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Abstract 

 
 The distractor rationale taxonomy (DRT) examined in this study is an understanding-
level-driven distractor analysis system for multiple-choice items. The DRT purposely creates 
distractors at different comprehension levels to pinpoint sources of misunderstanding. Thus, 
diagnosis of the degree of knowledge mastery can be made through the options students choose. 
This study used empirical data in reading to validate the DRT used to develop multiple-choice 
options targeted to different understanding levels. The results indicate that the ranking of the 
understanding levels based on the mean raw scores and mean thetas matched the experts’ 
ordering well: with more than 40% identical, and around 80% with correlations of at least 0.8. 
Once validated and refined, the DRT has great potential in providing useful feedback at test, item 
and distractor levels, and therefore helping schools and teachers adapt their instructional and 
intervention strategies for a particular student or group(s) of students. Example were included to 
illustrate how score reporting can take advantage of the understanding levels so as to help the 
students and teachers understand where they are and specifically how far they are at mastering 
the construct. 
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 The distractor rationale taxonomy (DRT) examined in this study is an understanding-
level-driven distractor analysis system. Traditionally, distractors of a multiple-choice item are 
considered good if they are equally plausible to students who have not mastered the content 
tested. These distractors serve the same purpose: indicating that students answered the item 
incorrectly. Therefore, a multiple-choice item provides only one piece of information, correct or 
incorrect response. More recently, researchers in educational assessment have suggested extending 
the functional role of distractors to accommodate a new purpose: identifying the nature of a student’s 
misunderstanding (Nitko, 2004; Popham, 2000). Instruction, therefore, can be designed to target the 
most common types of errors. As a result, the DRT was designed to purposely create distractors at 
different comprehension levels to pinpoint sources of misunderstanding (King, Gardner, Zucker 
& Jorgensen, 2004). Diagnosis of the degree of knowledge mastery can then be made through 
the options students chose for each item. With timely feedback, this formative information could 
help schools and teachers adapt their instructional and intervention strategies for a particular 
student or group(s) of students. 
 

Distractor Rationale Taxonomy 
 

 The DRT predefines multiple-level distractor rationale descriptions that entail and 
classify errors associated with each option through the Understanding Hierarchy system. The 
DRT system was developed by a team of experts experienced in teaching and testing reading 
comprehension of grades 3 to 8. Item writers are then trained to construct items with options 
corresponding to the pre-specified Understanding Hierarchy. Each item typically has four 
comprehensive levels: minimal, moderate, significant, and complete (see Table 1). Level 1 
involves the most fundamental errors; levels 2 and 3 include responses that show increasing 
sophistication although they are incorrect; and level 4 represents the correct answer. Under the 
Understanding Hierarchy, there are 12 categories of Connection Taxonomy, each representing a 
typical reading error. Under the 12 categories, there are about 200 descriptors spread across the 
categories that are the bases of distractor development.  
 
 Table 2 demonstrates how an item measuring student interpretation of the main idea can 
be written using the DRT. Option A, at Level 1, is associated with “prior knowledge, not text-
based”, which corresponds to the one of the Categories of Connection for the Minimal 
understanding level: based on information not supported by the text or the task. Option B, at 
Level 2, is related to the Category of Connection: based on the wrong information from the text. 
Option C, at Level 3, is connected to the Category of Connection: a part of the correct answer. In 
this way, based on the option a student chooses, the teacher can know whether the student gets 
the main idea, and if not, how far the student is from getting the main idea. Therefore, the teacher 
can target the instruction more specifically at the student’s error. 
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Table 1. Levels of Understanding and Associated Student Errors for Reading  
 

Level of 
Understanding  

Student Error  

Level 1  Makes errors that reflect focus on decoding and retrieving facts or 

details that are not necessarily related t o the text or item.  Student 
invokes prior knowledge related to the general topic of the passage, 

but the response is not text based.  These errors indicate that the 

student is grabbing bits and pieces of the text as he or she 
understands them, but the pie ces are unrelated to the information 

required by the question being asked.  

Level 2  Makes errors that reflect initial understanding of facts or details in the 
text, but inability to relate them to each other or apply them to come to 

even a weak conclusion or inference.  

Level 3  Makes errors that reflect analysis and interpretation, but conclusions 

or inferences arrived at are secondary or weaker than ones required 

for correct response.  

Level 4  Correct response.  

  
  
             Table 2. Example of an Item Written Using the DRT Approach  
 

Question:  
What is the main idea of the passage 

ÒFrogs and ToadsÓ? 

Understanding 
Level  

Category of Connection  

A. Frogs and toads are cute. 1. Minimal 
Prior knowledge, not text-
based 

B. Toads have shorter legs than 
frogs have. 

2. Moderate 
Text-based detail unrelated to 
the main idea 

C. Frogs are different from toads. 3. Significant Only part of main idea 

D. Frogs and toads share many 
differences and similarities. 

4. Complete  
    Understanding 

Correct response 

 
  

Theoretical Framework 
 
Post-hoc Methods 
 Utilizing information generated by multiple-choice item distractors has been studied 
decades ago. Wang and Stanley (1970) and Frary (1989) summarized different partial-credit 
scoring methods for multiple-choice items used before 1989, approaches that involve analyses 
following test administration rather than during item development. Option weights can be 
determined using judgment-based and empirical data-based approaches. While the results of 
judgmental methods were less promising, the empirical methods showed improvement in test 
reliability, and yet mixed results in validity.  
 

The judgmental approaches include expert or student judgments. Expert judgments 
generally involve a group of experts interpreting the degree of option correctness. Then the 
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average of assigned values is used to score each option (David & Fifer, 1959; Downey, 1979). 
Student judgment, such as confidence testing, requires students to rate their confidence of getting 
an item correctly. The maximum score will be reached when students’ ratings are consistent with 
their responses (Frary, 1989). This method introduces factors other than student ability into test 
scores and raises concerns about test validity.  
 
 Empirical approaches use data to derive distractor information. It is common to use 
weights that are derived from student responses to distinguish distractors. This type of 
approaches improves test reliability in general. Some of the well-known methods include 
Guttman’s reciprocal averages (1941) and polyweighting (Haladyna, 1990; Sympson & 
Haladyna, 1993). Guttman’s reciprocal averages weights are based on mean scores of individuals 
selecting an option as weights. A variation of the Guttman’s approach is score weighting that 
uses the mean standardized total score on the remaining items for all individuals who selected 
the option.  The final weights are obtained through an iterative procedure (Hendrickson, 1971). 
Analogically, score weighting is equivalent to total score weighting. The strength of score 
weighting is its easy reference to score position in contrast to mean or the whole distribution. It is 
expected that score weights are associated with item difficulty. A modified version of the 
Guttman’s reciprocal average method, Polyweighting, was later developed by Sympson & 
Haladyna (1993). Polyweighting employs percentile ranks to compute weights for each 
distractor. Since percentile ranks are independent of item difficulty, polyweights of an item are 
independent of other items. Polyweighting has a property of giving higher weights to correct 
response to difficult items and lower weights to correct responses to easy items. Its estimates are 
more robust to sample variations than the reciprocal average method. 
 
Methods Involving Item Development Process 

More recent research focused on the item development process. Hestenes (1985) 
developed multiple-choice items for physics with distractors selected from the most common 
misconceptions in the students’ open-ended responses. Hestenes, Well, and Swackhamer (1992) 
further linked the distractors to specific categories of misconception using the Force Concept 
Inventory. The frequency that students chose each distractor was taken as the evidence of 
different levels of understanding.  

 
With the increasing accessibility of the item response theory (IRT), the topic of utilizing 

distractor information is examined again through IRT approaches. Sadler (1998) generated 
multiple-choice items for astronomy by consulting literature on common student misconceptions, 
interviewing teachers and students, and administering open-ended items. In particular, Sadler 
employed item response theory models to analyze student misconceptions. Three stages of 
student responses to an item were perceived, each attributed to low, some and high 
understanding.  

 
 More recently, Briggs, Alonzo, Schwab and Wilson (2006) developed a novel item 
format called Ordered Multiple-Choice (OMC). The distractors of the OMC are linked directly to 
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a model of student cognitive development for the construct measured. A key feature of the OMC 
is the construct map, which represents unidimensional continua with distinct hierarchical stages 
through which the students typically pass, in the process of gaining a qualitatively richer 
understanding of the given construct. This study focused on physical science: earth in the solar 
system. The Ordered Partition Model (OPM; Wilson, 1992), an extension of the Partial Credit 
Model (Masters, 1982), was employed to illustrate the use of item option characteristic curve in 
understanding the hierarchical nature of the OMC options. One limitation with the OMC method 
is that development of the construct map requires a significant amount of research and theoretical 
understanding, and therefore may not be possible for all the constructs.  
 
 To date, most studies on the use of OMC in providing diagnostic information have 
focused on the physical science area. Little research has been done on providing diagnostic 
information on reading ability through the use of OMC. This study was designed to validate the 
distractor rationale taxonomy created to develop ordered multiple-choice (OMC) options 
targeted to different understanding levels in assessing students’ reading ability. Specifically, the 
study first employed empirical data to validate the understanding levels assigned by item 
writers/experts, and then identified items with low agreement between empirical and expert 
ordering of understanding levels for further review. 
 

Method  
 

Data Source 
 Field test data from an interim assessment product were used in this study. This product 
was designed to cover typical grades 3-8 assessment standards in reading and mathematics 
across states. The test items were developed using the framework of DRT. For each subject, 
these test items were field-tested along with a commercialized achievement test for the same 
content area. About 500 students randomly selected from one state participated in the testing. 
Data for grades 5 and 8 reading were analyzed in this study to examine the validity of the DRT 
for different grade levels.  
 
Datasets 
 For both grades 5 and 8, two datasets were created for the analyses detailed below. One 
dataset contains student responses in 0 and 1, 0 for incorrect option and 1 for correct answer. 
This dataset was derived using the traditional scoring method for multiple-choice items, and 
therefore called TMC (traditional multiple choice). The second dataset recoded the responses of 
A, B, C, D based on the corresponding understanding level of the options. For example, if a 
student picked Option C for an item, and C is considered level 2 according to the DRT 
Understanding Hierarchy, the student would have a score of 2 for this item. If the correct answer 
is chosen, a score of 4 would be given for the item. This dataset was obtained by scoring the 
items based on the ordered understanding levels, and therefore called OMC (ordered multiple 
choice). 
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Analysis Procedures 
 First, descriptive statistics and Cronbach’s reliability index alpha for both TMC and 
OMC were calculated. Second, the correlations between the TMC, OMC and the external 
reading comprehension test were calculated to provide evidence for criterion-related validity. 
Finally, to compare the expert-assigned and empirically-derived understanding levels for each 
item, Spearman rank correlation (rho) was used. When the rankings are identical, the rho should 
equal 1.00.  Both exploratory and confirmatory analyses are conducted in this study. 
 
Exploratory 
 The review of literature in post-hoc option weighting suggests the mean scores of 
individuals selecting each option were the basis of weight assignment in classical analyses. 
Although the purpose of this study was not to assign weights to the options for scoring purpose, 
the use of the mean scores of students selecting each option can be useful in distinguishing the 
distractors. That is, higher mean scores were expected to be associated with students choosing 
options of higher understanding levels, while lower means scores were expected to be obtained 
by students with lower understanding levels. The total number correct scores from the TMC data 
were used to calculate the mean total scores.  
 
Confirmatory 

With distractors written under the guideline of the Understanding Hierarchy, it is possible 
to treat the distractors as ordered scores. Thus, the multiple–choice items can be handled as 
polytomous items. The Partial Credit Model (Masters, 1982) was used to calibrate the OMC 
items. The analyses were conducted using WINSTEPS (Linacre, 2005).  
 The average theta estimates for students selecting each option of an item were obtained 
from the WINSTEPS outputs. The rho correlations between these mean thetas and expert-
designated levels understanding were then calculated to evaluate how well the empirical data 
compare with the experts’ ordering of the hierarchical levels.  
 Last, scatter plots were created for item difficulty (p-value: percent of students getting an 
item correct) and the rho to see if the rho is related to item difficulty. When an item is very easy, 
for example, the number of students getting the wrong answer should be small. Therefore, the 
mean scores of students choosing each distractor would be based on very small samples and the 
ranking of the item options based on these mean scores would not be very reliable. This plot 
helps to evaluate whether the empirical ranking is affected by item difficulty. 
 

Results 
 

Reliability   
Table 3 presents the number of items, the number of examinees, the means, standard 

deviations, and Cronbach’s Alpha reliability coefficients for grades 5 and 8 tests in TMC and 
OMC. The reliability coefficients are all above 0.85, with the OMC being slightly higher. 
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      Table 3. Descriptive Statistics and Reliability for TMC and OMC 

Grade Test  # of items  
# of 

Examinees  
Mean 

Standard 
Deviation  

CronbachÕs 
Alpha  

TMC 43 535   24.06   7.77 0.857 
5 

OMC 43 535 137.40 17.56 0.862 

TMC 54 585 31.69 8.50 0.852 
8 

OMC 54 585 175.77 19.06 0.863 

 
Correlation with a Criterion Measure 

The correlations of the TMC and OMC scores with the external Reading Comprehension 
test were calculated to provide criterion-related validity evidence for the TMC and OMC scores. 
The commercial test consists of 30 multiple-choice items. As seen in Table 4, the correlation 
results show that the TMC and OMC scores have similar strength of association (0.744 to 0.817) 
with the external test and the correlations are higher for grade 5 than for grade 8. Not 
surprisingly, the TMC and OMC scores correlate very highly (0.961 to 0.973) with each other as 
well.  
 
               Table 4.  Correlations between the Reading Comprehension Test, TMC and OMC Scores 

Grade Test  
Reading 

Comprehension  
TMC OMC 

Reading 
Comprehension 

1.000 0.817 0.804 

TMC  1.000 0.961 5 

OMC   1.000 
Reading 

Comprehension 
1.000 0.744 0.754 

TMC  1.000 0.973 
8 

OMC   1.000 

 
Spearman Rank Correlations 
 Next, levels ranked through mean score are evaluated against the levels assigned by item 
writers using Spearman rank correlations (rho).  Table 5 shows examples of what the rho means 
in terms of the comparison of the empirically-derived vs. the expert-specified understanding 
levels.  
 
            Table 5.  Example of Patterns of Comparison between Pre-specified and Empirically-   
                          Derived Understanding Levels 

Empirically -derived level  

rho  
Pre-specified  

Level  
0.2 0.4 0.8 0.95 1.0 

1 3 2 2 2 1 

2 2 3 1 2 2 

3 1 1 3 3 3 

4 4 4 4 4 4 
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 As shown in Table 6, based on the mean raw scores, 46.5% of the items in grade 5 and 
40.7% in grade 8 received identical assignment as the item writers’. The mean thetas provided a 
better match to the expert’s ranking of the understanding levels, with 51.2% of the items in grade 
5 and 44.4% in grade 8 getting identical ordering. Additionally, 30.2% to 42.6% of the items 
obtained a rho of 0.8, meaning that a pair of adjacent levels was reversed. Closer investigations 
showed that those with reversed assignments tend to have close mean score or IRT average theta 
values. Combined together, based on the mean scores, about 77% of items in grade 5 and 83% in 
grade 8 obtained a rho of at least 0.80. Based on the mean thetas, about 84% of items in grade 5 
and 87% in grade 8 obtained a rho of at least 0.80. Overall, grade 5 empirical data match experts’ 
ranking better than Grade 8. 
 
     Table 6. Spearman Rank Correlation (rho) Results  

  Grade 5  Grade 8  Method   
  rho  Count  Percent  Count  Percent  

0.2 3 7.0 4 7.4 

0.4 7 16.3 5 9.3 

0.8 13 30.2 23 42.6 
Mean Raw 

Score 

1.0 20 46.5 22 40.7 

0.2 3 7.0 2 3.7 

0.4 4 9.3 4 7.4 

0.8 14 32.6 23 42.6 

  0.95 - - 1 1.9 

Mean Theta 
 

1.0 22 51.2 24 44.4 

 
 Last, the relationship between empirical and experts’ ranking was characterized in Figures 1 and 
2 for grades 5 and 8 respectively. The results revealed little association between the item p-
values and rho values across grades whether the mean raw scores or mean thetas were used.  
 

Scatter Plot of Item P -Value and  
Mean Raw Score rho  

 

Scatter Plot of Item P -Value and  
Mean Theta rho  

 

Figure 1. Scatter Plots of Item Difficulty and rho: Grade 5 
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Scatter Plot of Item P -Value and  

Mean Raw Score rho  

 

Scatter Plot of Item P -Value and  
Mean Theta rho  

 
Figure 2. Scatter Plots of Item Difficulty and rho: Grade 8 

 
 

Discussions and Conclusions 
 

 The results of the study suggested that whether the data were dichotomously or 
polytomously scored, the reliability indices were comparable and relatively high. Similarly, the 
TMC and OMC scores correlated about equally high with the criterion measure. The correlation 
between the TMC and OMC scores approached 1.00. All these findings provided support for the 
validity of the DRT in developing multiple-choice items with distractors of hierarchical 
understanding levels. Although the purpose of this study was not to investigate the utility of 
polytomous scoring of items developed using the DRT, the reliability and validity evidence 
associated with OMC validated to some degree the ranking of the understanding levels by the 
DRT.  
 
 The ranking of the understanding levels based on the mean raw scores and mean thetas 
matched the experts’ ordering well: with more than 40% identical, and around 80% with 
correlations of at least 0.8. The results are encouraging in that the great majority of items show 
strong positive correlations between the judgmental and empirical classifications of 
understanding levels. In addition, it is well known that very easy or difficult items tend to have 
low item-total correlation because the majority of students answer the item correctly or 
incorrectly. When the relationship between Spearman correlation and item difficulty was 
examined, no clear relationship was revealed. 
 
  Items with low agreement of 0.2 and 0.4 were examined in an effort to identify the 
possible causes. Figure 3 presents the category probability curves from the outputs of OMC 
calibration. These curves represent the probability of responding in each category conditional on 
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student ability level. For grade 8 Item 34, all of the options function as expected, and the 
categories based on the understanding levels differentiate among ability levels fairly well. For 
Item 38, however, levels 2 and 3 were clearly not functioning, so these options need to be 
examined further by the content experts. One possible reason of low agreement rate could be that 
the distance between the two understanding level is small. In such case, empirical data cannot 
sufficiently distinguish the two distracters and therefore resulted in same or reversed assignment. 
Another reason could be that items developed according to DRT do not function due to the way 
they were written. Finally, for some items, very few students choose certain distractors, meaning 
the distractors did not function as well as expected or most students are too proficient to make 
mistakes of these levels. In order to verify these assumptions, those items need to be reviewed by 
content experts.  
 
 

Reading Grade 8 Item 34: rho = 1.0 

 

     Reading Grade 8 Item 38: rho  = 0.2 

 

Figure 3. Category Probability Curves 
  
 For future research, we would like to go back to the teachers/experts who developed the 
items for them to review the items with low-agreement rankings. Based on the information from 
the empirical ranking and category probability curves, they will review the correspondence 
between the DRT and the item distractors, and then revise them where necessary. Similarly, the 
DRT system would need to be reviewed and refined according to the empirical evidence 
obtained from this study. Last, think aloud interviews with students while they respond the items 
would help to distinguish the understanding levels of the distractors, and therefore provide 
evidence of the under to further validate the DRT system. 
 
 The results of this study indicate that the DRT, once validated and refined, has great 
potential in providing useful feedback at test, item and distractor levels, facilitating instruction, 
and yet not requiring more response time than traditional multiple-choice items. Assessment 
products developed using the DRT can not only provide feedback on the number of the items a 
student get correct, but also on the understanding levels of the items that he or she answered 
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incorrectly, and therefore pinpointing the specific weak areas a student has in reading. 
Appendices A and B provide example of how score reporting can take advantage of the 
understanding levels so as to help the students and teachers understand where they are and 
specifically how far they are at mastering the construct. Appendix A reports at the student level, 
detailing the student’s response to each item, the corresponding understanding level, and the 
specific error associated with this understanding level. A bar graph also denotes the student’s 
performance relevant to the school’s performance in terms of the understanding levels. Appendix 
B provides diagnostic information at the class level, starting with the usual number correct and 
percent correct. In addition, students’ responses by understanding level are summarized at the 
total test level and each content standard level.  A similar bar graph compares the class’ 
performance to that of the school by understanding level. The timely feedback can be 
conveniently fulfilled through online testing and reporting system that are becoming more and 
more popular nowadays.  
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Appendix A:  
Individual Diagnostic Analysis Ð A, Student  

 
District: XXXXX   School: XXXXX   Teacher: XXXXXX 

Reading Assessment, Spring 2010, Grade 5 
 
 

Understanding 
Hierarchy  Item Response  

Level  Text  
Category of Connection  Descriptor  

1 B 1 Minimal Based on visual cues in the text  
2 A 4 Correct Correct response  
3 D 3 Significant Too narrow to be the correct answer  
4 B 2 Moderate A misunderstanding of the text, word, or task  
. 
. 
. 

     

43 C 3 Significant Based on the wrong information from the text  

 
 

Percentage of Items by Understanding Hierarchy
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Level

Student School
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Appendix B  
Class Diagnostic Analysis Ð A, Teacher  

District: XXXXX   School: XXXXX   Class: XXXXX 
Reading Assessment, Spring 2010, Grade 5 

 
Table 1. Number Correct and Percent Correct By Content Standard  
 Number Correct  Percent  Correct  
Student  Literar y Information  Functional  Literar y Information  Functional  
A 7 7 6 50 50 40 
B 2 2 1 14 14 7 
C 5 5 7 36 36 47 
D 11 13 12 79 93 86 
E 5 4 6 36 29 40 
F 10 10 9 71 71 64 
G 4 3 3 29 21 20 
 
Table 2. Student Responses  by Understanding Hierarchy : Total Test  

 Response by Understanding  Hierarchy  Percent by Understanding  Hierarchy  
Student  1 2 3 4 1 2 3 4 

A 5 8 10 20 12 19 23 47 
B 20 10 8 5 47 23 19 12 
C 6 10 10 17 14 23 23 40 
D 0 2 5 36 0 5 12 84 
E 8 8 12 15 19 19 28 35 
F 1 3 10 29 2 7 23 67 
G 13 11 9 10 30 26 21 23 

 
Table 3. Student Responses  by Understanding Hierarchy : Literary  
 Response by Understanding  Hierarchy  Percent by Understanding  Hierarchy  
Student  1 2 3 4 1 2 3 4 
A 1 2 4 7 7 14 29 50 
B 7 3 2 2 50 21 14 14 
C 2 3 4 5 14 21 29 36 
D 0 0 3 11 0 0 21 79 
E 2 4 3 5 14 29 21 36 
F 0 1 3 10 0 7 21 71 
G 4 3 3 4 29 21 21 29 
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