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 This study investigated students’ informal inferential reasoning (IIR) levels 

when interpreting and comparing box plots. This case study purposively 

selected 36 grade 9 students from a public secondary school in Bangkok, and 

29 complete worksheets were analyzed. Using content analysis, the 

responses were iteratively coded using Pfannkuch’s four levels of IIR (levels 

0-3). Responses were distributed across all four levels, predominantly at 

levels 2 and 3. Level 0 responses identified single values without comparing 

distributions, while level 1 responses relied on everyday visual descriptions 

with limited statistical evidence. Level 2 responses justified conclusions 

using a single distributional feature, whereas level 3 responses coordinated 

multiple distributional features but often reflected area-represents-frequency-

schema heuristics. Instructional design should emphasize integrating 

multiple distributional features to strengthen reasoning. These findings 

provide guidance for supporting students’ IIR through box plot instruction. 
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1. INTRODUCTION  

Inferential reasoning, the process of drawing conclusions from data to inform decisions, is a 

fundamental statistical skill that underpins the development of students’ critical thinking [1]−[3]. This form 

of reasoning can be nurtured through activities that encourage students to informally explore data patterns, 

generate hypotheses, and justify conclusions about larger populations [4]−[6]. This emphasis is consistent 

with the aims of teaching and learning statistics in Thailand [7]−[9].  

Inferential reasoning has traditionally been taught in higher education through formal methods, such 

as probability and hypothesis testing [10]−[13]. However, statistics education increasingly emphasizes 

informal inferential reasoning (IIR) to help students reason from data before learning formal procedures [10]. 

IIR is viewed as a bridge between descriptive statistics and formal inference, supporting statistical learning 

[3], [14]−[16]. In this study, IIR refers to the use of sample data to make and justify claims about a broader 

population or process by attending to distributions, variability, and context without relying on formal 

inferential methods [10]−[12], [17], [18]. 

Box plot, introduced by Tukey [19], is widely used in exploratory data analysis to summarize 

central tendency and variability and to compare groups efficiently [19]. However, its introduction in school 

education varies internationally (e.g., around age 12 in the United States, around age 14 in Japan, and around 

age 15 in Thailand and parts of Europe), reflecting its conceptual difficulty [17], [20]−[22]. A meaningful 

interpretation requires an understanding of the five distributional features (minimum, first quartile (Q1), 

https://creativecommons.org/licenses/by-sa/4.0/
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median, third quartile (Q3), and maximum). However, research consistently shows that students find these 

ideas challenging [19], [20]. 

According to Bakker et al. [23], students often struggle to interpret the median as representative and 

may treat quartiles as indicators of data density. Lem et al. [24] found that students frequently rely on visual 

heuristics, such as assuming that wider boxes contain more data or that higher positions indicate greater 

frequency, rather than using statistical reasoning. These errors reflect not only limited statistical 

understanding but also the perceptual features of box plots. Lem et al. [25] further showed that many students 

apply the area-represents-frequency schema (ARFS), mistakenly believing that a wider box means more data, 

reflecting an incomplete understanding of variability and the interquartile range (IQR). More recently,  

Abt et al. [26] identified distinct cognitive profiles in students’ box plot reasoning, ranging from conceptual 

interpretations to hybrid or persistent ARFS-based approaches. Together, these studies suggest that students’ 

difficulties are rooted in underlying conceptual schemas rather than in surface-level misconceptions. 

Therefore, instruction needs to explicitly confront and restructure these schemas and not only reinforce 

procedural skills. 

In Thailand, box plot is introduced in grade 9, and the curriculum emphasizes distribution, central 

tendency, and variability [9], [22]. Thus, interpreting and comparing box plots can provide a context for 

developing IIR. However, research shows that students often rely on superficial visual features or single 

values with limited distributional and variability-based reasoning [13], [17], [27]. 

Konold and Pollatsek [28] found that although many students can compute the mean, they struggle 

to interpret it as representing group tendencies when they view data as a mixture of signal and noise, making 

informal inference difficult. Pfannkuch [17] similarly reported that New Zealand students often rely on basic 

numerical comparisons, showing limited attention to distribution and variability. Difficulties with uncertainty 

also persist among older students. For example, Kazak et al. [29] showed that 17-18-year-olds analyzing 

large datasets often make overly certain claims and rely heavily on contextual knowledge despite underlying 

uncertainty. Estrella et al. [27] found that grade 3 students can generalize beyond observed data and 

coordinate context with evidence, yet they still struggle to express uncertainty and recognize variability 

explicitly. Together, these studies suggest that students’ IIR is frequently constrained by limited 

distributional reasoning and weak attention to uncertainty. 

Despite these challenges, research shows that IIR can be fostered under supportive conditions.  

Ben-Zvi [30] demonstrated that scaffolding with growing-sample heuristics in a TinkerPlots environment can 

support aggregate reasoning, attention to variability, and data-based argumentation. Paparistodemou and 

Meletiou-Mavrotheris [31] reported that even grade 3 students can formulate and evaluate data-based 

inferences when supported by dynamic software. Kazak et al. [32] found that simulations and dialogic talk 

helped 11-year-olds move from intuitive judgments toward more probabilistic reasoning. Henriques and 

Oliveira [33] showed that tasks involving question posing, data collection, and analysis can foster grade 8 

students in generating informal inferences and using probabilistic language. Collaborative settings also 

appear beneficial, as peer interaction can deepen IIR by drawing on shared experiences and collective 

reasoning [6], [34]. This development can begin from the earliest years of schooling [6], [35]−[37]. 

Taken together, prior studies show persistent difficulties in using distributional features such as the 

median, IQR, and spread to justify informal inferences, even when students engage with rich tasks and 

technological tools. These difficulties are especially visible when students interpret and compare graphical 

representations of distributions, including box plots. However, most of this research was conducted in a 

Western context, and comparatively little is known about how Thai lower secondary students engage in IIR. 

This gap matters because box plot is introduced relatively late in Thailand and are intended to support 

reasoning about variability and distribution [9], [22].  

Therefore, this study investigates how Thai lower secondary students interpret and compare box 

plots in real-world contexts. Using Pfannkuch’s IIR framework [17], we examined the extent to which 

students demonstrate different IIR levels and how they use distributional features to justify their claims. The 

research question is: To what extent do Thai lower secondary school students demonstrate different levels of 

IIR when interpreting and comparing box plots? This study provides an empirical examination of students’ 

IIR in Thailand. By applying an established IIR framework, it offers insights that may help refine theoretical 

understanding and inform educational practices in statistics education. 

 

 

2. METHOD 

2.1.  Design and participants 

This study was grounded in an interpretivist qualitative paradigm, which assumes that knowledge is 

constructed through human meaning-making rather than existing as an objective fact [38]. This philosophical 

stance aligns with the aim of the study [39] in interpreting students’ reasoning processes rather than 
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measuring quantitative outcomes [38], [40]. Accordingly, a qualitative case study design was adopted to 

provide an examination of how students level IIR when interpreting box plots [41], [42]. This design was 

appropriate because diagnosing IIR requires interpreting the structure of students’ reasoning and not merely 

evaluating correctness. A qualitative case study also supports an in-depth analysis of written responses to 

identify patterns of reasoning across IIR levels. 

 The case study comprised 36 grade 9 students from a public secondary school in Bangkok, who 

were selected through purposive sampling. This school was chosen because the students had learned a 

statistical investigation approach since grade 7. This approach emphasizes posing statistical questions, 

collecting and organizing real data, representing distributions, and interpreting results to make evidence-

based claims [43]. As a result, by grade 9, students were expected to have developed a classroom culture and 

habits of data-based reasoning, making this setting theoretically and contextually appropriate for diagnosing 

IIR levels and examining students’ statistical reasoning. 

 Participants were 36 students aged 14-15 years. This sample size was appropriate for qualitative 

interpretive inquiry [42] because the purpose was not to generalize the findings to all Thai students but rather 

to capture the level of students’ IIR. Through written responses and iterative analyses, the sample enabled the 

identification of distinct reasoning patterns and IIR levels.  

 

2.2.  Instrument 

The research instrument was a worksheet titled Comparing Internet Speeds, developed by the first 

author and adapted from Okamoto et al. [44]. The task was revised to reflect the Thai educational context and 

align with students’ cognitive levels, following the design principles of problem situations [45], [46] to 

strengthen its content validity, as shown in Figure 1. To further establish content validity, the instrument was 

reviewed by a focus group consisting of three mathematics education experts, two experienced secondary 

mathematics teachers, and one mathematics teacher educator. Based on their feedback, the context was 

refined to be more authentic and relevant to students’ experiences, while the task instructions and conditions 

were clarified and streamlined prior to classroom implementation. 

 

 

 
 

Figure 1. Worksheet, comparing internet speeds, adapted from Okamoto et al. [44] 

 

 

2.3.  Data collection 

Data were collected using a cross-sectional design [47] during the first semester of the 2024 

academic year. The “comparing internet speeds” worksheet was administered during a regular mathematics 

lesson by the class teacher (the second author) to maintain naturalistic classroom conditions and reduce 

anxiety. The first author attended only as a non-participating observer and had no prior teaching relationship 

with the students [48]. Before data collection, the researchers obtained ethics approval and informed consent 

from the school, teacher, and students, and anonymized all responses in accordance with educational research 

ethics guidelines [49], [50]. 

Of the 36 worksheets collected, 29 contained complete written responses that were retained for 

analysis. This sample size is appropriate for a case study, where the goal is to examine reasoning in depth 

within a bounded case rather than to make broad generalizations [42]. During coding, no new IIR categories 

appeared, indicating that data saturation had been achieved. The students were from a regular grade 9 class 

following the Thai national curriculum, representing a typical range of abilities and learning experiences. This 

number of responses, therefore, allowed for detailed coding and meaningful interpretation of students’ IIR. 
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2.4.  Data analysis 

Data were analyzed using qualitative content analysis [51], which suited the interpretation of written 

student responses. Data were managed and coded using NVivo (version 14.23). Students’ responses were 

segmented by question, yielding 58 analyzable items. These were categorized according to Pfannkuch’s [17] 

IIR framework (level 0-3, as shown in Table 1), ranging from single-value reading to integrated distributional 

reasoning. First, the authors jointly reviewed Pfannkuch’s framework to establish a shared conceptual 

understanding and ensure interpretive consistency. Next, each author independently read the full database to 

become familiar with the responses. Coding was then conducted collaboratively, with discrepancies 

discussed and resolved through consensus. For example, the response from item 5 (question 1) “Company A, 

because it has the highest maximum,” was coded as level 0 because it relied on a single isolated value (the 

maximum) rather than a comparison of distributions. 

Trustworthiness was further enhanced through iterative analysis [9]. The dataset was coded twice, 

one month apart (July and August 2024), to confirm the stability of the emerging categories and reinforce the 

reliability of the interpretations. The results are presented descriptively and reflect the systematic patterns of 

students’ IIR. 

 

 

Table 1. Level of students’ IIR 
Level Description 

0 Students are able to read single values from a graph (e.g., identifying the median as 200) and may perform simple 
calculations (e.g., IQR). However, they are not yet able to explain or compare data in terms of the overall distribution 

represented in the box plot. 

1 Students begin to compare data by treating the box plot primarily as a picture, providing descriptions in everyday language. 
At this level, students lack clear connections to statistical meanings. 

2 Students interpret the shape of the box plot in statistical terms, moving beyond surface-level descriptions. They use language 

that connects the graphical representation with concepts of data distribution. 
3 Students use statistical language fluently and integrate evidence from multiple aspects of the box plot to form judgments. 

They are able to weigh evidence appropriately and use it in making decisions. 

Source: authors’ analysis (2025). 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Results 

As the purpose of this study was to examine grade 9 students’ IIR when interpreting and comparing 

box plots, 58 written responses were analyzed. Students’ reasoning was distributed across all four IIR levels, 

with most responses concentrated at levels 2 and 3. The distribution of responses across levels is summarized 

in Figure 2. 

 

 

 
 

Figure 2. Summary of IIR levels 

 

 

3.1.1. Level 0 of students’ IIR 

A closer look at level 0 responses showed that students could identify single values from box plots 

(e.g., maximum, minimum, quartiles, and IQR). However, when asked to explain their reasoning on the 

worksheet, no interpretation or comparison of the overall distribution was made. Examples of level 0 

responses are presented in Table 2 
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Table 2. Level 0 of students’ IIR 
Item Question Students’ written 

5 Q1 “Company A, because it has the highest maximum.” 
45 Q1 “Company C because the data is the most distributed.” 

12 Q2 “Choose B because it is the most stable.” 

46 Q2 “Choose C because the company offers speed that is fast and reliable. For using the service, it gives confidence 
to use this company, as the service will be more efficient than other companies.” 

 

 

For Q1, reasoning was often based on a single, easily identifiable value, such as the maximum (item 

5) or vague references to spread (item 45). For Q2, justifications were mostly non-statistical, relying on 

general impressions of stability (item 12) or subjective ideas of reliability (item 46). Overall, level 0 

responses showed that students relied on isolated values or personal impressions with little ability to combine 

the features of the distribution. 

 

3.1.2. Level 1 of students’ IIR 

At level 1, students began to compare the data but relied primarily on visual impressions rather than 

statistical reasoning when interpreting box plots and describing what they observed in everyday language. 

Their links to distributional evidence were generally unclear. Level 1 responses appeared only for Q1. Some 

students referred to the shape or position of the box plots (item 31), but their reasoning remained largely 

descriptive. Others mentioned the maximum value (items 13 and 37), yet these observations were not 

integrated into comparative arguments across all companies. Overall, level 1 reflects a transition from 

reading individual data points to making descriptive comparisons, although students' reasoning remained 

grounded in visual impressions rather than evidence drawn from the distribution. Representative examples of 

level 1 responses are presented in Table 3. 

 

 

Table 3. Level 1 of students’ IIR 
Item Question Students’ written 

13 Q1 “Company A is fastest because [we] can see from the maximum.” 

31 Q1 “Company B because the box is in the fast speed area.” 

37 Q1 “Company A because the maximum is 53 Mbps.” 

 

 

3.1.3. Level 2 of students’ IIR 

At level 2, students used statistical terms and began linking everyday language with box plot 

features, showing a shift toward reasoning with distributional features. In Q1, students identified features 

such as the median (item 7), IQR, and minimum (item 19), demonstrating an emerging ability to interpret 

multiple characteristics of the box plot rather than focusing on a single value. In Q2, they associated terms 

such as "distributed" with stability (items 32 and 52). Although these explanations were sometimes unclear, 

they suggest progress in connecting statistical reasoning with contextual interpretation. Representative 

examples of level 2 responses are presented in Table 4. 

 

 

Table 4. Level 2 of students’ IIR 
Item Question Students’ written 

7 Q1 “Company B, because it has the highest median.” 

19 Q1 “Company C because the IQR is widest and the minimum speed is the highest among others.” 

32 Q2 “Choose Company C because it is the most distributed, meaning there is the possibility that the grandfather 
can use more stable internet.” 

52 Q2 “Choose Company C because it is the most distributed, the most stable.” 

 

 

3.1.4. Level 3 of students’ IIR 

At Level 3, students used statistical language more fluently and combined multiple features of the 

box plots, center, spread, and location on the scale to make decisions. Some students also performed 

calculations to support these claims. Examples are presented in Table 5. 

These responses showed that students could coordinate evidence, weigh a high maximum speed 

against the position of the IQR  (items 50), explicitly compare companies, and sometimes use calculations 

(item 36). Some misinterpreted the spread, assuming that a larger IQR indicated greater stability (items 17 

and 18). Nonetheless, they demonstrated level 3 reasoning by simultaneously drawing on multiple features 

and balancing the competing evidence. 
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Table 5. Level 3 of students’ IIR 
Item Question Students’ written 

17 Q1 “Company C because the IQR is maximum; when the IQR is maximum the internet will have the most stable fast 
rate.” 

18 Q2 “I would choose Company C because its IQR is the largest (most stable). If not C, then D may be appropriate 

because its IQR is next after C.” 
36 Q2 “I choose Company B because it has the most stable area; the IQRs are 10.5, 8, 16, and 14 for A-D, respectively.” 

50 Q2 “Choose Company B: although A has the highest maximum, its overall range is largest and the IQR sits in a 

lower-speed region; B’s maximum is lower, but its IQR is in a higher-speed region.” 

 

 

3.2.  Discussion 

3.2.1. Level of IIR of students 

Regarding student levels, among the 58 responses, level 2 was the most common, followed by level 

3, level 0, and level 1. Thus, level 2 was the most frequent level. At this level, students could identify and 

interpret the features of the box plot in statistical terms and begin to connect them to the idea of distribution. 

Some students reached level 3, in using statistical language more confidently, combining several features, 

and justifying their choices. 

However, many students still find integrating multiple features and weighing evidence challenging, 

a difficulty that has also been reported in several studies [17], [28], [29]. One possible explanation may relate 

to students’ cognitive development of the box plot. Box plots are initially perceived mainly as pictures. As 

statistical understanding develops over time, students begin to decode these pictures and eventually make 

judgments and arguments regarding the relevant data features [17], [24], [26]. Therefore, the links between 

fluency in decoding box plots, ability to evaluate evidence, and capacity to form reasoned judgments are 

central to IIR development. 

Level 2 responses often mentioned one or two features, such as the median, IQR, or minimum, and 

linked them to distributional ideas. Progress to level 3 appeared to be limited by two main barriers. The first 

was feature isolation: students focused on one feature at a time (for instance, “the median is higher”) instead 

of combining center, spread, and location into a coherent argument. To address this barrier, teachers can use 

structured comparison tasks that prompt students to integrate multiple features when justifying which 

distribution is preferable. The second barrier was terms such as “distributed” and “stable,” which were 

sometimes misused and caused confusion. For example, some students described a larger IQR as “more 

stable,” although it actually represents greater variability. The common misinterpretation among students at 

levels 2 and 3 regarding IQR, such as believing that a wider distribution indicates greater stability, is a 

misconception consistent with findings from previous research. Lem et al. [24], [25] showed that students 

often interpret the width of the box as reflecting stability rather than variability, guided by visual heuristics, 

whereas Abt et al. [26] demonstrated that such reasoning can stem from overgeneralizing an ARFS. This 

suggests that ARFS is not only a misconception but also a critical mechanism limiting students’ progress 

toward evidence-based comparative judgments.  

To reduce ARFS-driven interpretations, instructional interventions should emphasize the conceptual 

meaning of quartiles. For instance, students can reconstruct a box plot from ordered data by marking the 

median and quartiles and explicitly stating that each segment represents one-quarter of the data. Pairing box 

plots with dot plots allows students to verify that a greater visual width reflects spread rather than stability. 

Additionally, comparison activities can require claims supported by multiple graphical features and explicit 

reasoning about why an area or width does not represent frequency. These activities shift students from 

perceptual cues toward statistical meaning. Together, these studies support our interpretation that students 

tend to prioritize perceptual cues over statistical meaning when interpreting IQR. In our context, this 

confusion likely stems from curriculum that emphasizes procedural calculation and visual comparison more 

than conceptual interpretation [8], [9], leading students to inaccurately transfer everyday meanings of words 

such as “stable” and “spread” into statistical contexts. 

In contrast, level 3 responses demonstrated the integration of evidence. These students combined 

multiple features, sometimes performed calculations, and explained trade-offs; for example, they recognized 

that one company had a higher maximum speed, whereas another offered greater consistency. Nevertheless, 

for most students, a major challenge was the lack of prompts that encouraged them to weigh competing 

evidence or generalize beyond the sample, both essential aspects of IIR. Notably, although some students 

reached level 3, their reasoning reflected only the intermediate stages of the criteria; more advanced forms of 

IIR still require further development.  

A notable finding was that a substantial proportion of students produced level 3 responses. We do 

not claim a causal effect. Rather, we provide two theoretically informed interpretations that warrant further 

empirical testing. First, this class had prior exposure to statistical investigations [43], although often in 
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incomplete cycles. Such exposure may have provided opportunities to reason with distributions and to justify 

claims from data, which are foundational aspects of IIR. This interpretation is grounded in research 

conceptualizing IIR as emerging from engagement in investigative practices through which students learn to 

coordinate evidence and construct arguments that extend beyond the observed sample [12], [17], [18]. From 

this perspective, even partial opportunities to participate in investigation-oriented activity may support the 

evidential coordination characteristic of level 3. However, because we did not directly measure individual 

students’ prior experiences or compare classes with different levels of exposure, we present this as a 

theoretical conjecture rather than an established explanation.  

Second, task features likely shaped the observed reasoning. Although the task was contextualized 

for students and adapted from a problem-solving textbook [44], it did not provide explicit decision criteria or 

prompts to consider uncertainty or links to the population. Consequently, many students’ reasoning remained 

at the level of descriptive reading of the graphs (level 2). This finding aligns with those of Estrella et al. [52], 

who reported that when tasks do not guide students to weigh the evidence, they tend to focus on describing 

graphical features rather than making inferences. Taken together, the results suggest that the task supported 

students’ IIR but did not systematically elicit stronger evidence-weighing and generalization. Future work 

should examine these interpretations through interviews or classroom observations of prior instruction and by 

comparing classes with different levels of investigation-oriented experience. 

Although this study represents a single-school case, the findings suggest transferability to similar 

contexts in which box plots are taught primarily through computation and visual comparison. The barriers 

identified feature isolation, everyday-language interference, and ARFS-related visual heuristics align with 

challenges reported in prior research [17], [23]−[29]. Viewed this way, the study clarifies mechanisms that 

may constrain students’ progress from IIR level 2 to level 3, informing task design and instruction in 

comparable settings. 

In terms of practical implications, these findings suggest several directions for educational practice 

and policy. For classroom practice, teachers may need to design and implement tasks that explicitly require 

students to compare competing claims, justify their choices using multiple features (center, spread, and 

shape), and articulate uncertainty. In addition, teachers may explicitly target ARFS by connecting box plots 

to previously learned concepts, such as dot plots, and by rebuilding the box plot tasks that foreground 

quartiles as equal-frequency partitions. For curriculum and policy, the results highlight the importance of 

embedding opportunities for statistical investigation and IIR within the intended curriculum rather than 

focusing predominantly on computation and graph reading. Strengthening these aspects may help students 

progress from descriptive reasoning (level 2) to more integrated and balanced inferential judgments (level 3). 

Overall findings are also in line with those of Konold and Pollatsek [28] and Estrella et al. [52], 

which indicates that while most students can compute and understand basic statistical values, they often 

struggle to interpret what these representations show (in this case, box plots). Similarly, Bakker et al. [20] 

reported that students experienced difficulties in understanding the median and quartiles as representations of 

a distribution, although they began to use statistical language to connect certain features of the box plots. 

  

3.2.2. Role of the task in eliciting IIR 

The task employed in this study as in Figure 1 situated the IIR in a familiar context and encouraged 

students to discuss features such as center and spread. However, many responses focused primarily on 

graphical features rather than broader decision-making. Although question 2 asked students to advise an 

elderly family member, only a few explicitly considered the user’s needs, such as tolerance for variation or 

preference for typical versus extreme speeds. This suggests that future tasks should encourage students not 

only to analyze data but also to connect statistical evidence with real-world decision-making. This outcome 

may stem from the underuse of a clear decision frame. Without explicit decision criteria (e.g., “consistency is 

more important than top speed”), students tended to describe features rather than weigh them [27]. From a 

pedagogical standpoint, including such decision frames can help students practice evaluating trade-offs, 

considering uncertainty, and linking sample-based conclusions to the population key elements of IIR. 

Task design, therefore, plays a crucial role. As Makar and Rubin [12] emphasized, the development 

of informal inference should place learners in situations where they need to use probabilistic language (e.g., 

“it is likely that…”), which provides a foundation for the later use of confidence intervals and hypothesis 

testing. Furthermore, providing explicit decision criteria [46] and encouraging attention to the population and 

uncertainty are likely to help students progress from simple feature identification (level 2) to a more 

integrated and balanced judgment (level 3). In addition, prior studies have shown that digital tools, such as 

TinkerPlots, the common online data analysis platform (CODAP), and excel, when combined with dialogic 

talk and growing-sample heuristics, can enrich students’ IIR [6], [29]−[33], [53]. These approaches highlight 

the importance of integrating technological tools, purposeful task design, collaborative settings, and explicit 

attention to uncertainty, to support the advancement of students’ IIR. 
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4. CONCLUSION 

This study used Pfannkuch’s four-level framework to investigate the level of Thai lower secondary 

school students’ IIR when interpreting box plots. Level 2 was the most frequent level (18 of 58 responses), 

showing a core challenge: many students can identify features such as median, IQR, and minimum, but 

struggle to integrate center, spread, and location into coherent, evidence-based arguments. Typical obstacles 

included feature isolation, word confusion (e.g., everyday meanings of “distributed” and “stable”), and the 

misconception that a larger IQR indicates greater stability rather than greater variability. Instructional design 

should emphasize integrating multiple distributional features to strengthen reasoning.  

This study offers three theoretical contributions. It refines the understanding of the shift from level 2 

to level 3 in Pfannkuch’s framework. It also theorizes ARFS as a constraining cognitive schema in IIR 

development. Finally, it explains how linguistic and curricular conditions influence the cross-cultural 

manifestation of IIR levels. Practically, the results suggest that teaching should foster integrated reasoning 

more deliberately by providing explicit decision criteria, prompting students to weigh multiple pieces of 

evidence, and situating box plot work in meaningful decision-making contexts. This study was limited by its 

single-school setting, case study design, and reliance on written responses. Future longitudinal and 

classroom-based studies using observations and interviews can further clarify students’ developmental 

pathways in IIR and refine the application of the framework in diverse settings. 
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