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Abstract
Objective: The present communication demonstrates that even if individuals are
answering a pre/post survey at random, the percentage of individuals showing
improvement from the pre- to the post-survey can be surprisingly high. Some
simple formulas and tables are presented that will allow analysts to quickly
determine the expected percentage of individuals showing improvement if
participants just answered the survey at random. This benchmark percentage, in
turn, defines the appropriate null hypothesis for testing if the actual percentage
observed is greater than the expected random answering percentage.
Design: The analysis is demonstrated by testing if actual improvement in a
component of the US Department of Agriculture’s (USDA) Expanded Food and
Nutrition Education Program is significantly different from random answering
improvement.
Setting: USA.
Subjects: From 2011 to 2014, 364 320 adults completed a standardized pre- and
post-survey administered by the USDA.
Results: For each year, the statement that the actual number of improvements is
less than the expected number if the questions were just answered at random
cannot be rejected. This does not mean that the pre-/post-test survey instrument is
flawed, only that the data are being inappropriately evaluated.
Conclusions: Knowing the percentage of individuals showing improvement on a
pre/post survey instrument when questions are randomly answered is an
important benchmark number to determine in order to draw valid inferences
about nutrition interventions. The results presented here should help analysts in
determining this benchmark number for some common survey structures and
avoid drawing faulty inferences about the effectiveness of an intervention.
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In efforts to measure effectiveness, pre- and post-surveys
are common in nutrition interventions, given their simpli-
city, low response burden and ease of administration(1–6).
Prior to the intervention a pre-survey is administered, and
the same survey is administered again after the interven-
tion. The survey usually consists of multiple questions with
either dichotomous (e.g. yes/no) or polychotomous (e.g.
Likert-scale responses: 0= very low, 1= low, 2=medium,
3= high, 4= very high) responses. A ‘positive’ change
from the pre- to the post-survey is then considered as

demonstrating the effectiveness of the intervention or
simply as improvement (‘positive’ includes any required
reverse coding). This improvement may be reported in
various forms (e.g. average score change, number of
questions improved on, percentage of individuals showing
improvement). The focus here is on the percentage of
individuals showing improvement from the pre- to the
post-survey, as the main intervention intent is to impact
individuals not scores (i.e. an improved average score tells
nothing about the number of individuals improving).
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To draw valid inference about the effect of an inter-
vention, it is important to know the expected results if the
questions were simply answered at random (e.g. simply
guessing in an objective, right or wrong type question). In
statistics, the random effect forms the basis for determining
the appropriate null hypothesis, the appropriate test, and
therefore determining the appropriate (valid) conclusion
to draw about the effectiveness of the intervention. In a
pre- and post-survey, if the intervention is effective, the
answers should show a pattern different from being
randomly answered.

The purpose of the present short communication is
twofold. First, the communication shows that random
answering in a typical pre/post format can lead to a
surprisingly large percentage of individuals ‘showing
improvement’, which can give the misleading impression
that the intervention is effective. Second, and more con-
structively, the steps, formulas and a table are provided to
aid analysts in quickly determining the expected percen-
tage of respondents showing improvement if the questions
were simply answered at random. This number can then
be used, as the null hypothesis, in testing if the observed
percentage is significantly different from the random
answering percentage. We provide an illustrative example
using data from an annual nationwide pre/post survey
conducted by the US Department of Agriculture (USDA) in
its Expanded Food and Nutrition Education Program
(EFNEP).

Methods

A simple example gives the basic intuition before turning
to the general case.

A simple example
Suppose a nutrition intervention is designed to improve
fresh fruit intake. The pre/post survey has one question:
‘On a daily basis, how frequently do you eat fresh fruit?’
The possible response answers are: 1= never, 2= seldom,
3= sometimes, 4= often and 5= always. Table 1 shows all
possible answers from the pre- and post-survey (the event
space). The rows represent the five possible responses to
the pre-survey and the columns the five possible respon-
ses to the post-survey. There is a total of twenty-five
(= 5× 5) possible answer combinations. An improvement
on the question is defined as a higher response on the

post-survey than the pre-survey, so there are ten possible
improvement answer combinations, which are shown in
the shaded upper off-diagonal cells. Random answering
would imply an equal probability for any cell, so the
probability of showing an improvement on the question is
10/25 or 0·40. Suppose 100 people participated in the
intervention. If individuals are (independently) answering
at random, the expected number of individuals showing
improvement is then 100× 0·40= 40, or 40% are expected
to show improvement just by chance. This establishes a
well-defined quantitative benchmark for analysis and
testing. Without this benchmark one does not know the
relevant comparison for statistical testing and drawing
correct conclusions about the intervention. And, regard-
less of statistical significance, in many interventions a 40%
improvement rate would be considered clinically
significant when in fact this is the expected random
answering percentage. This random response information
is normally not provided in pre- and post-survey based
studies, but is very useful for benchmarking effects and
drawing valid inferences.

The general approach in two steps
Most pre/post surveys consist of multiple questions and in
this case the analyst is likely interested in several alter-
native probabilities. Here we focus on two. First, out of n
questions, what is the probability of showing an
improvement in all n questions if the questions are
answered at random? Second, what is the probability of
improving on at least one question, at least two questions,
etc., if the questions are answered at random? The answers
to these questions are related and involve two steps. First,
the survey response structure can be used to determine
the probability of showing an improvement in each
question, call it P. Second, this probability from step one
can be used in the binomial probability distribution to
determine the relevant probabilities for the number of
questions of interest.

Step one
Generalizing the simple example, suppose every question
has a Likert-scale response consisting of k possible
answers. The total possible answer combinations from the
pre- and post-survey will then be k2 (the event space). The
number of possible improvements in the Likert scale from
the pre- to the post-survey is then (k2 − k)÷ 2. Random
answering implies that the probability of observing an
improvement in a question is the number of possible
improvements divided by the entire possible event space
or P= (k2− k)÷ 2k2= (k − 1)÷ 2k. All of this is just the
generalization of the simple example above where k= 5.

Step two
Under random answering, along with the probability of an
improvement on any one question in the survey from step
one, the binomial distribution gives the probability of

Table 1 All possible answer combinations for a pre- and post-
survey question with a five-point scale. The shaded area shows
improvement events

Pre/Post 1 2 3 4 5

1 11 12 13 14 15
2 21 22 23 24 25
3 31 32 33 34 35
4 41 42 43 44 45
5 51 52 53 54 55
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improvement (define as a success) on any number of
questions(7) as:

P yð Þ= n !

y ! n�yð Þ ! P
y 1�Pð Þn�y; (1)

where n is the number of questions in the survey, y is the
number of successes (number of questions improved on)
and P is the probability of improving on a single question
at random from step one. Clearly the probability of y
depends on the number of responses k through P, but also
on the number of questions n and the number of
improvement responses y considered to be the relevant
threshold.

While the formulas above could be used for any
number of questions and responses, Table 2 gives the
results for some typical survey structures. The three
subsections correspond to a two-point scale (k= 2: e.g.
true/false, yes/no), a three-point scale (k= 3: e.g. never,
sometimes and always) and a five-point scale (k= 5: e.g.
never, seldom, sometimes, often and always). For each
subsection, the n rows refer to the number of questions in
the survey. The column labelled ‘All’ (y=n) gives the
probability of showing an improvement in all n questions.
That is, ‘All’ means improvement on every question. The
other columns show the probabilities of improving on ‘at
least’ the number of questions given by the inequality
(e.g. at least one, any one, y≥ 1) and these come from
using equation (1) with some basic properties of prob-
abilities(7). For example, consider the fifth row of the top
subsection of Table 2. This corresponds to a survey with
n= 5 questions and each question has two possible
answers (k= 2). The probability of improving on all

questions (y= 5) by answering at random is 0·00.
However, note the probability of improving on ‘at least’
one question by answering at random is very high at 0·76.
This implies that if improving on at least one question
(or equivalently, more than zero) is the criterion for
measuring improvement and 100 people did the pre/post
survey, then we would expect seventy-six out of 100
people to show improvement on one or more questions,
even if they were just answering the five questions at
random. Note, after determining the value of P for the
survey structure from step one, equation (1) can be used
to determine the probability of answering any subset y out
of n questions correctly.

There are some important general patterns to observe
in Table 2, especially with respect to the ‘at least’ columns.
For any fixed number of responses (i.e. a given value of k),
all the ‘at least’ probabilities increase as the number of
questions n asked increases (i.e. within any subsection the
probabilities increase as you go down the rows). Stated
more simply, just adding more questions to a survey will
increase the probability of showing an improvement. Also
note for a given k and n, all the ‘at least’ probabilities
increase as the ‘at least’ threshold decreases (i.e. within
any subsection the probabilities increase as you go across
columns from right to left). So, decreasing the improve-
ment threshold, from say y= 4 to 3 to 2 to 1, will increase
the probability of showing improvement. Finally, for any
given number of questions n, looking across the different
values of k reveals that the probabilities increase as the
number of possible responses increases from k= 2 to k= 3
to k= 5. So just increasing the number of response
categories increases the probability of showing an

Table 2 Probabilities of random answering for various survey structures and improvement criterion

Number of questions showing improvement (y)

Answer
All At least

responses (k) Questions (n) y=n y≥1 y≥2 y≥3 y≥ 4 y≥ 5 y≥6 y≥11

k= 2 n=1 0·25 0·25
n=2 0·06 0·44 0·06
n=3 0·02 0·58 0·16 0·02
n=4 0·00 0·68 0·26 0·05 0·00
n=5 0·00 0·76 0·37 0·10 0·02 0·00
n=10 0·00 0·94 0·76 0·47 0·22 0·08 0·02
n=20 0·00 1·00 0·98 0·91 0·77 0·59 0·38 0·00

k= 3 n=1 0·33 0·33
n=2 0·11 0·56 0·11
n=3 0·04 0·70 0·26 0·04
n=4 0·01 0·80 0·41 0·11 0·01
n=5 0·00 0·87 0·54 0·21 0·05 0·00
n=10 0·00 0·98 0·90 0·70 0·44 0·21 0·08
n=20 0·00 1·00 1·00 0·98 0·94 0·85 0·70 0·04

k= 5 n=1 0·40 0·40
n=2 0·16 0·64 0·16
n=3 0·06 0·78 0·35 0·06
n=4 0·03 0·87 0·52 0·18 0·03
n=5 0·01 0·92 0·66 0·32 0·09 0·01
n=10 0·00 0·99 0·95 0·83 0·62 0·37 0·17
n=20 0·00 1·00 1·00 1·00 0·98 0·95 0·87 0·13
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improvement as well. In summary, the general result is
that a pre/post survey format with many questions,
with many response categories and a low improvement
threshold is more likely to show improvement simply
by chance.

An application and test
To demonstrate the usefulness of these results, we
analyse some publicly available data from the USDA
related to the EFNEP. The EFNEP is one of the largest
nutrition education programmes in the USA as it is admi-
nistered in all fifty states every year and involves an
education curriculum(8). A standardized ten-question pre-
and post-survey is administered to all adult participants.
Each state enters its individual-level data into the
national Nutrition Education Evaluation and Reporting
System and USDA then aggregates the data and reports
nationwide ‘impact’ indicators, which are simply the
number of participants that improved on the standardized
pre- to post-survey. These data are reported every year
and have even been used recently to look at the
cost-effectiveness of the EFNEP(6). The ten survey
questions are designed to cover three different domains:
food resource management practices (FRMP), nutrition
practices (NP) and food safety practices (FSP). For
brevity we just focus on the FRMP. The FRMP component
contains four questions related to frequency of food
management practices with five-point Likert scale
responses (1= do not do, 2= seldom, 3= sometimes,
4=most of the time and 5= almost always). An individual
is considered as showing improvement in FRMP
by the USDA if he/she improves on at least one of the four
questions. So from Table 2, this implies k= 5, n= 4 and the
probability of improving on at least one question
when randomly answering is 0·87. This in turn implies
87% of the participants are expected to show improve-
ment simply by answering at random. Without working
through the math an 87% improvement would seem
quite impressive, when in fact it is what is expected with
random answering.

With the expected proportion value in hand under
the null hypothesis of random answering, testing the
statistical significance can be done with a proportions test(7).

The null and alternative hypotheses, along with the test
statistic and rejection region, are as follows:

H0 : π̂ ≤ π0 Ha : π̂ > π0

z =
π̂�π0ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

N�1π0 1�π0ð Þp RejectH0 if z > zα

where π̂ is the observed proportion of participants showing
improvement, π0 is the expected proportion if questions are
answered at random (e.g. 0·87), N is the number of parti-
cipants completing both pre- and post-surveys, and α is the
chosen significance level.

Using data found in the USDA impact reports, the null
hypothesis that the actual percentage is less than the
expected percentage under random answering is tested
for the FRMP 2010–2014(9). Table 3 gives the results. The
N row gives the number of individuals completing the
pre- and post-survey in each year. The number of indivi-
duals ranges from about 68 000 (2014) to 76 000 (2010)
and the actual observed proportion that showed
improvement in one or more questions was about 84%,
which sounds impressive. However, as demonstrated
above, if individuals just answered at random, the
expected proportion would be 87%. Using the above z-
test statistic, the P values for the test statistics indicate for
all years we cannot reject the null hypothesis that the
actual proportion is less than the proportion we would
expect if the questions were answered at random. Simply
stated, the actual proportion showing improvement is less
than what we would expect if they were all just answering
the questions randomly.

Discussion

This short communication is a cautionary note on utilizing
the information collected from certain pre- and post-survey
instruments. The probability of showing an improvement
can be surprisingly high even if the questions are answered
at random. This probability is normally not reported in
pre-/post-survey analyses. To assist analysts, the steps,
formulas and a table for determining the probability of
showing an improvement by random answering are
provided, which should prove useful when designing a

Table 3 US Department of Agriculture Expanded Food and Nutrition Education Program food resource management practices: expected v.
actual improvement proportions and test results, 2010–2014

2010 2011 2012 2013 2014

N 76071 75418 73958 71014 67859
Expected improvement proportion 0·87 0·87 0·87 0·87 0·87
Actual improvement proportion 0·84 0·83 0·85 0·84 0·84
z-Statistic −26·50 −29·92 −20·33 −21·97 −22·18
P value 0·99 0·99 0·99 0·99 0·99
Decision No reject No reject No reject No reject No reject

N is the number of individuals completing both the pre- and post-survey. P value is for the null hypothesis that the actual improvement proportion is less than the
expected improvement proportion when questions are answered at random.
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pre- and post-survey instrument and using the instrument
to evaluate an intervention.

Pre- and post-surveys have a long history in evaluating
interventions, especially nutrition interventions. As with all
instruments they have pros and cons. What does this
research imply? It does not imply that pre- and post-
surveys are flawed and uninformative. Some research
indicates this type of low-response-burden survey may be
valid and reliable in correlating with more time-intensive,
accurate assessment metrics in some applications but not
in others and this is an important ongoing research
area(10–12). Our concern here is not with this correlation
validity, but simply how the data from such surveys are
presented and analysed. Consequently, in our application,
our analysis does not mean the EFNEP is ineffective or
effective. To draw this conclusion is to miss the main point
of the communication. One would not claim an interven-
tion to increase fruit consumption was ineffective because
a 24 h dietary recall did not show any change in energy
intake. The problem would not be the intervention or 24 h
dietary recall, the problem is the analyst is utilizing the
data from the 24 h dietary incorrectly to answer the
question of interest. The logic here is similar. The problem
is the improvement metric, not the instrument or
programme. Exceeding a very low threshold for showing
improvement is unlikely to reveal anything meaningful
about the effectiveness of a programme.

The implication of this research is that the analyst
should think carefully about what random responding, the
appropriate null, would imply for the proposed measure
and at a minimum test against that null or, better yet, use a
more sophisticated measure that would not be subject to
the problem explained here. There is a continuum of more
sophisticated and reliable techniques an analyst could
pursue to improve the analysis and still use the data from
the pre- and post-survey. Given that many of the pre- and
post-surveys are used in a nutrition education context, the
logical place to look for more sophisticated methods is in
the general education literature. The most common
approach found in that literature for measuring effective-
ness via a testing instrument is some type of Rasch
model(13). Regardless, knowing the expected responses
under random answering is an important benchmark to
report and consider.
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