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R E S E A R C H R E P O R T

A Simulation-Based Method for Finding the Optimal Number
of Options for Multiple-Choice Items on a Test

Hongwen Guo, Jiyun Zu, & Patrick Kyllonen

Educational Testing Service, Princeton, NJ

For a multiple-choice test under development or redesign, it is important to choose the optimal number of options per item so that
the test possesses the desired psychometric properties. On the basis of available data for a multiple-choice assessment with 8 options,
we evaluated the effects of changing the number of options on test properties (difficulty, reliability, and score comparability) using
simulation. Using 2 criteria (low frequency and poor discrimination) to remove nonfunctioning options and 2 schemes (random and
educated guessing) to model hypothetical response behavior for the removed options, we found that decreasing the number of options
(from 8) created an easier test form but that a test form with reduced options could be more reliable if low-discriminating options were
removed and an educated guessing strategy were assumed. We present a rationale for the optimal number of options for this test being
approximately 5, which would result in a shorter test while preserving its psychometric quality. Simulation methods discussed in this
report could be applied to any test to compare the effects of changing the number of options.

Keywords Test reliability; nonfunctioning options; item discrimination

doi:10.1002/ets2.12209

What is the optimal number of response options for items in a multiple-choice test? In practice, many multiple-choice
tests have four or five alternative choices per item, particularly in standardized testing. Some tests have even more options
per item. New assessments are frequently being developed and piloted, and existing tests are undergoing redesigns peri-
odically, which may involve changing the number of response options. The new SAT® test (launched March 2016), for
example, reduces the number of response options per item from five to four (Princeton Review, 2016). For a test being
developed or being redesigned, how can we make decisions on the optimal number of options? On the basis of available
data, can we predict how psychometric properties of the test, such as item difficulty, test reliability, and score comparability,
will be affected if the number of response options changes?

There is an extensive literature on the topic of how the number of response options affects test quality. Grier (1975)
showed that for maximizing reliability, having three options was better for tests with at least 18 items, and having two
options was better for tests with fewer items. Lord (1980) proposed proportionality as a guide to determine the optimal
number of items. Proportionality assumes that total testing time (T) is proportional to the product of the number of items
(n) and the number of options (a) per item, that is, T ∝ na. Using several approaches, Lord found that for most of the
ability range, the optimal number of response options was three, assuming a fixed testing time (i.e., fewer response options
per item enables faster per item responding and thereby allows for more items per test). However, for test takers with high
ability, the optimal number of options was two, enabling longer tests, and for test takers with low ability, the optimal
number of options was five, with shorter tests. Employing an item response theory (IRT) framework, he explained, “The
effect of decreasing the number of choices per item while lengthening the test proportionately is to increase the efficiency
of the test for high-level examinees and to decrease its efficiency for low-level examinees” (p. 110).

Budescu and Nevo (1985) examined the validity of Lord’s (1980) proportionality assumption in three tests adminis-
tered with two, three, four, and five options per item and found that their empirical results did not support it. Furthermore,
the data indicated that the method by which options were deleted could affect test information. In his meta-analysis,
Rodriguez (2005) found that reducing the number of options (but keeping the number of items constant) generally
reduced item difficulty, item discrimination, and test reliability, unless the options deleted were ineffective ones. On the
basis of empirical studies in the literature, Rodriguez argued that examinees were unlikely to engage in blind guessing
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but rather were more likely to use educated guessing, essentially reducing the four- or five-option item to a three- or
two-option item. He concluded that three options were optimal for multiple-choice items in most settings. He found that
changing from five or four options to three had little to no effect on multiple-choice item difficulty and discrimination
and test score reliability, on average.

Studies have also explored the effects of changing the number of response options on item quality empirically (Baghaeri
& Amrahi, 2011; Rodriguez, Kettler, & Elliott, 2014; Schneid, Armour, Park, Rudkowsky, & Bordage, 2014). Using a
common-item equating design approach, Baghaeri and Amrahi (2011) found that, with one exception, no significant
change was observed in item difficulties, item fit statistics, and reliabilities across three test forms with different numbers
of options. The exception concerned the discrimination power of distractors, which was found to be inversely affected
by the number of options per item (i.e., a higher number of options lowered the discrimination power). Schneid et al.
(2014) administered two versions (three vs. four or five options per item) of a computerized exam. They found that using
three-option multiple-choice questions might strengthen validity by allowing additional questions to be tested in a fixed
amount of testing time with no deleterious effect on the reliability of the test scores.

Most measurement textbook authors have suggested writing as many options as feasible (Haladyna & Downing, 1989a;
Rodriguez, 2005) or developing as many functional distractors as feasible (Haladyna & Downing, 1989b). Haladyna and
Downing (1988) defined the functional distractors to be options that have either (a) a significant negative point-biserial
correlation with the total test score, (b) a negatively sloping item characteristic curve, or (c) a frequency of response
greater than 5% for the total group. They also found that the number of functional distractors per item was unrelated to
item difficulty and positively related to item discrimination.

Multiple-choice questions often contain several options that examinees rarely or never select (Schneid et al., 2014). Such
nonfunctional options might not be plausible to even minimally competent examinees and therefore result in increased
time spent on each item without making any contribution to item discrimination. For newly generated multiple-choice
questions, test writers intentionally avoid three-option questions by discarding any questions that have only three plausible
options or by adding fillers such as “all of the above” and “none of the above.” These item-writing practices are undesirable
because they introduce construct-irrelevant variance into the assessment (some examinees may be relatively more or less
prone to select “all of the above” or “none of the above” independently of item content). Rodriguez et al. (2014) used a
large multistate data set to measure the impact on distractor functioning. Distractor functioning was neither systematically
improved nor weakened by reducing the number of options. The elimination of nonfunctioning options promoted several
goals in making test items more accessible to all students, particularly by reducing the per-item testing time, reducing the
required amount of reading, and eliminating potential sources of confusion (Rodriguez, 2005).

As is evident in most of these studies, reducing the number of item options from the standard four or five or more
can affect item difficulty, item discrimination, and test reliability to various degrees. In some cases, it may be possible to
conduct a field trial in which the number of different options is varied across test forms, and analysis can quantify the
effects of different numbers of options on test quality. However, in other cases, such a field trial may be impractical, and
test developers may instead be interested in exploring the effects of number of options on test quality based on existing
data from a given form or set of test forms. The question would be, Can the existing data shed light on the effects of
changing the number of options for the test, to preserve (while reducing testing time) or enhance (while keeping testing
time constant) its psychometric properties?

Studies suggest that eliminating options by dropping those shown by item analysis to be least discriminating or not
selected is a desirable practical procedure that should yield better results than simply eliminating distractors at random
(Lord, 1980; Rodriguez et al., 2014; Williams & Ebel, 1957). The purpose of our study was to propose a simulation-based
method to evaluate the possible impact of reducing the number of response options and to provide guidelines for further
investigating the optimal number of response options per item for a multiple-choice test. To evaluate the hypothesis that
changing the number of response options can affect item quality, we analyze existing data sets from an inductive reason-
ing test and simulate the systematic removal of response options based on two different strategies: (a) option response
frequency (the frequency criterion) and (b) option discrimination power (the discrimination criterion). After eliminating
options, we simulate examinee behavior by reassigning examinee responses, either (a) randomly or (b) probabilistically,
conditioned on ability (or total test scores).

To evaluate the impact of reduced number of response options per item on the test, we compute changes in psycho-
metric properties, specifically, item difficulty, item discrimination power, test reliability, and test scores obtained from
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different numbers of response options. We hypothesize that excluding nonfunctioning options using either a frequency
or discrimination criterion should generally result in better psychometric properties, particularly when we assume that
examinees who selected a deleted option would have selected a second-choice option based on their ability rather than
randomly.

Method

Our general method was to (a) take an existing data set that included response information for a 33-item test with eight
response options per item, (b) remove nonfunctioning options and reassigning responses using other options, then (c)
conduct various analyses to examine the psychometric properties of versions of the test that varied on the number of
response options per item.

Data Set

Responses were from a sets-and-matrices test battery designed to measure general reasoning ability. Carroll (1993) identi-
fied letter sets and matrices to be among the best and most characteristic tests of inductive reasoning. Data were collected
via the Qualtrics Research Suite survey platform. Data were collected to educational attainment specifications: equal num-
bers of (a) third- and fourth-year college students, (b) college graduates, (c) master’s program students, (d) master’s degree
holders, and (e) PhD holders. There were no specified targets for men, women, or members of different racial/ethnic sub-
groups, but the recruiting strategy was designed to achieve gender and racial/ethnic and age diversity. All participants
were U.S. citizens.

The data set we used for illustration purposes contained item responses from 485 test takers (42% male, 57% female).
The test had 33 items, and each item had eight response options. An example item is shown in Figure 1.

Identifying and Removing Nonfunctioning Options

Following Rodriguez (2005), we used two criteria to identify nonfunctioning options. The frequency criterion treats
options with the lowest selection frequencies as the nonfunctioning options for an item. This criterion can be used for
both large- and small-sample data sets.

The discrimination criterion treats options with the lowest correlation with overall trait level (i.e., the factor measured
by the test) as the nonfunctioning options for an item. There are two different approaches for estimating correlation
with trait level. For large-sample size data sets, IRT models like the nominal response model (NRM; Bock, 1972) can

Figure 1 Example of a typical matrix problem: Choose the figure, a–h, that can replace the question mark (?).
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be used to calibrate item discrimination parameters. For small-sample data sets, it is not appropriate to use IRT models;
instead, the item polyserial correlation (Drasgow, 1986) for each option can be used as the option discrimination power
index.1 A discrimination index that is well above (or below) zero indicates high discrimination power for differentiating
examinees with high and low ability. We treated the options with the lowest discrimination indices in absolute value2 as
the nonfunctioning options for an item; that is, when the discrimination index of an option was close to zero, we removed
this option. This is a reasonable procedure, because an option with a low-discrimination index in absolute value does not
discriminate examinees with high and low ability (Lord, 1980; Rodriguez, 2005). Once the distractors were identified to
be nonfunctioning, they were removed from the item one by one.

Response Reassignment

Responses of test takers whose chosen options are removed using one of the strategies described (low frequency, poor
discrimination) were reassigned to a different option. This simulates a data set in which the removed option is not present.
Two schemes were used for reassignment.

In random reassignment, the remaining options were equally likely to be assigned as the new response. Random reas-
signment assumes that if an option a test taker would have chosen is not available, the test taker would have randomly
guessed among available options. The justification here is that we have no information as to the respondent’s second choice,
and given that what the respondent believed to be the correct answer (based on his or her response) is not the correct
answer, it may be at least plausible to think that the respondent was essentially guessing as to his or her first choice. A
random reassignment scheme results in the newly created data set containing more noise than the original one, due to
the pure random guessing assumption. As the number of options decreases, we lose more information in the data, and
consequently, the score is expected to become less reliable.

Educated guessing reassignment is a conditional probability assignment scheme. For small-sample data sets, the prob-
ability of a particular option being reassigned to a test taker is proportional to its conditional probability given the test
taker’s total score. Because of possible sparse data at some score points, a kernel smoothing method (Ramsay, 1991) is
used to produce the conditional probability of an option. More specifically, let Pjm(x) be the conditional probability of
choosing option m of Item j, given the total score x, and let K(x) be a kernel function, a nonnegative and continuous func-
tion integrated to 1, such as the normal density function and the density function of a uniform distribution. The kernel
estimation of Pjm(x) is

P̂jm (x) =
N∑

i=1
wi (x)Y (i)

jm,

where

wi (x) =
K
(

x−Xi
h

)

N∑
j=1

K
(

x−Xj
h

) ,

and where Y (i)
jm = 1 if the ith examinee’s response to Item j is option m and Y (i)

jm = 0 otherwise, Xi is the ith examinee’s total
test score, and h is the bandwidth. In this report, we used the normal density function as the kernel function for smoothing.
A curve that describes the conditional probability of one option against the total score is called the option characteristic
curve (OCC). Educated guessing reassignment is an ideal situation of response assignment because we assume that test
takers whose chosen options are removed behave in the same way as did others of the same ability level who have chosen
the remaining options. For example, if Option 1 is removed from Item j, which has eight options, then the response of the
test taker with a total score of x who chose Option 1 will be assigned an option of 2, 3, … , or 8, randomly sampled from
a multinomial distribution with the probabilities being

(
P̂j2 (x) ∕T, P̂j3 (x) ∕T, … , P̂j8 (x) ∕T

)
,

where

T =
8∑

m=2
P̂jm (x) .
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For data sets with sample sizes large enough to run NRM, the conditional probability is the item response function of
an option given a test taker’s ability.

Under educated guessing reassignment, the newly created data may contain as much information as the original data.
As the number of options decreases, for a fixed-length test, we would expect that the score reliability under educated
guessing reassignment would remain more stable than that under random reassignment.

Although the two reassignment schemes, random and educated guessing, are quite different, and each represents an
ideal case, they both can be justified as at least somewhat realistic. For example, random guessing has been cited as perhaps
the greatest risk preventing more common use of fewer options (Rodriguez, 2005) and is essentially an assumption of
classical test theory. On the other hand, experimental evidence has suggested that test takers make educated guesses
when they can and that the effects of guessing are negligible across subject areas and age groups (Haladyna & Downing,
1989b; Rodriguez, 2005). Therefore our two proposed response reassignment simulation schemes may provide reasonable
coverage of possible realistic empirical scenarios and useful end points for a sensitivity analysis.

Analysis

To evaluate test changes when the number of options was reduced, summaries of item difficulty and item polyserial cor-
relation of the new, simulated data sets were compared to the original data set. Paired t-tests were used to compare means.
We expected that item difficulty would decrease as the number of options decreased.

What matters most are test reliability and score quality. We compared test reliability using Cronbach’s alpha as well as
the standard error of measurement for the different data sets. Because of the change of the number of options, variability of
test scores change too. Therefore, we also calculate the corrected reliability for restriction in range (CRT α; Haertel, 2006,
p. 84). In addition, because of the change in test difficulty, the total scores on the tests with different numbers of options
were not comparable. Note that most testing programs usually maintain a scale for score uses, and equating results are
informative for observing the magnitude of score changes and whether a new scale would be needed if the change were
too large. Hence, we used equating procedures, particularly, the single-group equipercentile equating method (Kolen &
Brennan, 2004), to show how scores on simulated forms compared to each other. The changes in individual equated scores
were also compared with respect to the conditional standard error of measurement (CSEM).

There are many methods to compute CSEM (e.g., see Woodruff, 1990). For simplicity, we used the binomial error
model proposed by Lord (1984). If each examinee is given a different random sample of J items, then an estimate of the
squared CSEM for a randomly selected examinee with the observed score X is (Lord, 1984)

CSEM2 (X) =
X (J − X)
(J − 1)

× (1 − K) ,

where

K =
J (J − 1) s2

p

x
(

J − x
)
− s2

x − Js2
p

,

where x and s2
x are the sample mean and variance of the number right scores, and s2

p is the variance of item difficulties
in terms of P+, the proportion of correct answers. This method was justified primarily by empirical validation. It has the
advantage of requiring neither large samples nor complicated calculations. The comparison of equated scores with each
other and with respect to CSEM may provide a guideline for choosing the optimal number of options for a particular test.

Simulating Data

We first used the frequency criterion to remove options with the smallest frequencies, to simulate a new data set. For
example, for Item 1 (refer to the upper portion of Table 1), the key was E, and the percentages of examinees choosing
options A, B, C, D, F, G, and H were .06, .07, .03, .01, .05, .02, and .10, respectively. To construct a new data set, N7, with
seven options for Item 1, we removed the least popular option D; we reassigned new responses to test takers who chose
D, and the new responses were chosen from one of the remaining options A, B, C, F, G, H, and E with equal weight
(random guessing reassignment) or with unequal weight (educated guessing reassignment). More specifically, the
R function Sample( ) is used to generate a response without replacement (R Core Team, 2014). We simulated item
responses for other items in the same way to create the N7 data set.
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Table 1 Summary Statistics for Item 1, Whose Key Was E, Using Data Sets N8, N5, and N2

Option A B C D E F G H

Data set N8
Freq. .06 .07 .03 .01 .66 .05 .02 .10
Mean 8.04 9.44 8.53 5.67 12.13 8.71 6.44 9.16
Polyserial −.34 −.19 −.24 −.53 .44 −.24 −.50 −.22

Data set N5
Freq. .07 .08 NA NA .67 .06 NA .11
Mean 11.31 12.34 NA NA 14.89 11.3 NA 11.79
Polyserial −.32 −.20 NA NA .43 −.30 NA −.22

Data set N2
Freq. NA NA NA NA .76 NA NA .24
Mean NA NA NA NA 20.06 NA NA 17.96
Polyserial NA NA NA NA .35 NA NA −.36

Note. NA in frequency, mean, or polyserial correlation indicates that the corresponding option was removed from the data.

To construct data set N6, with six options per item, for Item 1, we removed the two least frequently chosen options,
D and C. We then reassigned new responses to test takers who chose C or D, and the new responses were chosen from
one of the remaining options A, B, E, F, or G, with equal weight (random guessing reassignment) or with unequal weight
(educated guessing reassignment). Other item responses were simulated similarly.

Datasets N5, N4, and N3 were simulated in the same fashion. In data set N2, Item 1 had only two options (Options E
and H; note that the key, Option E, is always reserved in all the new data sets); we assigned new responses to test takers
who chose options other than E and H, and the new responses were either E or H with equal weight (random guessing)
or with unequal weight (educated guessing). Thus we created two sets (one set under random guessing, the other under
educated guessing) of six new data sets N7, N6, N5, N4, N3, and N2, based on the original data (denoted as N8).

For the discrimination criterion, because of limited sample sizes, we used the polyserial correlation approach. Thus
the two sets (again, one set under random guessing, the other under educated guessing) of simulated data sets (N7d,
N6d, N5d, N4d, N3d, and N2d) removed options with the smallest polyserial correlations in absolute value. The response
assignment was generated in the same way as described in the preceding section.

In total, from the original data set, we simulated 2 (low frequency vs. low discrimination) × 2 (random vs. educated
guessing) × 6 (number of response options 2, 3, 4, 5, 6, and 7)= 24 data sets. All the simulations and analyses were carried
out using R (R Core Team, 2014).

Results

We present results separately by how response options were removed (low frequency vs. poor discrimination). Results
within a response-option-removal strategy are presented for both reassignment strategies, random and educated guessing.
Results are shown both graphically and in tables.

Using the Low-Frequency Criterion to Simulate the Removal of Options

The items on the studied test were expected to provide forms that were difficult (to discriminate examinees with high
ability) and reliable. The test developers were aware of the value of attractive distractors in creating difficult items. There-
fore we were not expecting to find many nonfunctioning distractors. Nevertheless, the empirical item plots showed that
many of the options of the items were nonfunctioning; that is, test takers did not select them or they did not discrimi-
nate between test takers of high and low ability. This meant that removing nonfunctioning distractors would be a viable
procedure for evaluating the effects of the number of options in this study given this data set.

Assuming Random Guessing to Generate a New Selected Option

Under random guessing reassignment, the newly created data should contain more noise than the original data, and
therefore we would expect that tests become less reliable (such as lower average item-total correlation and greater standard
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error of measurement) as the number of options decreases. Using the low-frequency criterion to remove options and
assuming random guessing, Figure 2 shows the OCC curves of Item 1 (an easy item with P+ = .66) whose key happened
to be the most popular option, E. The top, middle, and lower panels of Figure 2 show OCC curves for the same item with
N8 (the original data), N5 (with the three least selected options removed), and N2 (with the six least selected options
removed), respectively. Table 1 shows option selection statistics for Item 1 using N8, N5, and N2. For N8 in Table 1, the
“Freq.” row shows that 66% of the test takers chose the key, Option E; less than 10% chose H, A, or B; and less than 5%
chose C, D, or G. The row labeled “Mean” of Table 1 corresponds to score mean for each option group. The group who
chose the key had the highest score mean. The row labeled “Polyserial” corresponds to polyserial correlation coefficient
(Drasgow, 1986) of each option. The key had the highest and positive discrimination power. The distractors all showed
negative polyserial correlation coefficients, and the values were not close to zero. However, in view of the small frequencies
for some options, the negative coefficients may not have been reliable.

Table 1 shows information for the same item when the three least selected (lowest frequency) options were removed in
N5, the simulated data with five options. Table 1 shows that removing three options had limited impact on the key OCC
or discrimination power. Table 1 also displays item statistics with two options based on N2. In this case, some impact of
the number of options could be observed in item discrimination and OCCs.

Figure 3 presents the same information for Item 14, a difficult item (with P+ = .08) whose key, B, was the second least
popular option. For Item 14, item characteristic changes from eight options to five options is limited, but it is significant
from eight options to two options.3 Table 2 shows that Options C and D had little discrimination power in the original
data, nor did Options A, F, and G.

All item plots show that when the number of options decreased, the discrimination power of the key and that of the
distractors, in terms of the polyserial coefficient (Drasgow, 1986), decreased. Particularly, the value of the distractor dis-
crimination became more negative.

Assuming Educated Guessing to Generate a New Selected Option

Under the educated guessing assumption, test takers whose chosen options were removed (in this case, owing to low
frequency) are assumed to behave in the same way as would be expected of others of their ability level in choosing
responses. Hence we would expect that as the number of options decreases, the simulated responses should contain
nearly as much information and be nearly as reliable as the original data. Table 3 shows that under the educated guessing
assumption, item difficulty and item discrimination decreased as the number of options decreased. However, while form
difficulty changed to a similar degree, discrimination power decreased faster under random guessing than under educated
guessing.

Table 4 shows that for both random and educated guessing, as the number of options decreased, the mean num-
ber correct increased, measurement error increased, and reliability decreased. All changes in score means were
statistically significant compared to the original data based on the paired t-tests. The change in score mean, score
variance, and test reliability was larger in magnitude under random guessing than under educated guessing, as we
expected.

However, because of the change in test difficulty due to changes in the number of options, number-correct scores on
forms with different numbers of options are not strictly comparable. Hence we used equating (single-group equipercentile
equating; Kolen & Brennan, 2004) to show how scores on simulated forms compared to each other. We used the R package
equate (Albano, 2016) in conducting equating. Because of sparse data, the loglinear presmoothing method (Holland &
Thayer, 2000) was used with three moments preserved. The changes in individual equated scores were also compared
with respect to the CSEM. We observed that the test taker’s score was boosted when the number of options decreased.
Figure 4 shows the difference in number correct on the original form (N8) and an equated form (N2–N7) as a function
of number correct on the original form (N8). For example, a score of 15 on N8 corresponds to a score of 15.1 on N7, 15.2
on N6, 15.8 on N5, 16.6 on N4, 18.1 on N3, and 23.2 on N2, respectively. This was done for both random and educated
guessing. Compared to educated guessing, the equated scores using random guessing were higher for the lower score
range (particularly N2 and N3). Nevertheless, under both schemes, the differences of equated scores were within a CSEM
for N7, N6, and N5.
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Figure 2 Option characteristic curve plots of Item 1, for the original data with eight (top), five (middle), or two (bottom) options, after
low-frequency options were removed, assuming random guessing among remaining options.
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Figure 3 Option characteristic curves plots of Item 14 for the original data with eight options (top), five (middle), or two (bottom)
options, after low-frequency options were removed, assuming random guessing among remaining options.
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Table 2 Summary Statistics for Item 14, Whose Key Was B, Using Data Sets N8, N5, and N2

Option A B C D E F G H

Data set N8
Freq. .06 .08 .17 .08 .20 .16 .11 .13
Mean 9.50 15.95 10.90 11.00 12.12 10.04 9.63 9.05
Polyserial −.16 .47 −.01 .00 .16 −.13 −.17 −.27

Data set N5
Freq. NA .14 .22 NA .24 .21 NA .19
Mean NA 16.74 13.49 NA 14.59 12.82 NA 12.35
Polyserial NA .36 −.06 NA .12 −.16 NA −.24

Data set N2
Freq. NA .48 NA NA .52 NA NA NA
Mean NA 20.12 NA NA 19.02 NA NA NA
Polyserial NA .19 NA NA −.19 NA NA NA

Note. NA in frequency, mean, or polyserial correlation indicates that the corresponding option was removed from the data.

Table 3 Means and Standard Deviations of Probability Correct and Item-Total Polyserial Correlations of Original and Simulated Test
Forms Using a Frequency Criterion to Remove Nonfunctioning Options

Random guessing Educated guessing

Form Mp (SDp) Mr (SDr) Mp (SDp) Mr (SDr)

Original data (N8) .39 (.22) .48 (.12) .39 (.22) .48 (.12)
N7 .40 (.22) .46 (.12) .41 (.23) .47 (.11)
N6 .40 (.22) .45 (.12) .42 (.23) .46 (.12)
N5 .42 (.21) .44 (.11) .43 (.23) .45 (.11)
N4 .44 (.21) .40 (.11) .46 (.22) .44 (.10)
N3 .49 (.19) .36 (.09) .50 (.22) .42 (.09)
N2 .59 (.15) .31 (.11) .59 (.20) .41 (.10)

Note. All mean difficulty values (p) and mean polyserial correlations (r) were significantly different from those of the original data,
based on paired t-tests.

Table 4 Means, Standard Deviations, Alphas, Corrected Alphas for Range Restriction, and Standard Errors of Measurement of
Number-Correct Scores of Original and Simulated Test Forms Using a Frequency Criterion to Remove Nonfunctioning Options

Random guessing Educated guessing

Form Mnc SDnc αnc CRT αnc SEMnc Mnc SDnc αnc CRT αnc SEMnc

Original data (N8) 12.89 5.06 .78 2.38 12.89 5.06 .78 2.38
N7 13.18 4.96 .76 .77 2.41 13.49 5.06 .78 .78 2.39
N6 13.36 4.86 .75 .75 2.43 13.8 4.99 .77 .77 2.41
N5 13.82 4.80 .74 .74 2.47 14.24 4.94 .76 .76 2.43
N4 14.67 4.48 .68 .69 2.53 15.06 4.81 .74 .74 2.46
N3 16.16 4.15 .60 .62 2.61 16.39 4.79 .73 .74 2.5
N2 19.61 3.60 .46 .48 2.65 19.61 4.44 .68 .69 2.5

Note. All score means were significantly different from those of the original data, based on the paired t-tests. CRT αnc = corrected alpha
coefficient (Haertel, 2006, p. 84). nc= number correct. SEM= standard error of measurement.

Results Using the Low-Discrimination Criterion to Remove Options

In this section, we present results obtained when options were removed by the discrimination criterion. Results on N2 are
not presented because of data sparseness for some item scores.

Table 5 shows that when options were eliminated based on low discrimination (rather than low frequency), roughly
the same results occurred for random guessing (decreased item difficulty and discrimination). However, for edu-
cated guessing, the results were quite different. Item difficulty decreased more dramatically, and item discrimination
actually increased. Subsequently, mean number correct increased, particularly under educated guessing (see Table 6).
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Figure 4 The equating function differences from the identity line under random guessing (left) and educated guessing (right). Options
removed by low frequency.

Table 5 Means and Standard Deviations of Probability Correct and Item-Total Polyserial Correlations of Original and Simulated Test
Forms Using the Low-Discrimination Criterion to Remove Nonfunctioning Options

Random guessing Educated guessing

Form Mp (SDp) Mr (SDr) Mp (SDp) Mr (SDr)

Original data (N8) .39 (.22) .48 (.12) .39 (.22) .48 (.12)
N7d .41 (.22) .47 (.11) .46 (.22) .51 (.13)
N6d .44 (.21) .45 (.11) .52 (.22) .54 (.13)
N5d .46 (.20) .44 (.11) .59 (.21) .58 (.12)
N4d .50 (.19) .42 (.11) .66 (.22) .60 (.12)
N3d .56 (.17) .40 (.10) .74 (.19) .59 (.11)

Note. All mean difficulty values (p) and mean polyserial correlations (r) were significantly different from those of the original data,
based on paired t-tests.

All of the changes in score means were statistically significant compared to the original data based on the paired
t-tests.

Unlike results found using the frequency criterion to remove options, compared to educated guessing, the changes
in score mean, score variance, and test reliability were larger in magnitude under educated guessing. Test relia-
bility decreased as a result of removing options under random guessing, but reliability increased under educated
guessing.

Figure 5 shows the difference between equated scores (on the y-axis) of simulated forms (N7–N2) and the score on the
original form (N8). For example, in Figure 5, a score of 15 on N8 corresponds to a score of 15.8 on N7, 16.5 on N6, 17.2
on N5, 18.8 on N4, and 20.8 on N3, respectively, under random guessing. Compared to random guessing, the equated
scores using educated guessing were much higher, particularly for the upper score range. Under random guessing, the
differences in equated scores were within CSEM for N7, N6, and N5, but under educated guessing, none of the equated
scores were within the CSEM of the original scores on N8.

In summary, item difficulty, item discrimination, and test reliability tended to decrease as the number of options
decreased, except for the case in which options were removed based on poor discrimination and assuming an educated
guessing strategy, in which case item discrimination and test reliability increased.
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Table 6 Means, Standard Deviations, Alphas, and Standard Errors of Measurement of Number-Correct Scores of Original and Simu-
lated Test Forms Using the Low-Discrimination Criterion to Remove Nonfunctioning Options

Random guessing Educated guessing

Form Mnc SDnc αnc CRT αnc SEMnc Mnc SDnc αnc CRT αnc SEMnc

Original data (N8) 12.89 5.06 .78 2.38 12.89 5.06 .78 2.38
N7d 13.68 5.05 .77 .77 2.43 15.08 5.55 .81 .81 2.42
N6d 14.36 5.00 .75 .76 2.48 17.18 5.97 .84 .84 2.4
N5d 15.30 4.92 .73 .74 2.54 19.47 6.41 .87 .87 2.33
N4d 16.58 4.85 .72 .72 2.58 21.67 6.22 .87 .87 2.22
N3d 18.54 4.60 .68 .69 2.61 24.34 5.64 .86 .86 2.09

Note. All score means were significantly different from those of the original data, based on the paired t-tests. CRT αnc = corrected alpha
coefficient (Haertel, 2006, p. 84). nc= number correct. SEM= standard error of measurement.
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Figure 5 The equating function differences from the identity line under (left) random guessing and (right) educated guessing. Options
removed by low discrimination.

Discussion

Using a real data set, we presented a simulation-based method to provide reasonable coverage of the possible impact of
reducing the number of options on multiple-choice tests. The following summarizes our findings.

Impact on Form Difficulty

As the number of options decreased, items became easier (and slightly less variable). This was true regardless of whether
options were removed based on low frequency or poor discrimination. However, the effect was especially pronounced
when options were removed based on low discrimination and assuming that respondents engaged in an educated guessing
strategy, in which case forms with fewer options were much easier.

Impact on Reliability

As the number of options decreased, reliability tended to decrease (and measurement error increased), especially if ran-
dom guessing was deployed and low frequency was used to remove options. An exception was found for educated guessing
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Table 7 Number of Additional Items for N5 to Reach the Original Reliability, .78

Remove by low frequency Remove by low discrimination

Random guessing Educated guessing Random guessing Educated guessing

N5 reliability .74 .76 .73 .87
Additional number of items 8 4 10 −15

after low-discrimination options were removed: Only under this condition did reliability actually increase as options were
removed, at least to a point.

Impact on Scores

The impact of the number of options on number-correct scores could be substantial, particularly when options were
removed by low discrimination. For example, from the original test with eight options to a form with only five (N5),
number correct increased by 0.92 (using the frequency criterion and random guessing; Table 4), 1.34 (using the frequency
criterion and educated guessing; Table 4), 2.31 (using the discrimination criterion and random guessing; Table 6), and 6.48
(using the discrimination criterion and educated guessing; Table 6), and the latter two values are comparable to or larger
than SEM. Note that because the majority of keys are the most popular options on the test, the mean score under educated
guessing is higher than that under random guessing.

On the basis of the results, number-correct scores obtained from the original and the simulated tests with reduced
options were not comparable. Equating was used to compare scores. Equated scores of the simulated test forms increased
as the number of options decreased. Except for educated guessing following removal of low-discrimination options, the
differences between the original and equated scores for N5, N6, or N7 were within the CSEM in the whole score range,
but reducing the number of options further, to N4, and especially to N2 and N3, led to scores being larger than the CSEM
in most of the score range. This suggests that to maintain psychometric properties, such as test difficulty, test reliability,
and test equating, but at the same time to be able to reduce testing time, it seems that five (N5) may be the an appropriate
number of options per item for this test.

Impact on Test Length

Although we do not have data on response time under reduced options, it seems reasonable that reducing options would
result in lower per item response time, which means that more time during the testing session could be used for additional
items. According to the Spearman-Brown formula (Haertel, 2006, p. 77), for the current 33-item test, one more item may
increase the reliability to

ρ =
kρx

1 + (k − 1) ρx
,

where k represents the factor by which the test lengthened, ρ is the estimated new reliability, and ρx is the original reliability.
By the preceding formula, for five-option items on the test to reach the original reliability (.78) of the eight-option test,
we would need to add four, eight, or 10 new items to the test under the worst case. Note that using the discrimination
criterion and the conditional probability assignment of responses, the reliability was .87, well above .78 (Table 7).

How Should Options Be Removed?

Comparing the two criteria for removing nonfunctioning options, eliminating options that are selected infrequently has
a smaller impact on score means because the number of affected test takers is smaller. However, item discrimination
power determines test reliability, and options with the lowest frequencies may not have the lowest discrimination power.
Therefore test reliability may decrease to a greater degree when the frequency criterion is used to define nonfunctioning
options. If maintaining test reliability is the ultimate goal, the discrimination criterion is recommended for removing
nonfunctioning options. This practice was also recommended in previous studies (Lord, 1980; Rodriguez et al., 2014;
Williams & Ebel, 1957).
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Table 8 Means and Standard Deviations of Probability Correct and Item-Total Polyserial Corrections of Original and Simulated Test
Forms Using the Low-Discrimination Criterion to Remove Nonfunctioning Options

Form Mp SDp Mr SDr

N8 .39 .22 .48 .12
N7m .43 .21 .48 .11
N6m .46 .21 .47 .11
N5m .49 .20 .48 .10
N4m .50 .21 .49 .09
N3m .58 .18 .45 .09

Realism of the Simulation’s Assumptions on Respondent Behavior

Random guessing assumes that test takers randomly guess among the remaining options when their chosen options are
removed. This introduces more noise, so item discrimination power and test reliability decrease more compared to edu-
cated guessing as the number of options decreases.

Educated guessing assumes that test takers whose chosen options are removed will behave in the same way as others (of
the same ability) whose chosen options are functioning. This leads to a larger score mean increase (compared to random
guessing) as options are removed, and if options are removed based on the discrimination criterion, then the test actually
gets more reliable, and item discrimination power is increased, as the number of options decreases.

Both hypothetical behaviors may not be realistic, and researchers cannot control test takers’ response patterns. It is
challenging to understand and model test takers’ real behavior on multiple-choice tests when the number of options is
reduced.

Lord (1980) showed theoretically that the three-option item provided the most information curves at the midrange of
the score scale, whereas the two-option multiple-choice item provided the most information for high-scoring examinees
and the four- and five-option formats provided the most information for examinees who tended toward low scores. There-
fore high-scoring students may be less inclined to random guess, thereby not needing as many options as students with
lower scores, who are more inclined to random guess (Haladyna & Downing, 1989b; Levine & Drasgow, 1983). Therefore
the educated guessing strategy assumes that, given their true ability (approximated by their scores on the original test),
examinees’ responses to items are based on their ability regardless of whether their chosen options are removed. Empirical
studies reported an increase or no difference in item discrimination and in reliability (Haladyna, Downing, & Rodriguez,
2002, and reference therein) with fewer options. Hence, in our study, we hypothetically assumed two extreme response
strategies: random guessing and educated guessing.

Some studies (Attali & Bar-Hillel, 2003) showed that some examinees usually chose Option C when guessing because
they believed that Option C is very likely to be the correct answer. How would the test property change if the test takers
use different guessing strategies? To investigate this issue, we experimented with one more set of simulations with a mixed
guessing strategy that is a combination of random guessing, educated guessing, and selecting Option C only. Specifically,
we removed nonfunctional options by the discrimination criterion first. Next, to reassign responses, for each item on the
test, one-third of the test takers were randomly selected and assumed to use an educated guessing strategy, another one-
third were randomly selected and assumed to use a random guessing strategy, and the remaining one-third of test takers
were assumed to choose Option C all the time. This way, each test taker was likely to use different guessing strategies on
different items. The results are shown in Tables 8 and 9.

Under the mixed guessing strategy (refer to Table 8), item difficulty decreases as the number of options becomes
smaller, similar to what is shown in Table 5. As expected, item difficulty and discrimination power are between the random
guessing and educated guessing results.

Similar to what is shown in Table 6, we observe in Table 9 that, under the mixed guessing strategy, test forms became
easier (scores increase) as the number of options decreases. The score means are between those obtained by random and
educated guessing. The test reliability, however, is rather stable and comparable to that of the original data.

The simulation results under mixed guessing strategy lend more support to the claim that our simulation-based method
may provide reasonable coverage and approximation of empirical data should the tests with reduced numbers of options be
administered. Note that decisions on the optimal number of options should not be based solely on the simulation results;
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Table 9 Means, Standard Deviations, Alphas, and Standard Errors of Measurement of Number-Correct Scores of Original and Simu-
lated Test Forms Using the Low-Discrimination Criterion to Remove Nonfunctioning Options

Form M SD Alpha SEM

N8 12.89 5.06 .78 2.38
N7 m 14.20 5.23 .78 2.45
N6 m 15.15 5.29 .78 2.48
N5 m 16.32 5.49 .79 2.51
N4 m 16.39 5.51 .80 2.48
N3 m 19.30 5.03 .75 2.53

rather, the simulation results should be treated as the first step in guiding test developers, researchers, and practitioners
in choosing appropriate numbers of options for further studies on the tests under development or redesign.

Implementation

The value of the simulation-based method resides in the numerical comparison of the impact of the number of options per
test item; changing the number of options may have implications for cost efficiency and labor savings and may thereby be
useful and informative in guiding practitioners. For instance, for the eight-choice test we illustrated, we compared results
from seven simulated forms with numbers of options per item being two, three, four, five, six, and seven, respectively. This
can be easily implemented in simulations but not in practice. Results from the two extreme response assignments showed
that reducing the number of options from eight to five may not cause dramatic damage to psychometric properties of the
test, in terms of test difficulty, test reliability, and score compatibility.

As Haladyna and Downing (1988) suggested, item writers can produce as many options as possible for an item in
the beginning stages of test development. It is not possible to administer all possible numbers of options for a test to
decide what the optimal number is. Therefore the results from our simulation-based method can guide researchers, test
developers, and practitioners in choosing limited numbers of options in the second round of field trials so that empirical
data can be collected. If, in addition, response time can be collected for the test, the response time difference between
the original test and the tests with reduced numbers of options can further guide us on how many new items we might
appropriately add to the test, if necessary.

Limitations

One limitation of our study is that the assessment we used for illustration purposes has eight options per item. While
it is typical for a test that measures inductive reasoning to have eight options, it is unusual for educational assessments.
Another limitation is that simulations were conducted only once under each condition of the 2 (criteria) × 2 (schemes) × 6
(number of options)= 24 design conditions in this study. Researchers can replicate the simulations and analyses as many
times as necessary to reach stable results. In addition, one can adopt the asymptotic results (Guo, 2016) to predict score
distributions when the number of options is reduced and when the random assignment of response scheme is assumed.
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Notes
1 As a reviewer pointed out, the classic point-total correlation for distractors is biased because it often simply codes the studied

distractor as 1 and the others as 0. That is, the 0 code includes both test takers who may have selected the correct responses and
those who selected a distractor. We ran additional analyses to investigate the differences between the classic point-total
correlation and an alternate one in which the code 0 included only the test takers who selected the correct option. We found that
the ranking differences of the point-total correlation between the two calculation schemes were mostly 0 or at most 1, which
confirmed the reviewer’s comment that the decisions made in the two calculation schemes were relatively similar.

2 In practice, an item may have a distractor that has a nonnegligible positive discrimination value and is competitive for the key.
That is, the item potentially could have double keys. Such a dysfunctioning distractor should be removed or revised before
identifying nonfunctioning options. In our data, we did not see double-key items, and all distractors had negative or near-zero
correlation coefficients with the total scores.

3 As a reviewer pointed out, the probability of choosing either option is expected to be approximately .5 for examinees with low
ability. In the simulated data N2, few test takers scored below 15. Because of the sparse data and the smoothing method we used
to draw the curve, one simulation of responses may cause probability to be diverted from .5 at the lower end of the scores.
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