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Abstract 

 

Biased Processing of Accounting Examples and its Effect on 

Practitioners’ Judgments 

 

Gregory Paul Capps, M.S. Accounting 

The University of Texas at Austin, 2012 

 

Supervisor:  Lisa Koonce 

 

Accounting guidance often contains examples which provide practitioners with a 

description of a hypothetical transaction and its appropriate accounting treatment. Despite 

this potential to influence accounting judgments, our understanding of how practitioners 

use such examples when making these judgments is limited. Relying on psychology 

theory, I propose that practitioners must first assess the level of similarity between the 

transaction and the example. I predict that when doing this, practitioners unknowingly 

use a biased cognitive process where they overweight shared aspects between the 

transactions. Using an experiment, I confirm this prediction and show that this bias 

causes practitioners to systematically assess similarity between a transaction and example 

as too high. Results also show that this causes practitioners to consistently overestimate 

the likelihood that their transaction also qualifies for the same treatment as any example 

they are given. My study provides insights on how and why examples can systematically 

affect accounting judgments and has implications for both standard setters and 

practitioners. 
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Section 1:  Introduction 

 Accounting transactions often are complex and ambiguous in nature, thereby making 

it difficult for practitioners to determine the appropriate accounting treatment.1  When 

evaluating such transactions, practitioners often rely on various forms of accounting 

guidance for direction.
 
 One common form of guidance involves examples which provide 

the details of another financial transaction along with its appropriate accounting 

treatment.2  These examples are useful because practitioners can compare the facts in 

their transaction to the example to determine whether the same treatment is appropriate. 

The problem, though, is that complex and ambiguous transactions do not often perfectly 

match an example. Therefore, practitioners who wish to rely on examples must be able to 

accurately assess the level of similarity between two transactions which match in some 

aspects but differ in others. In this paper, I posit that practitioners are likely to be 

systematically biased when making this similarity assessment. 

 Investigating if and why accounting practitioners may be biased in their use of 

examples is important for several reasons. First, practitioners using a biased reasoning 

process may be rendering incorrect conclusions about how to account for ambiguous 

transactions. These incorrect conclusions have potentially significant consequences as 

they, in turn, may affect the quality of the decisions made by investors and lenders as 

                                                 
1The term practitioner refers to any individual in an accounting role whose duties include interpreting 

accounting standards and evaluating accounting treatment for transactions. Thus, practitioners may include 

financial statement preparers (the focus in this study), auditors, and individuals involved with corporate 

governance.  

2 The term example in this context may include both hypothetical transactions given in accounting 

standards and precedent transactions. 
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they rely on the financial reports containing the transaction. Second, although standard 

setters and regulators generate accounting standards that provide guidance for 

practitioners, these standards and regulations are purposely designed to be general so that 

they can be used for many fact patterns. The increasing complexity of business 

transactions suggests that reliance on examples to resolve accounting transactions will 

only increase over time. Despite this, our understanding of how well practitioners use 

these examples is rather limited, as little research exists on this topic (for an exception, 

see Clor-Proell and Nelson (2007)). Thus, this study provides timely insight into this 

important process.   

 To test the issue of whether practitioners are biased when relying on examples to 

determine the appropriate accounting treatment of a business transaction, I look to 

psychology to develop hypotheses and then conduct an experiment. Specifically, I draw 

on psychology research regarding how individuals make similarity judgments. Tversky 

(1977) argues that individuals assess similarity between two objects (or events) by 

decomposing each object into its elements,  and then constructing a measure of similarity 

based on the perceived importance of the common elements less the perceived 

importance of the distinct elements. Tversky argues that, without awareness, individuals 

overweight the common elements and underweight the distinct elements.  This 

misweighting causes similarity judgments to be biased because, unless there is 

compelling evidence to do otherwise, the individual arguably should equally weight the 

common and distinct elements. Relying on Tversky’s insights, I design and conduct a 2 × 

3 between-participants experiment. In it, graduate accounting students, in the role of 
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accounting practitioners, make a recommendation regarding the appropriate accounting 

treatment for an ambiguous sales transaction. I vary example type at two levels 

(affirmative or counter) and the importance of the example’s elements at three levels 

(common more important, distinct more important, or both equally important).   

 In the study, participants are provided with the details of an ambiguous sales 

transaction with four elements: two of these elements favored recognition of the sales 

revenue in year 1, and two of these elements favored recognition in year 2. Participants 

are then given a principles-based revenue recognition standard (that does not provide 

enough guidance for them to resolve the ambiguity in when to record sales) and asked for 

their judgment regarding the appropriate accounting. After this judgment, they are 

provided with a relevant example (affirmative—year 1 recognition, or counter—year 2 

recognition) which prescribes the proper accounting treatment for a related sales 

transaction also having four elements. For the affirmative example, all four elements 

favored recognition in year 1 while for the counter example, all four elements favored 

recognition in year 2. Because the ambiguous transaction had two elements favoring each 

position, each example then had two of its elements matching the transaction (common 

elements) and two not matching the transaction (distinct elements). I also manipulated 

which set of elements had greater influence (the common element set, the distinct 

element set, or equal influence for all elements) by telling participants that some elements 

were more important than others in determining accounting treatment.  

 Experimental results showed that practitioners’ judgments were biased, as 

hypothesized. Not surprisingly, participants told that the common elements were most 
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important were more likely to recommend revenue recognition in year 1 when given an 

affirmative example than a counter example. Key to my tests, though, are practitioners’ 

judgments in the equal and distinct influence conditions. In the equal influence condition, 

unbiased processing would suggest that the judgments about when to recognize revenue 

would be the same in the affirmative and counter example conditions (as there are an 

equal number of common and distinct elements with all elements seen as equally 

important). In the distinct influence conditions, unbiased processing would be indicated 

by results that are the exact opposite of the common influence conditions—that is, 

revenue recognition in year 1 would be less likely with an affirmative (versus counter) 

example. My results show that in the equal influence condition, judgments are biased, 

with more weight being assigned to the common elements. There, participants were more 

likely to recommend revenue recognition in year 1 when given the affirmative (versus 

counter) example.  In the distinct influence condition, there is no difference in the 

revenue recognition judgments depending on the example type—results that are also 

suggestive of biased processing. Overall, these results indicate that practitioners’ use of 

examples is biased. I conduct several additional analyses to confirm the central idea that 

that the weight participants assign to the common elements is indeed significantly greater 

than the weight assigned to the distinct elements and that this biased weighting explains 

the observed pattern of judgment results. 

 These results have implications for standard-setters and practitioners. To design 

efficient and effective standards, standard-setters (e.g., Financial Accounting Standards 

Board) must obtain an accurate understanding of how practitioners incorporate different 
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forms of guidance into their accounting judgments.  Over the past decade, the optimal 

format for accounting standards in the United States has been a topic of much debate. 

Such standards have traditionally been considered ―rules-based,‖ but there has been 

significant interest in more ―principles-based‖ standards which avoid the use of bright-

line rules that are easy to circumvent. Both of these formats are not without problems, so 

more recent proposals have suggested that the optimal format may be a hybrid standard 

type which outlines principled objectives and includes a limited amount of 

implementation guidance, such as examples. Given standard setters’ desire to limit rules 

in accounting standards, it follows that examples are likely to play a greater role in the 

future.  Thus, my study provides timely insights to standard setters as they continue to 

consider how to best construct accounting standards to achieve their stated objectives.   

 My results also should be of interest to practitioners who currently are involved with 

interpreting accounting standards. Practitioners generally have favored rules-based 

standards because they offer detailed support for positions which could hold under legal 

scrutiny. If such bright-line rules are to be less available in the future, it is likely that 

practitioners would increase their reliance on examples when making judgments. By 

better understanding the inherent biases in making judgments based on examples, they 

may be able to take measures to safeguard against errors which may be caused by these 

biases.          

 This paper is organized as follows. Section 2 reviews the prior research in the area 

and also develops the theoretically based hypothesis for the study. Section 3 describes the 
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experimental methods, and Section 4 presents the results of the experiment. The final 

section concludes.   
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Section 2: Prior Research and Hypothesis 

  

 Prior accounting research has examined how practitioners use both accounting 

standards and examples. However, most of this research has focused on how motivations 

can cause differences in judgments when practitioners are given latitude with vague 

principles or conflicting examples (e.g., Hackenbrack and Nelson [1996], Kadous, 

Kennedy, and Peecher [2003], Nelson, Elliott, and Tarpley [2002]). For example, Salterio 

and Koonce (1997) show that auditors given conflicting examples rely more on the 

examples that support the client-preferred outcome. Thus, while these studies do examine 

practitioners’ use of guidance in accounting judgments, they focus on how motivations 

can affect judgments (Kunda, 1990). While I acknowledge that such motivations are 

often present in accounting settings, they are not the focus of the current study.  

 One study that seems particularly relevant to my study is Clor-Proell and Nelson 

(2007).  These authors indicate that systematic differences in practitioner judgments can 

arise even in the absence of motivations. Specifically, they investigate if the use of 

affirmative or counter examples in revenue and expense guidance leads participants to 

different conclusions regarding the probability of recognition for an ambiguous 

transaction. Their results showed that participants given counter examples assessed a 

lower probability of recognition than participants given affirmative examples. They 

documented that this effect occurred whether the transaction was an expense item or a 

revenue item. Stated differently, the effect occurred in both income-increasing and 

income-decreasing situations, indicating that any motivations for aggressive or 

conservative reporting were not explanatory for the pattern observed in their study.   
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 Clor-Proell and Nelson note that their results are consistent with two psychological 

explanations: biased similarity assessments and priming effects. To distinguish between 

these explanations, they ask participants to self-report the perceived cognitive process 

they used when making their recognition judgments. However, their results suggest that 

some participants used each of the two processes in making their judgments.   

 Following the suggestion of Clor-Proell and Nelson, I attempt to better understand 

and discriminate between these competing psychological explanations by testing the 

descriptive validity of the biased similarity assessment explanation. My study contributes 

to this body of literature in several ways. First, I aim to confirm that practitioners indeed 

attempt to perform similarity assessments when they encounter an example in guidance. 

Second, I examine why the way practitioners assess similarity inherently represents a 

biased cognitive process. Finally, I analyze if bias in this process is primarily responsible 

for observed systematic differences in accounting judgments.     

2.1 Tversky’s similarity assessment model 

 Early models of similarity assessment involved viewing two objects under 

comparison as points in coordinate space with the distance between them representing 

dissimilarities between the objects. Tversky (1977) noted that these types of models only 

made sense for a small subset of objects and proposed a different model of similarity 

assessment based on comparing qualitative features between objects. Tversky’s model is 

based on the idea of feature matching: when comparing two objects, individuals view 

those objects as a collection of individual elements and then label those elements as 

common or distinct between the objects. Individuals then assess similarity using a linear 
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contrast model based on their common and distinct elements. Tversky proposed the 

following equation to characterize this linear contrast model: 

S(A,B) = α[f(A∩B)] – β[f(A∩B)]          

Where… 

 

A and B represent two objects under comparison where (A∩B) and (A∩B) 

represent the set of common and distinct elements, respectively (discussed further 

in section 2.1.1),   

 

S is a scale which represents the level of similarity between two objects under 

comparison: A and B,  

 

f  is a non-negative function representing the influence of each set of elements 

(discussed further in section 2.1.2), and  

 

α and β are non-negative subconscious weights assigned to the common and 

distinct elements, respectively where generally in similarity assessments α > β 

(discussed further in 2.1.3). 

 

2.1.1 Identification and classification of elements 

 In Tversky’s model, individuals assess the level of similarity between two objects 

(transactions in an accounting context) by first breaking each object down into a 

collection of elements. The term element is generally meant to construe a component or 

abstract attribute of the transaction being evaluated. For example, the fact that a ―written 

contract exists‖ or that a ―payment was made to the vendor‖ could both represent 

individual elements of one transaction.  Individuals tend to focus on those elements 

which are most relevant to the task at hand. In accounting contexts, this means that 

practitioners will generally focus on identifying the elements which most effectively 

capture the economic substance of a given transaction. An example generally will 
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provide written descriptions of a transaction which facilitates the identification of these 

elements.  

 Assume that an accounting practitioner is evaluating two transactions—one that he is 

trying to resolve and another from an example. After decomposing both transactions into 

their elements, the practitioner would then classify each identified element as either a 

common element (i.e. it is an element of both transactions) or a distinct element (i.e. it is 

an element of one of the transactions but not the other). The most interesting situations 

(and my focus in this study) are those where the ambiguous transaction and a relevant 

example have both common elements and distinct elements. If there were no common 

elements, the example would be irrelevant and the practitioner would look for more 

relevant guidance. Alternatively, having no distinct elements would mean that the 

ambiguous transaction matches the example in every aspect which, in turn, would mean 

that the practitioner would readily rely on the example.    

2.1.2 Assignment of influence to each element 

 Tversky (1977) proposed that an individual would then assess how much each 

element influences the overall similarity between the two objects. Generally two factors 

will drive an element to have high influence: intensive factors and diagnostic factors. 

Intensive factors refer to a signal-to-noise ratio such as the size of an element relative to 

others. In an accounting context, intensive factors are generally less irrelevant but they 

can include subtle concepts that might make an element stand out over others such as if 

one element is repeated often in the example. Diagnostic factors involve the classificatory 

significance of an element (i.e. how important is an element in determining which objects 
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should be grouped together) and arguably are the primary determinant of influence in 

accounting.   

 An individual could forgo this step of assigning influence or simply decide that each 

element has equal influence. In these cases, the individual can simply measure the total 

common element influence by counting the number of common elements and use the 

same method to measure the total distinct element influence. However, Tversky proposed 

that individuals generally do not view each element as having equal influence. To 

illustrate this concept of influence with a non-accounting example, suppose you were 

asked to determine if a dolphin should be classified as a mammal. You may be told that a 

dog is an example of a mammal and must decide how similar a dolphin is to a dog. 

Imagine that you identify two elements: you note that both bear live young (a common 

element); however, a dog lives on land while a dolphin lives underwater (a distinct 

element). You may commonly associate mammals with living on land and thus think that 

this element is very important for determining whether an animal is a mammal. 

Contrarily, you may think many types of animals bear live young and thus this element is 

not very important for determining whether an animal is a mammal. Rather than 

assigning equal influence to these elements, you will have effectively assigned a greater 

influence to the distinct element than the common element in this example. 

 All identified elements of a transaction should generally have some level of influence 

but some may be assessed higher influence than others based on their relative diagnostic 

value. The diagnostic value of an element will generally depend on the similarity 

assessment being made. For example, suppose a practitioner is evaluating a transaction 
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for an insurance company and the company in the example also is an insurance company. 

If evaluating a revenue recognition transaction, this element would have high diagnostic 

value as different industries have very different revenue recognition guidance. However, 

if evaluating a simple accounts payable transaction, this element would have low 

diagnostic value since there is little difference in industry guidance for payables. After 

grouping the elements as common or distinct and assigning influence to each element, an 

individual can sum up the influences for all the elements in both sets to get a total 

common element influence and total distinct element influence, respectively. 

2.1.3 Subconscious weighting of element sets  

 The grouping of elements and assignment of influence are deliberate and rational 

steps that individuals take to accurately assess similarity. Based on these steps, an 

unbiased model would indicate assessing similarity as the total influence of the common 

elements less the total influence of the distinct elements. However, Tversky argued that 

individuals deviate from this unbiased similarity assessment model by unknowingly 

assigning weights to both the common element set and distinct element set. In the 

unbiased model, no weights are explicitly assigned; however, this can be characterized as 

assigning equal weights to both element sets causing us to be unbiased in judging 

similarity only on our assessed influences. Contrary to this, Tversky (1977) proposed that 

individuals use a biased similarity assessment model where different weights are assigned 

to the common and distinct element sets. To illustrate with an extreme case, the common 

element weight could be set to 1 and the distinct element weight set to 0. This weighting 

would mean that similarity is based only on the influence of the common elements, 
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essentially ignoring all differences between the two objects. This strategy is less than 

ideal, because two objects with two common elements and one thousand distinct 

elements may be assessed as more similar than two objects with one common element 

and just one distinct element. While the magnitude of the subconscious weighting bias is 

generally less extreme than this example, more subtle weighting differences still can lead 

us to significantly deviate from the unbiased similarity assessment model.  

 While assigning these weights is not a deliberate process, there are contextual factors 

which systematically influence how the weights are assigned. The single most important 

contextual factor in predicting whether the common elements or distinct elements receive 

the larger weight is the idea of conducting a similarity assessment itself. If individuals are 

focused on identifying how similar one object is to another, they tend to subconsciously 

assign the larger weight to the common elements. Alternatively, if asked to assess how 

different two objects are, they tend to subconsciously assign the larger weight to the 

distinct elements.   

 Inherently, it is reasonable to assert that accounting practitioners are focused on 

assessing how similar their transaction is to an example when making accounting 

judgments since they are naturally searching for the most relevant guidance. A 

practitioner would not logically focus on assessing how different their transaction is to an 

example, because this method would lead them to look in the least relevant areas of 

guidance they can find. Therefore, I posit that accounting practitioners are naturally 

performing assessments of how similar transactions are rather than how different they 

are. Thus, drawing on the foregoing discussion, I hypothesize that accounting 
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practitioners facing an ambiguous accounting transaction (and using an example to help 

resolve that transaction) will over-rely on the common elements and under-rely on the 

distinct elements when comparing their transaction to the example. 

 If participants make unbiased similarity assessments, this prediction will not hold and 

participants should equally weight both element sets (i.e., the common and the distinct). 

That is, they will assign the same weight to the common elements as they do the distinct 

elements.  Specific operationalizations of these ideas are provided in section 3.2.2.  
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Section 3: Methods 

3.1 Participants 

 One hundred and thirty graduate accounting students voluntarily participated in the 

experiment.3  Participants were from the same large public university and all completed 

the study in person within a laboratory setting. In this study, I rely on graduate 

accounting students as a proxy for accounting practitioners. Clor-Proell and Nelson 

(2007) utilized similar experimental materials in two separate studies: one using MBA 

students and one using current accounting practitioners with an average of 10 years of 

work experience. They find the same pattern of results in both studies and so it seems 

reasonable to conclude that the same cognitive processes are at work in both sets of 

individuals. Because of these facts, I follow the advice of Libby et al. (2002) and do not 

use more sophisticated participants than necessary. Thus, graduate accounting students 

are an efficient choice which will not compromise the external validity of the study.   

3.2 Design 

3.2.1 Overview 

 Participants are told they are working in the accounting department of a company 

which prides itself on a reputation for accurate and truthful financial reporting. They also 

are informed that they report directly to the company controller, who asks them to 

evaluate the appropriate accounting treatment for a recent sales transaction. Participants 

are given the details of an ambiguous sales transaction which occurred in December of 

                                                 
3 Two participants were removed, because their responses appear to be outliers, as they are more than 3.5 

standard residuals away from the response patterns of all other participants.   
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year 1 but for which delivery of goods is expected to occur in January of year 2 (a form 

of bill-and-hold transaction). Participants are given four elements to this transaction with 

two of those elements favoring revenue recognition in year 1 and two of them favoring 

revenue recognition in year 2. They are then informed that the company has a calendar 

year-end, so the transaction creates an issue as to when to recognize revenue.      

 Then, participants are given a relevant revenue recognition principle (specifically that 

revenue should be recognized when it is realized and earned). The principle also states 

that one must consider the particular circumstances for transactions when delivery is to 

occur in a later period and no particular transaction element guarantees or precludes 

revenue recognition at the time of the sales transaction. This guidance is meant to provide 

only over-arching principles of revenue recognition which must be interpreted by the 

participants. Participants are then asked to provide their recommendation on the 

appropriate accounting treatment for this transaction. This pre-manipulation measure 

captures individual differences in the assessed accounting treatment based only on the 

principle.  

3.2.2 Manipulations 

 After providing their initial judgments, participants are then told they discover a 

relevant example accompanying the revenue recognition standard. The example contains 

a description of a hypothetical bill-and-hold transaction with four elements of the same 

nature and also gives the appropriate accounting treatment for this transaction. 

Additionally, it suggests that some elements should be weighted more heavily than other 

elements when deciding the appropriate accounting treatment for the example. I 
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manipulated characteristics of the example by using a 2 × 3 between-participants design. 

The two variables are: (1) whether the example states that revenue recognition is 

appropriate in year 1 (affirmative example) or year 2 (counter example) for the 

transaction in the example, and (2) which elements were most influential in deciding the 

appropriate treatment for the example (the first two elements, the last two elements, or 

equal influence for all elements). The examples were similar in all aspects except for the 

year in which they recognized revenue, the element weightings and the inclusion of the 

word ―not‖ for each element in the counter examples. See the Appendix for illustrations 

of the manipulations. 

 To provide additional tension in my tests, I also manipulate the importance of the 

common and distinct elements. Because the similarity model is based on feature 

matching with common and distinct elements, the construct of interest for the second 

independent variable is whether the common element set, the distinct element set, or 

neither set is more influential than the other (i.e., equal influence). To create these 

treatment conditions, I note that the combination of example type and the elements 

identified as more influential to participants (first two, last two, or equal) create cases 

where either the common or distinct element sets will be assigned greater influence, as 

follows. If a participant has an affirmative example and was told the first two elements 

had more influence in the example, they would perceive the common element set as 

having greater influence. If a participant had a counter example and was told the first two 

elements had more influence in the example, they would perceive the distinct element set 

as having greater influence. This pattern reverses when participants are told the last two 
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elements are more influential in the example.4 Using these combinations, I create a 

manipulation where either the common set is seen as having greater influence, the distinct 

set is seen as having greater influence, or both sets are seen as having equal influence. I 

use this influence type manipulation as the second independent variable in the study.   

 This second manipulation creates tension as it allows me to unambiguously 

distinguish between unbiased and biased similarity assessments in the following way. If 

participants are unbiased in their similarity assessments, their judgments should reflect 

the joint effect of the example type as well as the importance or influence of the common 

and distinct elements. In particular, if the common elements are noted to be the most 

important, then participants will be more likely to recommend recognizing revenue in 

year 1 when given an affirmative versus counter example. In contrast, if the distinct 

elements are noted to be the most important, then they will be more likely to recommend 

recognizing revenue in year 2 with the affirmative (versus counter) example. That is, 

their judgments should ―flip.‖  Finally, when all elements are equal in importance, there 

should be no difference in their judgments whether they receive an affirmative or counter 

example. This unbiased prediction is illustrated in Figure 1.   

 In contrast, if participants are biased in their similarity assessments (as I hypothesize), 

then an interaction is predicted; this interaction is illustrated in Figure 2. If the common 

elements are noted to be the most important, then participants will be more likely to 

recommend recognizing revenue in year 1 when given an affirmative versus counter 

                                                 
4 For the equal influence condition, this is not an issue as participants are told all elements have equal 

influence. 
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example. Note that this prediction is the same as that for the unbiased situation, although 

the difference in judgments between the affirmative and counter examples is likely to be 

larger in the biased situation. When the elements are noted to be equal in importance, 

participants are more likely to recommend recognizing revenue in year 1 when given the 

affirmative (versus counter) example. That is, because their similarity assessments are 

biased, they will overweight the common elements and assess similarity as higher (in 

either direction depending upon example type) than in the unbiased prediction. This 

prediction differs from that in the unbiased situation where no difference is expected. 

Finally, when the distinct elements are noted to be more important, participants making 

biased similarity assessments will still have a tendency to overweight the common 

elements. This tendency will ―offset‖ the effect of the distinct elements being more 

important, thereby leading to little or no judgment difference between the affirmative and 

counter examples.   

3.2.3 Dependent measures 

 The primary dependent measure is the participant judgment as to whether revenue 

should be recognized in year 1 or year 2. Participants are asked to make a 

recommendation to the controller about the appropriate accounting treatment for the sales 

transaction by checking one of three options: (1) revenue should be recognized in year 1, 

(2) revenue should be recognized in year 2, or (3) neither treatment is appropriate over 

the other. If participants choose option (1) or option (2), they are also asked to complete a 

corresponding scale that measures the strength of their belief in this recommendation 

using a range of 0 to 100, where a value of 100 indicates they are extremely confident in 
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their recommendation. Using the responses and corresponding strength scales, I then 

construct a continuous measure for participant accounting judgments. This measure 

ranges from -100 to 100 where a value of -100 indicates extremely strong beliefs that 

year 2 recognition is appropriate, and a value of 100 indicates extremely strong beliefs 

that year 1 recognition is appropriate. A value of 0 corresponds with response (3) above 

where they do not feel that either recognition is more appropriate than the other.  

 Participants are asked to provide their recommendation twice in the experiment: once 

after reading only the principles-based standard and then once again after they are given 

the example to supplement the standard. Because I am interested in how examples 

supplement accounting judgments based on principles-based standards, I compute a 

judgment difference variable as the post-example measure minus the pre-example 

measure. This measure may range from overall extremes of -200 to 200 but the scale 

extremes for any individual participant depends on the participant’s pre-example measure 

(e.g. a participant with a pre-example measure of 0 will have a judgment difference 

measure within -100 and 100). A negative difference measure means the participant 

moved closer to the year 2 end of the scale (i.e. they became more conservative in their 

judgments) after reading the example. A positive difference measure indicates the 

participant moved closer to the year 1 end of the scale (became less conservative in their 

judgment) after reading the example. 

 In addition to the primary dependent variable, I ask participants to respond to several 

debriefing questions. To test the mechanics of the similarity assessment model, I ask 

participants to rate the level of similarity between the ambiguous transaction and their 
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given example. I also ask participants how much their similarity assessment was 

influenced by the first two elements and the last two elements. Being as my construct of 

interest focuses on common and distinct elements, these influence responses are recoded 

as common element influence and distinct element influence based on the example type. 

Additionally, I collect measures meant to test possible alternative explanations for the 

pattern of judgment results. These include the level of concern over auditor agreement 

with their judgments, the level of concern over regulatory review, the level of concern 

that management is attempting to manage earnings, and the level of ambiguity in 

resolving the case.   

 

 

 

 

 

 

 

 

 

 

 

 

 



 22 

Section 4: Results 

4.1 Manipulation checks 

 When asked whether the example indicated that the appropriate accounting for the 

example was recognition in year 1 or recognition in year 2, 74% (83%) of participants in 

the affirmative (counter) example condition correctly indicated their condition. These 

responses indicate a successful example manipulation as they are significantly associated 

with the experimental condition (χ
2 

= 34.5, p < 0.01). To verify the effectiveness of the 

influence manipulation, I asked participants which elements the example indicated should 

be given the most weight in determining revenue recognition for the example. 

Participants were asked to indicate either the first two elements, the last two elements or 

that all elements were to be weighted equally. Eight-four percent of participants told the 

first two elements were most diagnostic correctly indicated their condition, while 81% of 

participants told that all elements were of equal diagnostic value correctly indicated their 

condition. Finally, 86% of participants told the last two elements were most diagnostic 

correctly indicated their condition. These responses indicate a successful example 

manipulation as they are significantly associated with the experimental condition (χ
2
 = 

35.8, p < 0.01).  

 Additionally, I check whether the construct of influence type (common elements, 

distinct elements or equal) was successfully manipulated. Specifically, I estimated an 

analysis of variance (ANOVA) on both the common element influence measure and the 

distinct element influence measure. If I successfully manipulated influence type as 

intended, I should see a pattern where participants in the common influence type 
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condition rate common element influence as significantly greater than those in the 

distinct element influence condition. Additionally, those in the common element 

influence condition should rate distinct element influence as significantly less than those 

in the distinct element influence condition. Alternatively stated, participants told the 

common elements were most important should assess common element influence as 

higher than those told the distinct elements were most important. Similarly, participants 

told common elements are most important should assess distinct element influence as 

lower than those told the distinct elements are most important. The ANOVA’s on these 

measures show that influence type is significant for the common element influence 

measure (F = 5.75, p < 0.01) and influence type is also significant for the distinct element 

influence measure (F = 4.28, p = 0.01). The pattern on these measures is consistent with 

my predictions above and, thus, the results suggest a successful manipulation of influence 

type. 

4.2 Analysis of accounting judgments 

4.2.1 Pre-manipulation judgments 

 I first examine participants’ pre-example accounting judgments; these are shown in 

Panel A of Table 1. The overall mean recommendation response before reading the 

example is a -38.74 on a scale ranging from -100 (indicating extreme confidence in year 

2 recognition) to 100 (indicating extreme confidence in year 1 recognition). This result 

suggests that all participants were, on average, weakly confident that revenue recognition 

in year 2 was appropriate when given only the transaction description and the principles-

based standard. Although this result may suggest a slight conservative bias, there is no 
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significant difference in the mean responses to this initial judgment among the six 

conditions (F = 0.63, p = 0.68). Therefore, this slight conservative bias in the pre-

example judgments does not affect the hypothesized prediction patterns—rather, it may 

only shift those patterns down towards the year 2 end on the judgment scale.   

4.2.2 Post-manipulation judgments 

 Next I analyze the judgment difference measure to determine how participant 

judgments changed after reviewing the example containing my manipulations. Recall that 

if participants were using a biased reasoning process, as I hypothesize, there would be an 

interaction between the two independent variables of a particular form (see Figure 2). 

That is, there would be no effect of example type on the distinct group but increasingly 

significant effects in the equal and common groups, respectively. In contrast, if 

participants were using an unbiased similarity model, there would be an interaction with 

similar effects of example type on the common and distinct groups and no effect of 

example type on the equal group.    

 The results are shown in Table 1, Table 2, Table 3, and Table 4 with the pattern of 

results illustrated in Figure 3. The means for the pre- and post-manipulation judgments 

are in Table 1, the means for the judgment revision measure are in Table 2, the 

ANOVA’s for the pre-example, post-example, and difference measures are shown in 

Table 3, and the follow-up simple main effects are shown in Table 4. As seen in Table 3, 

the ANOVA for judgment difference reveals a significant interaction between example 

type and influence type (F = 6.92, p < 0.01). Follow-up tests shown in Table 4 reveal a 

significant effect of example type on the equal group (t = 2.71, p = 0.01) as well as the 
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common group (t = 5.11, p < 0.01). That is, in both cases, participants given affirmative 

examples revised their initial judgments to move closer to the year 1 end of the scale (less 

conservative judgments) while participants given counter examples revised their initial 

judgments to move closer to the year 2 end of the scale (more conservative judgments). 

This effect is significant for both the equal and common group with the effect being 

greater in magnitude for the common influence group. Further, there is no statistical 

difference between the affirmative and counter examples in the equal condition (t = -.47, 

p = 0.64). Overall, these results are consistent with the biased similarity assessment 

process.  

4.3 Weights placed on elements 

 The judgment results just presented indicated that accounting practitioners used a 

biased reasoning process when evaluating examples. This result suggests that, when they 

were assessing the similarity between the transaction and the example, participants 

assigned a higher weight to the common elements than to the distinct elements. To test 

this idea, I also asked participants to assess the overall level of similarity between the 

company’s transaction and the transaction in the example using a scale of 0 (not at all 

similar) to 100 (extremely similar). I also asked participants to indicate their assessments 

of the influence of both the first and last two elements using a scale of 0 (did not 

influence my assessment of similarity) to 100 (heavily influenced my assessment of 

similarity). These assessments are then recoded as common element influence and 

distinct element influence in accordance with the construct of interest.  
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 Tversky (1977) proposed that individuals use a linear contrast model when assessing 

similarity; that is they judge similarity based on the influence of the common elements 

less the influence of the distinct elements. Under the unbiased similarity assessment 

model, these influence measures are assigned equal weights. In contrast, the biased 

similarity assessment model predicts that individuals assign non-equal weights to these 

influence measures.  To ascertain the weights placed on the common and distinct 

elements, I estimated the following regression: 

Similarityi = α + β1Influence-Commoni - β2Infleunce-Distincti + εi 

 If the unbiased model is descriptively valid, β1 should not be significantly different 

than β2 in this regression. Alternatively, if the biased model is accurate, then β1 should 

be significantly greater than β2 in the regression model. Analysis shows that α = 45.63, β1 

= .20 (t = 7.27, p < 0.01) and β2 = -.01 (t = -.01, p = 0.99). Interestingly, β2 is not 

significantly different than 0 indicating that for the sample, increases in the influence of 

the distinct elements had no impact on similarity assessments. I test the model restriction 

that β1 = β2 and find that they are indeed significantly different (F = 4.25, p = 0.04) with 

β1 being significantly greater than β2. These results confirm the idea that accounting 

practitioners use biased reasoning processes by showing that participants put a greater 

weight on the common elements than the distinct elements when making similarity 

assessments. 

4.4 Structural equation modeling 

 I use structural equation modeling to further test the descriptive validity of the biased 

similarity assessment explanation for my judgment results. Figure 4 provides a pictorial 
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representation of the model as well as standardized path coefficients for the model. The 

example type and influence type variables as well as the interaction variable correspond 

with my experimental manipulations and are exogenous in the model. The measures of 

common element influence and distinct element influence are collected in my debriefing 

questions and are modeled as endogenous based on the three independent variables 

above. Next, I model the similarity measure as endogenous based on the common and 

distinct element influence measures. Finally, I model judgment differences as 

endogenous based on assessed similarity.5 The M-plus statistical program is used to 

estimate the structural equation model.    

 Test results indicate that the model provides an overall good fit. The Tucker-Lewis 

Index (TLI) value of 98% and the Bentler’s Comparative Fit Index (CFI) value of 99% 

achieved with this model are both well above the accepted cutoff values of 90%. 

Additionally, the Standardized Root Mean-Square Residual (SRMR) value of .017 is well 

below the accepted cutoff value of .05. This confirms that my model provides an overall 

good fit for the data. This suggests that biased similarity assessments are responsible for 

my observed judgment pattern. 

 To further test the validity of Tversky’s theory and the idea that biased similarity 

assessments are responsible for my observed pattern of accounting judgments, I analyze 

the individual paths in this model. First, I note that all of the independent variables load 

                                                 
5 The relationship between assessed influence and similarity appears to be non-recursive in nature.  As 

such, I also model both influence measures as covariates with similarity in addition to being regressors for 

similarity. This change does not alter the fundamental model or the results. The underlying theory does not 

address this particular aspect so we leave it to future research to examine this in more detail. 
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as significant into both of the common and distinct influence measures. Next, I analyze 

the effect of the common element and distinct element influence measures on similarity. 

Here, I note that the path from the common element influence measure to similarity is 

significantly positive (t = 4.03, p < 0.01) while the path from the distinct element 

influence measure to similarity is negative but not significant (t = -1.39, p = 0.17). These 

results suggest participants assessed similarity as Tversky predicted: by using a linear 

contrast model where an increase in common element influence increases similarity and 

an increase in distinct element influence decreases similarity. Additionally, these results 

are consistent with the idea of a biased similarity assessment process and the results (in 

section 4.3) showing that participants over-weighted common elements and assigned a 

weight to distinct elements which was not significantly different than zero.   

    Next, I test the idea that biased similarity assessments are responsible for causing 

my observed pattern of judgments by analyzing the path from assessed similarity to 

judgment differences. I first recode similarity to match the judgment difference measure 

by noting that participants given counter examples are assessing similarity to an example 

where year 2 recognition is appropriate while participants given affirmative examples are 

assessing similarity to an example where year 1 recognition is appropriate. As the counter 

example participants assess similarity higher, they should move further to the year 2 end 

of the scale (-100) while affirmative example participants should move further to the year 

1 end of the scale (100) as they assess similarity higher. Therefore I code similarity 

assessments as negative for participant in the counter example group. If practitioners 

revise their judgments based on assessed similarity to an example as predicted, this path 



 29 

coefficient of judgment difference on similarity should be significantly positive. The 

coefficient is indeed significantly positive (t = 4.46, p < 0.01) indicating that assessed 

similarity is what drove participants to revise their judgments after reading the example. 

Additionally, I substitute all of my other alternative explanation measures for the 

similarity measures in the model and note that none of these measures results in a good-

fitting model. These results suggest that the biased similarity assessment process is 

responsible for the observed pattern of accounting judgments (in section 4.2).        
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Section 5: Conclusion 

 This paper examines how practitioners use examples in accounting guidance to assist 

them in determining the appropriate accounting treatment for ambiguous transactions. I 

focus on the cognitive process used by practitioners and examine how the existence of 

systematic biases in this process leads to inaccuracies in financial reporting. The results 

of my experiment show that when practitioners encounter an example in guidance, they 

update their accounting judgments based on an assessment of the level of similarity 

between the ambiguous transaction and the example. To assess similarity, practitioners 

decompose each transaction into its elements and classify each element as common or 

distinct between transactions. They then assess similarity based on the importance of the 

common elements less the importance of the distinct elements. However, I show that 

practitioners unknowingly place too much weight on shared aspects between the 

transactions when assessing similarity. This causes practitioners to render biased 

similarity assessments where similarity is systematically assessed higher than it should be 

if the practitioner had used an unbiased similarity assessment process. I show that this 

bias directly affects accounting judgments causing practitioners to systematically 

overestimate the likelihood that their transaction qualifies for the same treatment as any 

example they are given.          

 These results should interest standard setters and regulators who are tasked with 

constructing efficient and effective accounting guidance on various issues as well as 

determining the optimal format for accounting standards in general. Specifically, my 

results show that examples can have a significant influence on judgments but because 
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practitioners use a biased similarity assessment process, different formats of the same 

example can systematically drive different conclusions. For example, this suggests that 

standard setters could incorporate a level of implicit conservatism in principles-based 

accounting guidance by using counter examples as implementation guidance for areas 

where aggressive reporting is a concern. Practitioners should also be interested in these 

results as they suggest a systematic bias in utilizing accounting examples can potentially 

lead to inaccuracies in financial reports. By understanding the nature of this cognitive 

bias, practitioners can become more aware of errors which may result from it.  

 My study is subject to several limitations which provide opportunities for future 

research. First, the study does not focus on situations where practitioners have incentives 

for a specific reporting outcome – rather the participants’ only goal in this study is 

accuracy. Motivations for a certain goal tend to drive individuals to use different biased 

cognitive processes such as motivated reasoning in crafting rationalizations for their 

preferred conclusions. It is unclear if the introduction of incentives would cause 

practitioners to entirely abandon this similarity assessment process or just cause them to 

show bias for their preferred conclusions in certain aspects of the similarity assessment 

process. Second, I have focused on the broad similarity assessment process and the sub-

process of subconscious weighting which causes similarity assessments to be biased. 

However, similarity assessments also involve identifying relevant elements and assigning 

influence to them. In my study, I provide the transaction elements and directly 

manipulate the assignment of influence. It is an empirical question of how practitioners 

naturally perform these sub-processes. Finally, I do not explore how practitioners can 
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safeguard against this bias. Following Tversky’s theory, one should overweight distinct 

elements when asked to consider how different two transactions are so practitioners may 

be able to offset the effects of this bias by explicitly assessing differences when using 

examples. 
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Table 1  

Pre-manipulation and Post-manipulation Judgments 

Panel A: Means (standard deviations) for pre-manipulation judgments 

      Influence 

 

 

Example 

 

 

Distinct  

 

 

Equal 

 

 

Common 

 

 

 

 

Row Means 

 

Affirmative 

 

-23.86 

(75.37) 

n=22 

-54.05 

(48.16) 

n=21 

-34.50 

(70.10) 

n=22 

-37.22 

(66.01) 

n=65 

 

Counter 

-49.52 

(59.05) 

n=21 

-38.81 

(65.02) 

n=21 

-32.62 

(69.72) 

n=21 

-40.32 

(64.08) 

n=63 

Column Means 

-36.39 

(68.33) 

n=43 

-46.43 

(57.03) 

n=42 

-33.58 

(69.09) 

n=43 

-38.74 

(64.83) 

n=128 

Panel B: Means (standard deviations for post-manipulation judgments 

Table 1 - Panel A shows participant judgments before reading the example (pre-

manipulation) and Panel B shows participant judgments after reading the example (post-

manipulation). Participants provided their recommendation and confidence level in that 

recommendation. A value of -100 indicates extreme confidence in year 2 recognition; a 

value of 0 indicates that both treatments are equally appropriate; and a value of 100 

indicates extreme confidence in year 1 recognition. 

      Influence 

 

 

Example 

 

 

Distinct  

 

 

Equal 

 

 

Common 

 

 

 

 

Row Means 

 

Affirmative 

 

-7.27 

(81.85) 

n=22 

-3.09 

(67.25) 

n=21 

33.18 

(65.44) 

n=22 

7.77 

(73.18) 

n=65 

 

Counter 

-20.48 

(75.06) 

n=21 

-41.67 

(67.64) 

n=21 

-71.43 

(39.18) 

n=21 

-44.52 

(65.06) 

n=63 

Column Means 

-13.72 

(77.96) 

n=43 

-22.38 

(69.42) 

n=42 

-17.91 

(75.31) 

n=43 

-17.97 

(73.85) 

n=128 
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Table 2  

Judgment Revision Measure 

 

Table 2 – This table shows results for the measure of judgment difference constructed by 

taking post-manipulation judgments and subtracting pre-manipulation judgments. This 

signifies the amount of judgment revision by participants after reading the example. A 

positive judgment difference measure indicates participants moved further towards the 

year 1 end of the judgment scale after reading the example (less conservative judgments) 

while a negative judgment difference measure indicates participants moved further 

towards the year 2 end of the judgment scale after reading the example (more 

conservative judgments. A value of 0 indicates participants did not change their initial 

judgments after reading the example.      

 

 

 

 

 

 

 

 

      Influence 

 

 

Example 

 

 

Distinct  

 

 

Equal 

 

 

Common 

 

 

 

 

Row Means 

 

Affirmative 

 

16.59 

(94.57) 

n=22 

50.95 

(71.70) 

n=21 

67.68 

(73.68) 

n=22 

44.98 

(82.39) 

n=65 

 

Counter 

29.05 

(80.07) 

n=21 

-2.86 

(56.25) 

n=21 

-38.81 

(62.06) 

n=21 

-4.21 

(71.50) 

n=63 

Column Means 

22.67 

(86.98) 

n=43 

24.05 

(69.23) 

n=42 

15.67 

(86.31) 

n=43 

20.77 

(80.79) 

n=128 
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Table 3  

Analysis of Variance (ANOVA) Results 

 

Table 3 – This table shows the ANOVA results for the two manipulated factors (example 

type and influence type) as well as their interaction on each of the three dependent 

measures: pre-manipulation judgments, post-manipulation judgments, and judgment 

difference. The ANOVA on post-manipulation judgments is a repeated measures analysis 

and thus also includes a pre-manipulation judgment factor.    

 

 

 

 

 

 

 

 

 

 

 

 

 Pre-Manipulation 

Judgment 

Post-

Manipulation 

Judgment 

Difference 

Measure 

Pre-Manipulation 

Judgment  

N/A F = 10.09 

         p < 0.01 

N/A 

Example F = 0.06 

p = 0.81 

F = 7.81 

p < 0.01 

F = 14.08 

p < 0.01 

Influence F = 0.45 

p = 0.64 

F = 0.37 

p = 0.69 

F = 0.21  

p = 0.81 

Example × 

Influence 

F = 1.09 

p = 0.34 

F = 2.23 

p = 0.11 

F = 6.92 

p < 0.01 



 36 

Table 4  

Follow-up Simple Main Effects 

 

 Pre-Manipulation 

Judgment 

Post-

Manipulation 

Judgment 

Difference 

Measure 

Distinct condition: 

Affirmative vs. 

Counter Example  

t = 1.24, p = 0.22 t = .55, p = 0.58 t = -.47, p =0.64 

Equal condition: 

Affirmative vs. 

Counter Example 

t = -.86, p = 0.39 t = 1.85, p =0.07 t = 2.71, p = 0.01 

Common 

condition: 

Affirmative vs. 

Counter Example 

t = -.09, p = 0.93 t = 6.32, p < 0.01 t = 5.11, p < 0.01 

 

Table 4 – This table shows the simple main effects of example type (affirmative vs. 

counter example) at each level of influence type (distinct, equal, and common) for each 

of the three dependent variables (pre-manipulation judgments, post-manipulation 

judgments, and judgment difference) in the experiment.   
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Figure 1 

Predicted Judgment Revisions under Unbiased Processing 

 

  

 

Figure 1 – This figure shows predictions for the pattern of judgment revisions after 

participants read their example if participants use unbiased similarity assessment 

processing. These predictions assume all participant pre-example judgments are 0 

(favoring neither year 1 nor year 2 recognition over the other). Based on that, a measure 

of 100 signifies participants revising their judgment to ―extreme confidence in year 1 

recognition‖ after reading the example whereas a measure of -100 signifies participants 

revising their judgments to ―extreme confidence in year 2 recognition‖ after reading the 

example. 
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Distinct Equal  Common 
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Figure 2 

Predicted Judgment Revisions under Biased Processing 

 

 

 

 

Figure 2 – This figure shows predictions for the pattern of judgment revisions after 

participants read their example if participants use biased similarity assessment processing 

(as I predict). These predictions assume all participant pre-example judgments are 0 

(favoring neither year 1 nor year 2 recognition over the other). Based on that, a measure 

of 100 signifies participants revising their judgment to ―extreme confidence in year 1 

recognition‖ after reading the example whereas a measure of -100 signifies participants 

revising their judgments to ―extreme confidence in year 2 recognition‖ after reading the 

example.   
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FIGURE 3  

Judgment Revision Results Pattern 

 

 
 
 

 

Figure 3 - This figure shows the pattern of results for the judgment difference measure. 

This measure was constructed by taking participant post-example judgments and 

subtracting pre-example judgments. Both pre and post-example judgments are on a scale 

of -100 (extreme confidence in year 2 recognition) to 100 (extreme confidence in year 1 

recognition). Therefore, the difference measure represents a scale with absolute value of 

0 (no judgment revision from pre to post-example) to 200 (revising from one extreme of 

the scale to the other after reading the example). The specific endpoints of the scale will 

be based on the participant’s pre-example judgment (e.g. a pre-example judgment of 0 

will result in a difference measure scale from -100 to 100 while a pre example measure of 

-100 will result in a difference measure scale of 0 to 200).    
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t= 10.3, p < 0.01 

t= -16.8, p < 0.01 

t= -2.3, p =0.02 

t= -2.9, p < 0.01 

t= 2.4, p = 0.02 

t= 3.3 p < 0.01 

t= 4.03, p < 0.01 

t= -1.39, p = 0.17 

t= 4.46,  

p < 0.01 

Figure 4 

Model of the Effects of Example and Influence on Judgments 
 

Example Type ×  

Influence 

 

Judged 

Similarity 

Judged Influence 

of Distinct 

Elements 

 

Judged Influence 

of Common 

Elements 

 Change in 

judgment 

about 

revenue 

recognition  

Example Type 

Figure 4 — This figure shows the results of the structural equation modeling that simultaneously tests the 

relationships among my manipulated variables, intervening measures, and my primary dependent measure. Shown 

next to each link are the t-statistics and p-values. Overall goodness of fit is measured through the Comparative Fit 

Index (99%) and the Tucker Lewis Index (98%), both of which measure the proportion of improvement in the fit of 

my model relative to a null model.  

 

Influence 
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APPENDIX A 

Materials - Transaction Description, Standard, and Manipulations 

 

Description of transaction given to all participants 

 

In early December of Year 1, CAP agreed to sell auto parts costing $14 million to 

manufacture.  The agreed upon sales price was $20 million. CAP has much experience 

with this customer and you are convinced that CAP will receive payment for the auto 

parts by December 27 of Year 1.  As this is typical for such orders, cash collection is not 

an issue.  Delivery is to occur upon customer request in January of Year 2.  

 

Some key elements of the transaction are as follows:  
Element 

1)  There is a clear business purpose for the customer to request delivery of the auto 

parts 

      in Year 2. 

2)   There is a written sales contract for the auto parts sale. 

3)   The auto parts will not be delivered on a fixed schedule. 

4)   The auto parts have not been physically separated. 

 

Revenue recognition standard given to all participants 

Revenues are generally recognized (1) when they are realized or realizable and (2) 

when they have been earned. Revenues are considered realizable when assets 

received or held are readily convertible into cash or claims to cash. Revenues are 

considered earned when the entity has substantially accomplished what it must do to 

be entitled to the benefits represented by the revenues.  

For sales contracts that specify delivery at a later date, various elements of the 

contract affect the likelihood that revenue recognition is appropriate at contract 

signing. No individual element of a contract guarantees whether revenue recognition 

is appropriate upon contract signing. 

 

Affirmative Example with first 2 elements weighted most 

You discover that the relevant accounting standard on revenue recognition is 

accompanied by the following example: 

 

In December of Year 1, the Seller arranged to sell $20 million in widgets to the 

Buyer. The Seller received the $20 million payment in Year 1, but delivery was 

scheduled for January of Year 2.  This transaction has the following elements: 
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APPENDIX A (continued) 

 

Element 

1) There is a clear business purpose for the customer to request delivery in 

Year 2. 

2) There is a written sales contract.  

3) The goods are to be delivered on a fixed schedule.  

4) The goods are physically separated. 

 

The standard indicates that, for the example above, when determining if it is 

appropriate to recognize revenue in Year 1, one must consider all individual elements 

of the transaction.  In addition, it indicates that one should give the most weight to 

Elements 1 and 2 when making this determination.   

 

Here, revenue recognition in Year 1 is likely to be the appropriate accounting 

treatment.   

 

 

Counter Example with all elements weighted equally 

You discover that the relevant accounting standard on revenue recognition is 

accompanied by the following example: 

 

In December of Year 1, the Seller arranged to sell $20 million in widgets to the 

Buyer. The Seller received the $20 million payment in Year 1, but delivery was 

scheduled for January of Year 2.  This transaction has the following elements: 

 
Element 

1) There is not a clear business purpose for the customer to request delivery in 

Year 2. 

2) There is not a written sales contract.  

3) The goods are not to be delivered on a fixed schedule.  

4) The goods are not physically separated. 

 

The standard indicates that, for the example above, when determining if it is 

appropriate to recognize revenue in Year 1, one must consider all individual elements 

of the transaction.  In addition, it indicates that one should give the same weight to 

each element when making this determination.   

 

Here, revenue recognition in Year 2 is likely to be the appropriate accounting 

treatment. 
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