences measure short-term consistency and are due to 
various factors (financial, business information, news items, 
and analysts’ warnings or encouragement). 

These short-term changes depend on many inputs, which 
include feelings and emotions. These unknown influences are 
what make the market inherently unstable (unpredictable—
unless the analysis identifies what is driving the market, then 
short-term results can be very profitable). The trend in Figure 
5 is unsustainable because of this inherent inconsistency. 
The causes and impact of this variance are much less evident 
during days seven through 13.

Differences also exist between longer-term measures (such 
as the mean or average) and individual values. In Figure 1, 

S&P index for April 2019 
(end of the trading day)

2,867.19 2,867.24 2,873.40 2,879.39 2,892.74 2,895.77

2,878.20 2,888.21 2,888.32 2,907.41 2,905.58 2,907.06

2,900.45 2,905.03 2,907.97 2,933.68 2,927.25 2,926.17

2,939.88 2,943.03 2,945.83

T A B L E  1

S&P = Standard and Poor’s

qualityprogress.com   ||   QP   ||   41

S T A T I S T I C S
iS

to
ck

.co
m

/k
jer

ulff

http://qualityprogress.com
http://www.istockphoto.com


S&P index with monthly mean  
F I G U R E  2

S&P = Standard and Poor’s
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S&P index for April 2019 (end of the trading day)
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the mean (average) is only a point or single estimate. How well 
does the average predict the stock index price? Not well because 
only a few values are near enough to the center to be predictive. 

From Figure 5, what does the trend suggest about future 
performance? The answer is the pattern will be reversed 
sometime in the future. The result is that a dilemma occurs 
in trying to determine whether to buy, sell, wait or search for 
more information. The answer is to search for various influ-
ences that move the market (what causes the prices to change), 
and either act (buy or sell) or wait. If critical information is 
missing or incomplete, the decision becomes more of a gamble.

Few understand the inherent error they commit when 
trying to predict in the presence of instability. Predictability—​
a desired outcome of statistics—is directly linked to stability. 
Without stability, a prediction is irrelevant. Control charts 
(Figure 6, p. 46) help visualize this concept.

Trends or cycles (troughs and peaks) and patterns (recur-
ring data, seasonal or time dependency) are the results of one 
or more causes or influences that can and do change. There-
fore, the future may be unpredictable if these influences 
remain hidden, fluctuating or unknown.

Moving on, Figure 7 (p. 47) is the next eight days (now, 
May 2019). The mean (average) is nearly identical, but the 
pattern is different, and it is changing (falling index).

Why is the index falling? Uncontrolled or unknown influ-
ences are affecting the index. Watch any of the business TV 
shows and analysts will try to diagnose the change, predict 
the future or stress one factor that seems to drive the market. 
The fact that stocks are affected by economic conditions, 
political pressures, emotions and complex buy-sell programs 
are some of the reasons for the inconsistency. 

The next eight days confirm this noticeable change (see 
Online Figure 1, which can be found on this article’s webpage 
at qualityprogress.com).

The May average is now significantly lower. When the 
inconsistency is present, the statistics will change but have no 
predictive component (it will not indicate future performance).

Therefore, to determine long-term behavior, a larger 
sample was extracted. The spread and shape of the S&P 
index for Jan. 1 to May 20, 2019 (Online Figure 2) is differ-
ent than for the smaller sample example. The effect of time 
now influences the result as the shape changes from bell 
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Histogram of S&P index—April 2019
F I G U R E  3

S&P = Standard and Poor’s
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shaped (normally distributed) to 
a more skewed shape (data tests 
to be non-normal, which are 
not shown). 

These data contain an upward 
trend, which is inherently unsta-
ble. That trend ended in May 2019. 
Changeable information or data 
are unpredictable. If you try to 
predict the S&P with a traditional 
distribution shape, such as the 
normal distribution, forecasts 
will be consistently incorrect. 

Fourth rule
Knowing the probability distribution is required to forecast 
long-term performance.

If the variation is consistent and the distribution verified, 
the long-term prediction is possible. You cannot forecast data 
that are changing uncontrollably (this includes periods of 
stability). A similar fate awaits those who do not understand 
the predictive nature of a probability distribution.

Many assume that data are 
always normally distributed. 
That assumption is correct, 
especially if the measurement 
is lengths, widths, depths, vol-
umes, weights, flows and scores, 
to name a few. However, if the 
measure is something like a 
survey response, tracking errors, 
perceptions, importance, value, 
repair rates or prices, other dis-
tributions are better for overall 
prediction and accuracy.

Online Figure 3 visualizes 
four distinctive probability dis-

tributions, each of which is predictive for a specific measure. 
Online Table 1 lists typical variables that are non-normal. 
The list is far from exhaustive, indicating the diversity pres-
ent in everyday data.

Distributions are either discrete (such as the Poisson) 
or continuous (such as the familiar normal). To visualize a 
known distributional shape requires a large number of data 
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points (more than 500 data values). Yet, most decision makers 
use fewer than 50 samples to make critical decisions. Small 
samples increase the risk of making an error, and that error 
increases if the behavior of the data is unknown.

If behavior (that is, shape) can be estimated or predicted, 
this becomes a method to increase the informational and 
predictive power of the data. If, however, the data shape is 
unknown, forecasts and predictions are limited. Validate all 
distributional forms and try not to approximate a distribution 
if the behavior is unfamiliar. Using an approximated prob-
ability distribution—such as the normal—may simplify the 
analysis but provide inaccurate results, if unsubstantiated.

Fifth rule 
Statistical tests, techniques and experiments are likely to vali-
date and confirm data.

Most decision makers use a small sample from their work 
to make critical decisions. If the variation is consistent, and 
the shape is known and validated, the statistics will have 

excellent predictive properties. The less you know about the 
distributional properties, the larger (and better) the sample 
required to verify the results. Assume a shape is dangerous if 
that shape is untested.

The consequences of doing nothing
Organizations must change the way they analyze and 
interpret data. Poor analytical techniques yield suspicious 
results. The normal distribution has become the de facto 
shape to describe most data. Shape or distributional form 
and variation rarely are discussed or dismissed as being too 
complicated. Both are critical to understanding long-term 
patterns of data. Statistics, such as the mean, are accepted 
as long-term predictors. Yet, some distributions have a 
calculated average that is neither a measure of centrality nor 
predictive. The result leads to an epidemic of poorly analyzed 
and misinterpreted results, such as:

	� Analysts, business publications and TV shows want to 
analyze every number as if it uniquely describes the 

S&P index—at the closing bell, April 2019 (trends)
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F I G U R E  6

I-MR = individual-moving range
S&P = Standard and Poor’s

LCL = lower control limit
UCL = upper control limit

MR = moving range
X = mean

Confirmation of instability and unpredictable patterns— 
control chart
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measure, value or trend of the stock, index or statistic even 
if those values change daily.

	� Medical personnel often want to react to a number, such as 
a blood pressure reading or test results, without first exam-
ining the patient’s history or placing the data into its proper 
context. What impact does this have on the patient?

	� The easy application of statistical software has created 
so-called “experts” who lack a basic understanding of 
probability and statistics.

	� Relying on the mean or average is handy and predictive when 
the data come from a symmetric distribution, but may have little 
meaning for non-normal distributions or data with changing 
variation. The statistical theory does not substantiate the claim 
that all data eventually would become normally distributed.

Flawed analysis, for the most part, stems not from 
fraud or formal misconduct, but more normal misbe-
havior: miscalculation, poor study design or self-serving 
data analysis.8 

Recommendations
Insist on data analysis and interpretation. Ask “why?” con-
cerning any pattern or trend that changes, underperforms 
or surprises. Do not be impressed with statistical output 
that is too complex to decipher or cannot be fully explained 
by more straightforward data analysis. Initiate a culture of 
data fluency that supports informed decision making.

Data analysis includes interpretation, which places the 
results within a context that management can use easily. 
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Ask for the charts and graphs, and require that these be fully 
interpreted and validated. Using these rules will guarantee 
a successful informed decision that relies on predictive and 
actionable information.  QP
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WATCH MORE

ASQTV has a host of videos related to data analysis, 
including one that offers advice on gathering and 
analyzing data in organizations, tips on using Likert 
scales, and a case study on leveraging data to help 
the bottom line. Visit videos.asq.org/likert-scales-
and-data-analysis to access the video, which 
features an interview with Chris McMillian, senior 
corporate performance analyst for the City of 
Fayetteville in North Carolina. 

qualityprogress.com   ||   QP   ||   47

S T A T I S T I C S

http://www.ibm.com/downloads/cas/3RL3VXGA
https://curatti.com/big-data-bad-analysis-big-bust/
https://tinyurl.com/what-is-bad-data
https://www.smartdatacollective.com/author/matthew-zajechowski/
https://tinyurl.com/learn-from-bad-data
https://tinyurl.com/learn-from-bad-data
https://videos.asq.org/likert-scales-and-data-analysis
https://videos.asq.org/likert-scales-and-data-analysis
http://qualityprogress.com

