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 This replication study examines the impact of level of detail (LoD) in 

unified modeling language (UML) on model comprehension, replicating a 

controlled experiment, which involved 53 MSc students at Eindhoven 

University of Technology. Using the same UML model and experimental 

design, we conducted the study with 23 MSc Computer Science students at 

Bina Nusantara University, Indonesia. Consistent with the original findings, 

higher LoD was found to enhance comprehension correctness. However, the 

effect on comprehension efficiency was weaker and not statistically 

significant, likely due to the smaller sample size and contextual differences 

in subjects’ backgrounds. Furthermore, we found a potential disconnect 

between perception and actual comprehension performance in the subjects 

receiving UML model with low LoD. Specifically, while they viewed the 

model favourably, their actual understanding may have been impaired by the 

limited information and therefore the perceived clarity and ease of 

comprehension are not reflective of the true comprehension. Overall, this 

study reinforces the importance of LoD in UML modeling and highlights the 

need for further replication, particularly in contexts involving professional 

software engineers. 
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1. INTRODUCTION 

The unified modeling language (UML) is a standard notation widely adopted for visualizing, 

specifying, and documenting software systems. UML plays a critical role in both software engineering 

research and industrial practice. Previous studies, for example in [1], [2] have highlighted diverse modeling 

styles and levels of rigor in using UML; however, few have examined how these variations impact 

development outcomes such as model comprehension. Our previous study [3], involving 53 MSc students at 

Eindhoven University of Technology, demonstrated that a higher level of detail (LoD) in UML class and 

sequence diagrams significantly improves model comprehension, both in terms of correctness (percentage of 

correct answers) and efficiency (correct answers per unit time). This replication study aims to validate those 

findings by repeating the experiment with 23 MSc students from Bina Nusantara University, Indonesia. 

In practice, the variation in UML modeling rigor manifests in differing degrees of completeness, 

granularity, and proportion within models. Despite its relevance, the effect of modeling style, particularly 

LoD, on model comprehension remains underexplored. In our previous study [3], we reviewed early works 

on UML visualization (e.g., Purchase et al. on class diagram notations [1]), comparative analyses of diagram 

types (e.g., Otero and Dolado on sequence vs. collaboration diagrams [2]), and modeling rigor (e.g., Briand et 

https://creativecommons.org/licenses/by-sa/4.0/
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al. on OCL constraints [4]). At the time, the role of LoD in UML diagrams-that is, as a potential factor 

affecting model comprehension, was still largely unexplored. Since 2009, however, research on UML 

comprehension has evolved significantly. Recent work in this area can be categorized into three research 

areas: (1) the impact of the level of detail in UML diagrams, (2) the impact of using different UML diagram 

types, and (3) the impact of diagram layout and visualization techniques. 

Fernandez-Saez et al. [5] investigated how LoD in use case, sequence, and class diagrams influences 

software maintenance. Using two Java systems and 11 student participants, they found a slight tendency 

toward better results with low-LoD diagrams. However, due to the small sample size, these results were 

considered preliminary. A series of related experiments by Scanniello et al. focused on how UML analysis and 

design models influence code comprehension and modification tasks [6]-[9]. Across 12 controlled experiments 

with participants of varying expertise, they found that analysis-phase UML models may hinder code 

comprehension and increase task completion time, while design-phase models improve comprehension 

outcomes. Another dimension of LoD involves the use of UML stereotypes. Cruz-Lemus et al. [10] evaluated 

the impact of stereotypes on sequence diagram comprehension, using the cognitive theory of multimedia 

learning (CTML) as a theoretical basis. Their experiments revealed that stereotypes significantly aid semantic 

comprehension and retention, especially among domain novices. Ricca et al. [11] found that while stereotypes 

do not generally improve comprehension, they help reduce the performance gap between less experienced and 

more experienced developers. Similar investigations on UML stereotypes include works by [12]-[14]. 

Several studies have assessed whether specific types of UML diagrams affect model comprehension. 

Torchiano et al. [9] examined the benefit of adding UML object diagrams to class diagrams. In a family of four 

controlled experiments with undergraduate and graduate students, they found that object diagrams improved 

comprehension only among more experienced participants, with no measurable time advantage. Felderer et al. 

compared activity diagrams and state machines in the context of test case derivation [15]. Their experiment with 84 

students showed that while activity diagrams were more comprehensible, they led to more errors. The findings 

suggest that model understanding and error-prone behaviour in test design are not necessarily correlated. Similarly, 

Abrahao et al. conducted five experiments involving 112 participants (students and professionals) to assess the 

impact of UML sequence diagrams on understanding functional requirements. Results indicated that sequence 

diagrams significantly enhance comprehension for high-ability and experienced users [16]. 

Another critical factor in UML comprehension is diagram layout. Examined how diagram size, used 

as a proxy for layout complexity, affects understanding [17]. The findings showed a negative correlation 

between diagram size and performance, leading to guidelines recommending 20–60 elements per diagram for 

optimal comprehension. Sharif et al. [18] extended this work by evaluating different layout strategies in 

UML class diagrams. They found that multi-cluster layouts improve comprehension accuracy, reduce 

completion time, and lower visual effort, especially for complex modeling tasks. 

While there have been many studies conducted to evaluate the impact of different styles of using 

UML on software development and maintenance, we argue that the results are far from conclusive. Therefore 

in this study we extend previous research by replicating a controlled experiment on LoD originally conducted 

in [3]. Similar to the original study, LoD is defined as the amount of information used to represent UML 

modeling elements. For sequence diagrams, a message could be an informal label, a method name, or a 

method with parameters. For class diagrams, LoD includes class attributes, operations, association names, 

directionality, and multiplicity. Low LoD uses minimal elements (e.g., class names, basic associations), while 

high LoD adds detailed specifications. By conducting this replication experiment, we aim to validate findings 

in our original study in a different experimental context.  

Replication serves a crucial role in strengthening empirical evidence by validating previous findings 

across different contexts and conditions [19]. Unfortunately, replication is relatively rare in software 

engineering research [20]. By conducting this study, we aim to contribute in addressing the well-recognized 

scarcity of replication studies in software engineering research, which are essential for validating the 

generalizability and robustness of empirical findings. Nevertheless, a successful replication does not imply 

identical outcomes; even differing results can yield valuable insights and contribute to a deeper 

understanding of the studied phenomena. 

 

 

2. METHOD 

This study involved 23 MSc students in Computer Science at Bina Nusantara University, Jakarta, 

Indonesia, in 2024. The experiment was a mandatory assignment with adjusted grading to account for LoD 

treatments. Subjects had basic UML training through coursework, comparable to the original subjects. 

Following the definition in [19], this paper presents an exact and dependent replication. An exact replication 

attempts to follow the original study’s procedures as closely as possible, while a dependent replication retains 

the same or similar experimental conditions. 
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2.1.  Variables in the experiment 

Identical to the original experiment, the independent variable was LoD (low LoD vs. high LoD), 

manipulated by varying information in UML class and sequence diagrams. The dependent variable in the 

experiment was model comprehension. Model comprehension was defined as the ability of the subjects to 

understand concepts/constructs described in a UML model. We defined two aspects of model 

comprehension, namely comprehension correctness and comprehension efficiency: 

− Comprehension correctness: Percentage of correct answers to a 15-question questionnaire. 

− Comprehension fficiency: Number of correct answers divided by total time spent. 

Both correctness and efficiency were measured in a ratio scale. We use the term comprehension correctness 

and comprehension efficiency to refer to correctness and efficiency, respectively. 

 

2.2.  Hypotheses formulation 

In replicating the original study on the role of LoD in UML models, we adopted the same 

hypotheses to examine its impact on model comprehension. 

Hypothesis 1 (Comprehension Correctness) 

− H1,null: There is no significant difference in comprehension correctness between subjects working with 

UML diagrams modeled with high versus low LoD. 

− H1,alt: The use of UML diagrams with high LoD significantly improves subjects’ comprehension 

correctness. 

Hypothesis 2 (Comprehension Efficiency) 

− H2,null: There is no significant difference in comprehension efficiency between subjects working with 

UML diagrams modeled with high versus low LoD. 

− H2,alt: The use of UML diagrams with high LoD significantly improves subjects’ comprehension 

efficiency. 

Note that we stated one-tailed hypotheses because we had prior predictions that LoD in UML 

diagrams will increase both comprehension correctness and comprehension efficiency. 

 

2.3.  Experiment instruments 

This section presents the materials used in the replication experiment. We begin by describing the 

UML model artifacts, followed by the model comprehension questionnaire, background questionnaire, and 

feedback questionnaire. All materials used in this replication were based on those from the original study. 

 

2.3.1. The UML model 

The subject of the replication experiment was a UML model representing a library system, 

originally adapted from the model described in [21]. Each subject was provided with a document containing 

the UML model. To examine the effects of LoD on model comprehension, two versions of the UML model 

were created (each model consisted of 23 UML diagrams), namely Model M-Low, which presents the library 

system with a lower level of detail, and Model M-High, which presents the same system with a higher level 

of detail. Four types of UML diagrams were used in the experiment. However, the experimental treatments 

were only applied to class and sequence diagrams. This decision reflects the findings in [22], which identified 

class and sequence diagrams as the most frequently used UML diagram types in practice.  

Table 1 summarizes the LoD treatments applied in the experiment. For class diagrams, model M-

high includes attributes, operations, and labeled associations, whereas model M-low omits these details. 

Some associations were labeled in m-low when essential for basic system understanding, to preserve 

information sufficiency. Across both versions, 20 classes were modeled. Model M-high included 23 

attributes and 123 operations, 14% of which were simple getter methods, often present in entity  

classes. Although getters are generally trivial, they were retained in some cases to support realistic 

interactions in the corresponding sequence diagrams. For sequence diagrams, treatments focused on the 

details of messages. In m-high, messages precisely reflect the operations defined in class diagrams, including 

parameters and return values. In contrast, M-low used dummy messages-that is, simple text labels without 

parameters or return types. Aside from the treatments listed, all other aspects (e.g., diagram layout) were kept 

consistent across both versions. Sequence diagrams were linked to use cases to illustrate how system 

functionality is executed via object interactions. The class diagrams provided static representations to support 

these dynamic views. 

Figure 1 shows an example of a class diagram represented using different levels of detail. A class 

diagram with Low LoD omits class attributes and methods. On the other hand, a class diagram with high LoD 

specifies all class attributes, methods, and other details such as method signatures and parameters.  
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Table 1. LoD treatments in the UML model treatments 
Diagram types Model elements M-low M-high # Diagrams 

Package diagram Package name Yes Yes 1 

Use case diagram 
Use case name Yes Yes 

2 
Actor name Yes Yes 

Class diagram 
Class attributes No Yes 

3 Class operations No Yes 

Association labels No Yes 

Sequence diagram 
Real method names No Yes 

17 Message parameters No Yes 

Message returns No Yes 

 

 

  
(a) (b) 

 

Figure 1. Example of UML class diagram with (a) low LoD and (b) high LoD 

 

 

2.3.2. Model comprehension questionnaire 

A model comprehension questionnaire was used to assess subjects’ understanding of the UML 

model. The questionnaire included questions specifically related to the library system and required subjects to 

derive their answers based solely on the information provided in the UML specifications. Its structure and 

content were aligned with those used in the original study to maintain consistency. To minimize ambiguity 

and potential bias, we followed questionnaire design guidelines as discussed by Oppenheim [23]. The 

question sheet contained 15 multiple-choice questions. Each question was composed of three main parts: (1) 

a diagram reference, (2) the question and options, and (3) a remarks section.  

 

2.3.3. Background and feedback questionnaire 

As in the original experiment, we employed the same background questionnaire to assess subjects’ 

prior knowledge and experience across four key domains: object-oriented design, object-oriented 

programming, UML, and familiarity with library systems. These factors were identified as potential 

confounding variables that might influence subjects’ performance in the model comprehension task. 

Subjects’ self-assessed knowledge and experience were measured using 10 Likert-scale items. An even-point 

Likert scale was chosen to reduce central tendency bias by discouraging the selection of a neutral middle 

point. This design encourages subjects to make more deliberate self-assessments. 

In addition, subjects were asked to complete a feedback questionnaire about their experience during 

the experiment. The same instrument as used in the original study was employed. This questionnaire aimed to 

gather qualitative and quantitative feedback that could inform further analysis and potential improvements to 

the experimental design. Subjects were asked to evaluate the UML model they received in terms of its 

perceived complexity, comprehensibility, consistency, detailedness, and clarity. They were also asked to rate 

various aspects of the experimental setup from their individual perspective. Except for the open-ended 

comment section, all items were assessed using a Likert scale. 

 

2.4.  Experimental design 

As in the original study, this replication followed a single-factor design with two treatments using a 

completely randomized design [24]. Each subject was randomly assigned to one treatment and interacted 
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with a single object (i.e., UML model), following a between-subjects design. This design choice was 

primarily driven by time constraints, as the experiment had to be completed in a single two-hour session. The 

experimental object was a UML model representing a library system. Subjects were randomly assigned to 

one of two treatment groups: Low LoD (L-LoD) or High LoD (H-LoD). Those receiving the less detailed 

model were placed in the L-LoD group, while those given a more detailed model were assigned to the H-LoD 

group. Both groups participated in the experiment in the same room, without any physical separation or 

visible group identifiers. This was done to reduce bias and avoid alerting subjects to the existence of multiple 

treatment conditions. To ensure statistical balance and simplify the subsequent analysis [24], we aimed for 

equal group sizes. The final group sizes were 11 for LLoD and 12 for H-LoD. 

Each subject received two materials: (1) a UML model of the library system (varying in level of 

detail), (2) an online questionnaire consisting of a model comprehension questionnaire, background 

questionnaire, and feedback questionnaire (all are identical across both treatment groups). The model 

comprehension questionnaire was the first task aimed at assessing subjects’ understanding of the UML 

model. Following the comprehension task, subjects completed the background questionnaire, which assessed 

their prior knowledge and experience related to object-oriented analysis and design, object-oriented 

programming, UML, and library systems. Lastly, the feedback questionnaire collected subjective impressions 

of the experiment from each subject. 

The experiment was conducted in a single session, starting at 09:00 and lasting for 90 minutes. 

Subjects were instructed to complete all tasks within this time frame. Subjects were randomly assigned to 

treatment groups at the start. A brief orientation was provided to explain the procedure, with written 

instructions also included in the model comprehension questionnaire. Unlike the original paper-based 

experiment, this replication used online questionnaires equipped with time-tracking features. The UML 

models were also provided digitally via an online repository. Upon completion, all responses were collected, 

preprocessed, and stored in a spreadsheet for analysis. 

 

2.5.  Analysis method 

The analysis began with manual preprocessing of the raw data collected from the questionnaires. 

Once processed, the data were imported into PSPP [25] for statistical analysis. The next step involved data 

exploration, including outlier detection and checking assumptions for statistical testing. Since the hypotheses 

focused on comparing group performance, we applied tests for differences between two independent groups: 

independent t-tests for parametric assumptions and Mann-Whitney tests otherwise. Given the higher 

statistical power of parametric tests, we prioritized them when assumptions were met. Normality and 

homogeneity of variance were assessed using the Shapiro-Wilk and Levene’s tests, respectively. If normality 

was violated, data were normalized using area transformation [26]. A significance level of α = 0.05 was used 

for all hypothesis tests. To assess the potential impact of subjects’ background knowledge and experience on 

performance, we conducted a two-way ANOVA using the same significance threshold. Finally, qualitative 

responses–that is, subjects’ written justifications for their answers were analyzed manually to identify 

patterns and reasoning differences across groups. 

 

 

3. RESULTS AND DISCUSSION 

To evaluate the effect of LoD on comprehension correctness and efficiency, we conducted an 

independent samples t-test. The summary statistics are presented in Table 2 and the test results are in Table 3. 

 

3.1.  Testing hypothesis 1: effect of LoD on comprehension correctness 

As shown in Table 2, the H-LoD group exhibited higher comprehension correctness than the L-LoD 

group. The mean value for H-LoD exceeded that of L-LoD, indicating a consistent advantage for greater 

detail. To evaluate the statistical significance of this difference, we conducted an independent samples t-test. 

The H-LoD group achieved a mean comprehension correctness of 64.46 (Std. error mean = 3.70), compared 

to 52.13 (Std. error mean = 4.21) for the L-LoD group. The t-test results in Table 3, focusing on the row 

comprehension correctness, confirmed this difference to be statistically significant (p = 0.02, one-tailed), 

indicating that the observed effect is unlikely due to chance. Based on these results, we reject the null 

hypothesis (H1,null) and accept the alternative hypothesis (H1,alt): The use of UML diagrams with higher 

LoD significantly improves comprehension correctness. 

 

3.2.  Testing hypothesis 2: effect of LoD on comprehension efficiency 

As shown in Table 2 there is no substantial difference in comprehension efficiency mean values 

between the H-LoD and L-LoD groups. Specifically, the H-LoD group achieved a mean efficiency of 0.18 

(Std. error mean = 0.02), while the L-LoD group scored 0.19 (Std. error mean = 0.03). Consistent with the 

earlier analysis, we conducted a t-test to test for statistical significance. The t-test results presented in Table 3 
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(see row comprehension efficiency) shows that the difference in means was not statistically significant  

(p = 0.40, one-tailed). Based on these results, we reject the second alternative hypothesis (H2,alt) and accept 

the null hypothesis (H2,null): There is no significant difference in comprehension efficiency between 

subjects working with UML diagrams modeled at high or low levels of detail. 
 

 

Table 2. group statistics for comprehension correctness and efficiency across  

low and high level of detail (L-LoD And H-LoD) groups 
Metric Group N Mean Std. dev. Std. error mean 

Comprehension correctness 
L-LoD 11 52.13 13.95 4.21 

H-LoD 12 64.46 12.82 3.70 

Comprehension efficiency 
L-LoD 11 0.19 0.11 0.03 
H-LoD 12 0.18 0.06 0.02 

 

 

Table 3. Independent T-Test for comprehension correctness and efficiency 

Metrics 
Lavene’s test T-test statistics 

F Sig. t df Sig. (1-tailed) M. Diff. SE Diff. 
95% CI Diff. 

Lower Upper 

Compr. correctness 0.67 0.42 -2.21 21.00 0.02 12.33 5.58 -23.94 -0.73 

Compr. efficiency 1.49 0.23 0.25 21.00 0.40 0.01 0.04 -0.07 0.09 

 

 

3.3.  Subjects’ background knowledge and experience 

Subjects’ background knowledge and experience were assessed through a subject’s background 

questionnaire. The questionnaire consisted of 10 items rated on a 6-point ordinal scale (1: No. 

knowledge/experience, 6: very good). To assess whether background differences might confound the 

experimental results, we compared overall knowledge/experience scores across groups. Each subject’s score 

was computed as the sum of all questionnaire responses, yielding a range of 10 to 60. Given the ordinal 

nature of the data, the Mann-Whitney U test was used. The results of the Mann-Whitney U test are presented 

in Table 4 and Table 5. As shown in Table 4 and Table 5, there was no statistically significant difference in 

background knowledge and experience between the two groups (p = 0.264). Since the significance level 

exceeds the conventional threshold of 0.05, we conclude that differences in prior knowledge and experience 

are unlikely to have influenced the main outcomes of this experiment. 

 

 

Table 4. Ranks of background knowledge/experience scores 
Group N Mean rank Sum of ranks 

L-LoD 11 10.36 114.00 

H-LoD 12 13.50 162.00 

 

 

Table 5. Mann-Whitney U test results 
Statistic Value 

Mann-Whitney U 48.00 

Wilcoxon W 114.00 

Z -1.12 
Asymp. Sig. (2-tailed) 0.264 

 

 

 

3.4.  In-depth analyses 

3.4.1. Per-question comprehension performance 

To gain a deeper understanding of how the LoD treatments influenced the subjects’ performance – 

that is, in terms of comprehension correctness, we conducted a qualitative analysis of their answers to the 

model comprehension questionnaire. 

Figure 2 presents a comparison of correct responses across both L-LoD and H-LoD groups. Overall, 

subjects in the H-LoD group performed better on most questions. Notably, for five questions, namely Q2, 

Q3, Q7, Q11, and Q14, the H-LoD group outperformed the L-LoD group by a substantial margin (at least 

three points). These questions appear to be key contributors to the overall difference in comprehension scores 

between the two experimental conditions. We examined four of these questions in more detail, as they 

exhibited the most pronounced performance gaps. 

− Q3: A common misconception among L-LoD subjects involved the interpretation of the pseudocode 

reservation.count within a sequence diagram. Many assumed that reservation referred to a class, whereas 

it actually denoted a conceptual entity, i.e., the total number of reservations. Although this 

misunderstanding was also observed among some H-LoD subjects, it was more prevalent in the L-LoD 

group, likely due to the lack of contextual clues in the low-detail diagrams. 

− Q7: Both groups struggled to correctly identify the function of controller classes. The distribution of 

answers suggests limited familiarity with the model-view-controller (MVC) design pattern. However, the 
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L-LoD group was significantly affected, likely due to the absence of attribute and operation information 

in their class diagrams, which hindered their ability to reason about class roles. 

− Q11: Only a few L-LoD subjects correctly identified the class responsible for instantiating the 

Reservation object in the Make Reservation sequence diagram. In contrast, H-LoD subjects benefited 

from additional visual cues, specifically the return message indicating the creation of a Reservation object 

by the Title class. This information was omitted in the low-detail version. 

− Q14: L-LoD subjects had difficulty selecting the correct pseudo-code snippet that represents the deletion 

of a book title based on the sequence diagram. Common errors involved misidentifying the relevant 

objects or incorrectly sequencing the deletion steps. We attribute this confusion to the absence of key 

details in the L-LoD diagrams, namely the lack of explicit messages and parameter information. 
 

 

 
 

Figure 2. Scores of all questions for the UML model questionnaire 
 

 

3.4.2. Subjects’ feedback 

In the feedback questionnaire, we asked the subjects to evaluate aspects of the UML model that 

comprise simplicity, comprehensibility, consistency, detailedness, and clarity. Data obtained from the 

questionnaire is presented in Figure 3. The figure displays the mode value of all questions, in which higher 

value represents better subject impression. Overall, subjects in both the L-LoD and H-LoD groups evaluated 

most aspects of the UML models favourably – particularly with respect to comprehensibility, consistency, 

detailedness, and clarity. However, a notable exception lies in the evaluation of simplicity: subjects in the H-

LoD group rated the model’s simplicity less favourably than those in the L-LoD group. Interestingly, despite 

the H-LoD group rating their model as more detailed (as expected), they perceived it as less simple. This 

suggests that the increase in model detail may come at the cost of perceived simplicity. 

Conversely, L-LoD subjects generally gave more favourable ratings across most quality dimensions, 

despite their models containing less information. These results raise notable observations – that is, perceived 

simplicity appears to be only partially influenced by the actual LoD in the model. This prompts a broader 

question of whether perceived model complexity is truly dependent on the amount of information present, or 

if it is more closely linked to layout, structure, or individual cognitive bias. Furthermore, the positive 

evaluations from L-LoD subjects suggest a disconnect between perception and actual comprehension 

performance. Specifically, while subjects viewed the model favourably, their actual understanding may have 

been impaired by the limited information. This implies a form of illusion of understanding, where users are 

unaware that their perceived clarity and ease of comprehension are not reflective of their true comprehension. 
 

 

 
 

Figure 3. Subjects’ perception of the UML model 
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3.5.  Discussion 

In this study, we have found that UML diagrams with high LoD significantly enhance 

comprehension correctness. However, the effect on comprehension efficiency was not statistically 

significant. In the original study, higher LoD in UML diagrams significantly improved both comprehension 

correctness and efficiency. We identify two reasons that might explain the weaker effect on comprehension 

efficiency. First, a weaker effect on comprehension efficiency might be attributed to the smaller sample size 

(23 subjects) compared to the original (53 subjects), which likely reduced the statistical power. Second, it is 

also plausible that the students at Bina Nusantara University, who had primarily theoretical exposure to UML 

through coursework, may not have benefited from the higher LoD to the same extent as the students at TU/e. 

The latter resonates with the findings of Cruz-Lemus et al. [13], which suggest that increased detail may 

overwhelm novice users, particularly in smaller or less experienced samples. This discrepancy in practical 

experience may have moderated the impact of LoD on comprehension efficiency. 

From a research perspective, the result of this study resonates well with previous work conducted by 

the researcher [6]-[8], [10]. Further, this replication contributes to the relatively limited pool of empirical 

replication studies in software engineering, thereby strengthening the evidence base regarding the role of 

LoD in model comprehension. The results also demonstrate that prior findings are transferable across 

different contexts-that is, our study was conducted with a distinct subject population (Indonesian MSc 

students) and more than a decade after the original experiment. 

From a practical standpoint, one important takeaway of this study is that software engineering 

educators and practitioners should prioritize including sufficient detail in UML diagrams, particularly when 

they are intended for communication or instructional purposes. Although simplified models may reduce 

visual complexity, they risk omitting critical semantic cues that aid comprehension, especially for novice or 

less experienced stakeholders. It is also important to note that UML models with low LoD might cause an 

illusion of understanding, where users are unaware that their perceived clarity and ease of comprehension are 

not reflective of their true comprehension. 

Therefore, we suggest three practical recommendations for using UML diagrams. First, use multiple 

UML diagram types to represent multiple viewpoints, namely use case diagram (system requirements), 

sequence diagram (component interactions), and class diagrams (structural relationships). Second, specify 

important attributes or concepts across UML diagrams. For example, all classes in a class diagram must specify 

class attributes and methods essential for understanding the system. Similarly, all messages in sequence 

diagrams must also specify critical message parameters. Finally, maintain consistency across all UML diagrams 

– for example, messages appearing in a sequence diagram must also be consistently specified in the class 

diagram. It is also important to note that UML modeling tools could be enhanced to support flexible views, 

allowing users to toggle between low and high LoD presentations depending on the task or audience needs. 

Considering the aforementioned points, further work is still needed to investigate LoD in UML 

models. In particular, we underline the importance of conducting more experimental replications to validate 

the results of this study. Furthermore, with the advancement of tooling that aids software engineers in 

creating and maintaining UML diagrams, including those powered by Generative AI, it is important to 

investigate the impact of LoD in such contexts. 

 

3.6.  Threats to validity 

We recognize several potential threats to the validity of our findings. First, internal validity may be 

affected by uncontrolled factors, such as individual differences in prior UML knowledge, reasoning ability, 

or familiarity with the problem domain. While we ensured that all subjects had received comparable UML 

training, we did not assess their prior experience in depth. Second, the fact that the subjects were MSc 

students may limit external validity, i.e., reducing generalizability to industrial practitioners. Third, the 

measures for comprehension correctness and efficiency rely on a 15-question questionnaire. While the 

questions were carefully designed to reflect understanding of the UML model, they may not capture the full 

complexity of model comprehension in real-world settings, which may affect construct validity. Finally, 

statistical power may be limited due to the relatively small sample size, which may affect the conclusion 

validity. Despite these limitations, our study provides valuable insights into the role of LoD in UML model 

comprehension and offers a solid foundation for further empirical work in this area. 

 

 

4. CONCLUSION 

This study replicates an earlier experiment investigating the role of LoD in UML models on model 

comprehension. While the original study concluded that higher LoD significantly improves both 

comprehension correctness and efficiency, it also called for further replication. Our replication confirms that 

higher LoD improves comprehension correctness among 23 MSc Computer Science students at Bina 
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Nusantara University. However, the effect on comprehension efficiency was not statistically significant, 

likely due to the smaller sample size and contextual factors such as students’ theoretical background and 

limited practical modeling experience. These findings reinforce the relevance of LoD and highlight the need 

for carefully balancing detail and clarity in UML diagrams. Based on these results, we also highlight three 

practical recommendations for using UML diagrams. First, use multiple UML diagram types to represent 

different viewpoints. Second, specify important attributes or concepts across UML diagrams. Finally, 

maintain consistency across all UML diagrams. 

Future research should consider: (1) conducting replication studies with larger and more diverse 

samples, including professional software engineers, (2) investigating the impact of advanced tooling that can 

be used to assist software engineers in maintaining UML models of varying levels of detail, including those 

augmented with Generative AI. Such efforts would contribute to a deeper understanding of how visual detail 

supports model comprehension and inform better modeling practices in both academia and industry. 
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