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Sometimes data can mislead. A
pattern looks clear, a conclusion
feels certain, and then something
changes when we look at our data
in a different way. In evaluation,
these moments can be spooky!
Like a creak in an old house,
sometimes there are signs that
something beneath the surface
deserves another look. Three
statistical phenomena can be
responsible for such surprises:
Simpson’s  Paradox, Survivorship
Bias, and Selection Bias. Each can
distort what your numbers say,
leading to confident but mistaken
interpretationsifleftunrecognized.

Simpson’s Paradox occurs when
a relationship that appears in
the overall data reverses or
disappears once the information
is separated into groups. Imagine
a chart showing a downward

slope between two variables,
perhaps suggesting that higher
participation hours lead to lower
satisfaction. The pattern looks
clear, but when the data are
broken out by subgroup, the
relationship reverses, and within
each group, satisfaction actually
increases with participation. The
apparent decline comes from
combining groups of different
sizes or characteristics, which
hides what is happening within
them. In evaluation, this might
occur when statewide data show a
decline even though most regions
or populations experienced
increases. The original pattern
wasn't technically false, but it
was incomplete and distorted by
aggregation.

This phenomenon can be observed
by looking at the pair of visual aids
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Top: All data points are shown in black, and a single red regression line slopes downward. This creates the appearance
of a negative relationship between variables X and V... as X increases, Y appears to decrease.

Bottom: The same data are divided into several groups identified by color. When examined this way, each group reveals

its own positive trend. Within each subgroup, Y increases as X increases. The individual red trend lines for each group
slope upward, contradicting the trend found in the top image.




This image shows bullet holes on
aircraft that returned from missions.
The pattern suggests which areas took
the most damage among surviving
planes.

At first glance, it seems logical to
reinforce the areas with the most bullet
holes. After all, these parts appear to
have been hit most often and might
seem most at risk.

IMAGE RETRIEVED FROM: HTTPS://WWW.COUNTBAYESIE.COM/BLOG/2020/11/5/SURVIVORSHIP-BIAS-IN-HOUSE-HUNTING-A-PRACTICAL-MODELING-EXAMPLE-USING-JAX

But these marks come only from
planes that made it back. The aircraft
that never returned were likely hit in
unmarked areas such as the engines,
cockpit, or fuel lines.

on page 2. The first scatterplot displays
asingle trendline fit to the datainclined
downward, a negative correlation. As X
increases from left to right, Y decreases.
The second scatterplot separates the
same data into groups identified by
color, and now each group shows an
upward slope or a positive correlation.
What looked like a single pattern turns
out to be several smaller ones layered
together. When one larger group pulls
the overall average in one direction,
the combined result can sometimes
misinterpret what happens within the
individual components. For evaluators,
the lesson here is to look beyond the
summary figures and test whether
patterns  hold across subgroups.
Sometimes, what first appears to be
a valid and reliable conclusion can
change once we examine the data in a
different way.

Survivorship Bias presents a different
kind of problem. It appears when we
base conclusions only on remaining
participants and forget about those
that have been lost along the way. This
bias leads us to focus on the programs
that succeed, the participants who
complete a course, or the organizations
still operating, while ignoring those
that dropped out in the process. In
an evaluation, that can make results
look stronger than they really are.
By studying only the survivors, we
risk missing the reasons others fell
away, and the barriers, challenges, or
contextual factors that shaped our
outcome. The missing data are not just
gaps... they are part of the story!

A well-known historical example
illustrates this idea. During World War
I, analysts examined aircraft returning
from combat to decide where
additional armor should be added to
aid in the survivability of their planes.
They mapped bullet holes on the
surviving planes and initially planned
to reinforce the areas of the returning
planes that had the most damage. Can
you see the problem with this strategy?

One statistician observed that those
hole positions came only from the
planes that survived. The aircraft that
never returned had been hit in other,
more vulnerable places, areas without
a single bullet hole on the surviving
planes.

The story has since become legend, and
while some details may be apocryphal,
its lesson endures. What we see in
the data is not always where the
danger lies. In evaluation, the missing
responses, incomplete records, and
vanished participants often hold the
key to understanding what really went
wrong. When this happens, it helps
to look for patterns in who is missing,
compare their characteristics to those
who remain, and document how those
gaps might influence the results.
Further, you might attempt to obtain
qualitative data from those participants
who dropped out along the way.

Selection Bias, the last of the three
phenomena presented here, occurs
long before analysis begins. It creeps
into evaluation when the people or
organizations that participate differ
in important ways from those who do
not. A survey might draw mostly from
participants who are enthusiastic to
respond. A workshop evaluation might
include only attendees who show up
to a particular session. An event might
be promoted only through Extension
mailing lists, reaching people already
familiar with and favorable towards the
organization. When that happens, the
results reflect the views of the selected
participants rather than the larger
population. In practice, this can make
a program look more successful than it
really is. For example, a program might
look like it worked for everyone, when
in reality the researchers captured only
the voices of those who benefited.

Consider an evaluation of a professional
development series where feedback
forms are optional. Those who enjoyed
the training, who are more agreeable,
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or who are in a better mood are quick
to respond, offering glowing comments
and high ratings. Those who felt the
serieswasirrelevantorconfusingareless
likely to take the time. The report that
follows is filled with praise, supported
by charts of positive responses, yet it
represents only those who already felt
satisfied. The missing perspectives, if
gathered, might tell a very different
story. Recognizing this pattern requires
evaluators to ask who participated,
who did not, and how that imbalance
might skew the results. When this
occurs, evaluators can adjust sampling
methods, seek targeted follow-up
from underrepresented groups, and
interpret findings cautiously to avoid
overstating conclusions.

Simpson’s Paradox, Survivorship Bias,
and Selection Bias each remind us
that data can be deceptive when we
stop questioning what lies beneath
the surface. These phenomena, and
others, can be the tricksters of the
statistical world. But unlike the ghouls
and ghosts that visit us this time of
year, these are nothing to fear! By
asking who is missing, what is hidden,
and how patterns might change across
groups, we can bring clarity back to the
data. When viewed with care, even the
spookiest dataset can reveal its truth,
turning numbers that are haunted into
valuable insights.



https://www.countbayesie.com/blog/2020/11/5/survivorship-bias-in-house-hunting-a-practical-modeling-example-using-jax
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Confidence intervals are one of those
statistical ideas that sound more
complicated than they are. Often
presented in brackets alongside
averages or p-values, they describe
how confidentwe can beinanestimate
based on sample data. A confidence
interval outlines a range of values that
are consistent with the data collected.
Confidence intervals might seem
creepy to people unfamiliar with the
concept, but they help us understand
how precise our estimate is and how
much uncertainty remains.

At its core, a confidence interval is a
range of values drawn from sample
data that is likely to contain the true
value in the population. It does not
tell us the true population value
directly; instead, it tells us where
that value probably lies based on
the data we collected. One way to
discover where the true population
value lies is through repetition. If we
were to collect new samples over and
over again using the same method, a
certain proportion of those intervals
would contain the real population
value. When statisticians say they
have a 95% confidence interval, they
mean that the method used would
successfully capture the true value in
about 95 out of 100 similar studies.

For example, the table to the upper-
right shows the years of education of
an Extension sample. Given the mean,
standard deviation, and sample size,
we can derive confidence intervals.
In the output, the average number
of years of education is 13.28, with
a 95% confidence interval between
12.94 and 13.61. In other words, if we
repeated this study many times using
the same method, about 95% of our
confidence intervals would include
the true average years of education
for all participants in the population.
While the mean of the sample is
used to approximate the mean of the
population, confidence intervals tell
us how certain that estimate is likely
to be.

The width of a confidence interval
gives us a sense of precision. A
narrow interval suggests we have
strong evidence for where the true
value likely falls, while a wide one
suggests more uncertainty. This
width depends on both the size of
the sample and the variability of the

data. A large, well-collected sample
tends to produce tighter intervals,
while a small or highly variable sample
will produce broader ones. The below
bar chart illustrates this relationship.
As sample size increases, confidence
intervals become narrower, showing
greater precision (as the mean and
standard deviation are held constant).
Confidence intervals give us a way to
judge how much trust we can place in
an estimate’s precision. They remind
us that every estimate carries some

uncertainty, but that uncertainty can
be measured and managed rather
than ignored.

Many people interpret confidence
intervals incorrectly. It is tempting to
think that a 95% confidence interval
means there is a 95% chance the true
value isinside the range we calculated.
That sounds correct but is not exactly
true. Once an interval is calculated,
the true population value either is or
is not inside the range; probability no




longer applies to that single instance.
The 95% reflects how reliable the
method is over many repetitions,
not the odds that our current range
“‘contains the truth!” It is also easy to
assume that the middle of the interval,
such as the mean, is the most likely
value, when in fact the true value can
be anywhere within the entire range.
Understanding this distinction helps
prevent overconfidence in results that
appear precise but rest on statistical
methods that still have room for error.

For evaluation work, confidence
intervals are most helpful when
comparing groups or tracking change
over time. They remind us that every
estimate comes with uncertainty and
that apparent differences in averages
may not be as large as they first
appear. Two programs might report
different average outcomes, but if

their confidence intervals overlap,
the difference between them may not
be meaningful. Conversely, if those
intervals are distinct, the evidence for
a real difference becomes stronger.
In this way, confidence intervals help
evaluators interpret patterns more
cautiously and communicate findings
with greater accuracy.

Confidence intervals also improve
how results are shared. Reporting
an average alone can make data
seem more certain than it really is.
Including a confidence interval gives
that uncertainty a voice, helping
readers understand both the strength
and the limits of what the data can
tell us. Saying “the average score was
45 with a 95% confidence interval
between 4.2 and 4.8" conveys far more
information than the number alone. It
allows others to see not just the result

but also the level of confidence we can
reasonably place in it. This openness
about uncertainty is not a weakness
in reporting. On the contrary, it builds
credibility and trust.

Confidence intervals may seem creepy
at first glance, but their purpose is
straightforward. They acknowledge
that we don't know the full truth,
only a range of values supported by
the evidence we have. Far from being
something to fear, they make our
conclusions stronger by grounding our
results in transparency. In a field filled
with complex data and competing
interpretations, confidence intervals
are a quietreassurance that uncertainty
can be measured, managed, and even
appreciated. In the end, they might not
be so creepy after all!

WORK SMARTER

T O

As the days grow shorter and projects
begin to pile up like fallen leaves, it is
a good time to think about how we
collaborate together. Collaboration
can be one of the most rewarding
parts of a project, but also one of
the most complicated. Everyone
brings their own habits, systems, and
preferences. Developing a good team
takes planning, coordination, and a bit
of patience. Whether you are writing
a report, managing data, or planning
an event, working smarter together
means finding a balance between
independence and interdependence.

Every project can benefit from having
a shared roadmap. Before diving into
work, take a few minutes to write
down what needs to be done, who will
do it, and when. It can be as simple as
a short table in a shared document or
spreadsheet. Having one place that
lists deadlines, responsibilities, and
progress helps everyone see how
their piece fits into the whole. It also
prevents the common trap of two
people unknowingly working on the
same task. For evaluation projects, a
shared roadmap might include data
collection dates, report deadlines, or
task assignments. While it might take
some initial time to set up, the clarity a
shared roadmap brings will often save
more time than it requires to develop.

On a related note, even the best-laid
plans need breathing room. Projects
rarely adhere perfectly to a schedule,
and packing schedules too tightly
can leave little room to adapt. Adding
a few buffer days between major
milestones can turn predictable delays
into scheduled pauses rather than
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last-minute scrambles. The habit of
leaving space in the calendar makes
collaboration feel steadier and less
reactive. When several people are
working on connected tasks, that extra
time gives everyone room to catch up,
revise, or clarify before moving on.

Additionally, shared documents can
turn collaboration from a bottleneck
into a time-saver. Instead of trading
attachments by email, work directly in
a shared file where everyone can see
changes in real time. This approach
prevents confusion and cuts down
on the “which is the current version?”
guessing game. Tools like Google Docs
or Microsoft 365 support real-time
editing, while project management
platforms such as Monday.com and

Asana can help teams organize tasks,
deadlines, and communication in one
place.

Another helpful habit is creating a
shared resource folder for each project
you are working on. Having a single
location for notes, resources, and key
information saves time and keeps
everyone on the same page. Whether
it is a shared folder on Google Drive,
OneDrive, or Box, or a simple folder
on the shared network, having one
reliable place for collected project
knowledge can make teamwork easier.
When someone new joins the project,
they can get oriented quickly without
relying upon other team members to
get them up to speed. For evaluation
projects, this shared space might hold




survey instruments, data dictionaries,
project documentation, and draft
reports. A shared resource folder
turns scattered files into an organized
archive that the whole team can rely
upon.

While this article has mentioned a
variety of programs to use, teams
also work better when they resist tool
overload. Every platform promises
to make collaboration seamless, but
too many systems create confusion
instead of clarity. For most projects,
a handful of tools will suffice: one
tool for team communication, one for
task tracking, and one for file sharing
and document collaboration. A small

toolkit used effectively is far more
efficient than a long list of platforms
no one remembers to check. A little
restraint keeps everyone in sync and
reduces the time spent hunting for
information across multiple apps.

Finally, efficiency grows when teams
reuse what already works. Reusing
reporttemplates,adapting pastsurveys
or interview guides, and drawing from
prior email drafts can save hours of
repetitive effort. Instead of reinventing
the wheel each time, teams can focus
on other tasks that might be more
beneficial to project success. Adapting
previous work ensures that materials
look professional and are of high

quality while saving time and energy.

Working smarter together is not about
squeezing more work into less time;
it is about making collaboration less
complicated and more intentional.
Clear plans and shared spaces help
teams stay coordinated and focused.
When everyone knows where to
look, how to contribute, and what to
expect, projects move forward with
less friction, and when teams plan and
organize early, they avoid unnecessary
stress and can focus on what matters
most. A little effort spent planning
now will pay off later, when projects
stay on track and collaboration feels
easier for everyone involved.

EVALUATION WORD SEARCH CHALLENGE

INSTRUCTIONS

1. Answer the clue questions. Each correct answer is a word hidden in the grid.
2. Find each answer in the grid and cross them out. Words may run horizontally, vertically, diagonally, or backwards.
3. When all words are crossed out, read the remaining letters left to right, top to bottom to reveal a hidden message.

4.Email the hidden message and the author who wrote it to ccopp@unr.edu. Three winners will be selected to

win a prize after one week (sent from Najat, be on the lookout!)

1. ____ ’'sParadox occurs when a trend in overall data reverses once
groups are analyzed separately.

2. What type of bias happens when we only analyze participants who
remain in a program and ignore those who drop out?

3. What kind of bias occurs when results reflect the views of those who
chose to participate rather than everyone in the population?

4. Every project can benefit from havinga _____ roadmap: what needs

to be done, who will do it, and when.

5. One way to work together in shared documents is by using _____
Docs.

6. A well-known example of survivorship bias comes from World War Il
and aircraft returning from combat. What kind of holes did they map?

7. In statistics, what interval represents a range of values that likely
contains the true population value?

8. What organizational tool helps teams reuse previous materials instead

of reinventing them?
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