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Visual analysis is the primary method used to analyze data in single-case 
experimental designs (SCEDs). Yet, whether valid conclusions can be 
drawn from visual analysis remains a concern. There is a need to explore 
new methods that not only are able to make accurate conclusions from 
SCED data graphs but are also easy to use. In the present study, we 
extended the findings of Akuoko-Mensah and Chen (2025) and examined 
the capabilities of ChatGPT and Claude for analyzing SCED graphs. 
SCED graphs available at www.singlecase.org were used to train and test 
ChatGPT and Claude. The findings revealed that Claude's ratings closely 
aligned with expert ratings on both ABAB and multiple-baseline graphs. 
In contrast, ChatGPT's ratings were closely aligned with expert ratings on 
ABAB graphs only. In addition, the graph descriptions and rating 
justifications generated by Claude included more quantitative detail and 
terminology related to specific design forms. Based on these findings, we 
discuss study implications and future research directions.      

 Keywords: visual inspection, generative AI, ChatGPT, single-subject 
design, intervention effect, functional relationship 

INTRODUCTION 

Single-case experimental designs (SCEDs) are a family of experimental designs that aim to determine 
whether changes in an outcome are in fact a function of an intervention, using repeated assessment of the 
outcome over time. A causal or functional relation in SCED research is defined as establishing a consistent 
effect of an outcome by systematically manipulating an independent variable (e.g., intervention 
implementation). Compared to randomized controlled trials, which are often regarded as the gold standard 
for determining causal effects using a large number of cases being assigned randomly to one of the control 
and experimental conditions (Kazdin, 2021; Shadish et al., 2002; Steeger et al., 2021), SCEDs establish 
causal relationships using a small number of cases that serve as their own controls (Kazdin, 2021; Vlaeyen 
et al., 2020).  

According to Hersen (1990), the roots of SCEDs can be traced back to Johannes Müller and Claude 
Bernard’s work in physiology in the 1830s. Since then, SCEDs have been used in various fields, including 
counseling (Brown et al., 2024), clinical psychology (Vlaeyen et al., 2020), school psychology (Radley et 
al., 2020), sports psychology (Barker et al., 2013), education (Dayo et al., 2024; Enders et al., 2024; Shepley 
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et al., 2024), speech pathology (Binns et al., 2021), and neuroscience (Soto, 2020). In educational 
technology, researchers may employ SCEDs to examine the effectiveness of technology-enhanced learning 
or technology integration on improving learning outcomes. For instance, Guinness and Feil (2025) 
employed an SCED to evaluate the effects of a digital training package on rapport-building skills among 
four caregivers of children with autism, using 10 to 16 repeated assessments.  

SCEDs represent a family of experimental designs, and the primary five design forms are phase designs 
(e.g., AB, ABA, ABAB design), multiple baseline designs, alternating treatment designs, changing criterion 
designs, and combinations of two or more of the previous four designs (Dayo et al., 2024; Shadish & 
Sullivan, 2011; Smith, 2012; Tanious & Onghena, 2022; What Works Clearinghouse, 2022). Among the 
five design forms, phase designs and multiple baseline designs are the most popular designs (Dayo et al., 
2024; Shadish & Sullivan, 2011; Smith, 2012; Tanious & Onghena, 2021). In their review of 136 SCED 
studies on evaluating technology-enhanced learning, Dayo et al. (2024) reported that 33% used a phase 
design and 46% used a multiple baseline design.  

Visual analysis of data plotted on a line graph is the primary method used to evaluate whether the data 
pattern reflects a systematic intervention effect in SCED research (Horner et al., 2005; Kazdin, 2019; 
Ledford et al., 2018). Visual analysis is performed through examining the characteristics of outcome change 
within and across the same phases, and between different phases of graphed data, based on the features of 
level, trend, variability, overlap, immediacy, and consistency across similar phases (Ledford et al. 2018; 
What Works Clearinghouse, 2022). Although visual analysis is a common strategy to determine an 
intervention effect, the extent to which reliable data-based decisions can be made using visual analysis 
remains a concern (Dart & Radley, 2024; Fisher et al., 2003; Lanovaz & Hranchuk, 2021; Tarlow et al., 
2021; Wolfe & Seaman, 2023; Wolfe et al., 2024). Lanovaz and Hranchuk (2021) found that when visual 
analysts were less likely to claim an intervention with no true effect to be effective (low Type I error rate), 
they were also less likely to correctly determine an intervention with a true effect to be effective (low 
statistical power). These findings implied that visual analysts may struggle to balance Type I error with 
statistical power. Ninci (2023) suggested that analysts’ backgrounds and expertise, and their familiarity 
with terminology used to describe the effect of SCED data, may affect interrater reliability. Data 
characteristics such as trend (Wolfe & Seaman, 2023) and effect size (Pierce et al., 2024; Wolfe & Seaman, 
2023) have also been shown to affect interrater reliability.  

Rapid advancements in generative artificial intelligence (GenAI) have the potential to assist visual 
analysis of SCED data and enhance valid inferences to be drawn about an intervention effect. A recent 
study conducted by Akuoko-Mensah and Chen (2025) reported high agreement between Chat Generative 
Pre-Trained Transformer (ChatGPT) and expert ratings of ABAB graphs. In another evaluation on six 
GenAIs for their capabilities of graph analysis, Sartori et al. (2025) found that Claude-3.5-Sonnet, Gemini-
Pro-1.5, and ChatGPT-4o outperformed Llama3.2, Qwen-2-VL, and Pixtral (Sartori et al., 2025). Among 
the three best rated GenAIs in Sartori et al. (2025), ChatGPT is especially popular. As of June 2025, 
ChatGPT has approximately 800 million weekly active users and about 122.58 million daily users (Singh, 
2025). Yet Claude 3 can remember and use more information when creating relevant answers than 
ChatGPT-4o (Belcic & Stryker, 2024). The new version of Claude, released on May 22, 2025, may further 
improve its ability to conduct graph analysis.  

To better understand GenAIs’ capabilities to support visual analysis of SCED data, the present study 
extended findings from Akuoko-Mensah and Chen (2025) by investigating (1) the degree of ChatGPT 
ratings align with expert ratings and the degree of Claude ratings align with expert ratings on ABAB and 
multiple baseline graphs, and if the degree of agreement depends on (2) the magnitude of effect, and (3) 
SCED design forms. The present study aimed to address three research questions. 

 
RQ1. When GenAI (i.e., ChatGPT and Claude) is tasked to determine the functional relation between 

independent and dependent variables using SCED data graphs, to what extent do GenAI ratings 
align with expert ratings as measured by weighted Kappa coefficients?  

RQ2. Does the degree of agreement depend on the magnitude of effect?  
RQ3. Does the degree of agreement depend on SCED design forms?  
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LITERATURE REVIEW 

A single case is the unit of intervention and data analysis in SCEDs, and a case may be a person, a 
classroom or a community (Horner et al., 2005). The conditions or phases in SCED research are often 
designated by capital letters. Traditionally, A refers to a baseline condition, and B indicates an intervention 
condition. Each subsequent condition introduced in a study is denoted in sequential alphabetical order, such 
as C, D (Ledford et al., 2018).  

In the fundamental AB design, a comparison of the data pattern in the baseline condition (A phase) 
with the data pattern from the same case in the intervention condition (B phase) provides the basis for 
evaluation of the effectiveness of an intervention. The focus on within-case comparisons makes SCED 
useful for applied studies (Kazdin, 2021; Ledford et al., 2019). SCEDs are common in the context where 
interventions are tailored to meet the unique needs of cases (Krasny-Pacini & Evans, 2018). SCEDs also fit 
well when interventions target persons with low-prevalence conditions (Odom et al., 2005); therefore, it is 
difficult to obtain a sufficient number of participants for a group design. Furthermore, SCEDs allow for the 
gradual or small-scale implementation of the intervention (Kazdin, 2021). Before applying an intervention 
to a large-scale setting (e.g., a state or nation), the intervention can be implemented with a few cases to 
examine its effectiveness. Kazdin (2021) noted that “first starting out on a modest scale … helps the 
investigator preview the impact of the intervention as well as major implementation and some of the 
practical issues that may relate to its effectiveness” (p. 69).  

In the following, we first introduce the two most used SCED forms (Dayo et al., 2024; Shadish & 
Sullivan, 2011; Smith, 2012; Tanious & Onghena, 2021), namely phase designs and multiple baseline 
designs. We then provide an overview of visual analysis of SCED data, along with discussions of issues, 
tools, criteria, and reporting practices. Next, we provide a summary of recent advancements in AI and its 
potential to support the visual analysis of SCED data. Finally, the focus of the study is outlined, detailing 
the key research questions guiding the investigation.  

PHASE DESIGNS 
There are variations in phase designs (e.g., AB, ABA, ABAB, ABCCAB). The most basic phase design 

is the AB phase design, which is characterized by analyzing two adjacent conditions, namely baseline and 
intervention conditions, for evaluating an intervention (Kennedy 2005; Lane & Gast, 2014; Michiels & 
Onghena, 2019). Although changes in data patterns in an AB phase design may be attributed to intervention 
implementation, it is possible that extraneous variables are influencing the outcome, such as spontaneous 
recovery or developmental effect. To control threats to internal validity, a minimum of two phases per 
condition is recommended for a phase design, namely an ABAB design (Kazdin, 2019; What Works 
Clearinghouse, 2022).  

The ABAB design allows a potential demonstration of effect to be replicated across identical baseline 
and intervention conditions at three different points in time (Ledford et al., 2018). The first potential 
demonstration of effect is conducted using data in the first baseline (A1) and intervention (B1) phases, the 
second demonstration is performed in the first intervention phase (B1) and the second baseline phase (A2), 
and the third demonstration uses data in the second baseline (A2) and intervention phases (B2). If the 
outcome improves when the intervention (B1) is introduced, reverts to or near baseline levels after the 
intervention is withdrawn (A2), and again improves when the intervention is reintroduced (B2), then the 
data pattern suggests strongly that the change was attributed to the intervention (Kazdin, 2021). Figure 1 
illustrates hypothetical data collected from a single participant using an ABAB design. The y-axis shows 
engagement time in minutes, and the x-axis shows the session number. Assuming that blended learning, an 
intervention of face-to-face instruction combined with computer-based instruction, is used to increase 
academic engagement time of a student with an emotional behavior disorder, engagement time can be 
measured to examine the effectiveness of the intervention. In baseline conditions (A1 and A2), only face-
to-face instruction is used; in intervention conditions (B1 and B2), a blended learning approach is used.         
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Figure 1. A Hypothetical Example of an ABAB Design with a Single Participant and Higher 
Scores Showing a Desired Outcome 

 

MULTIPLE BASELINE DESIGNS 
In multiple baseline designs, multiple baselines are established concurrently, and the intervention is 

sequentially introduced across the baselines. A major practical advantage of multiple baseline designs is 
that they do not require withdrawing an intervention (Kazdin, 2019; Kennedy 2005; Ledford et al., 2019). 
Multiple baseline designs can be used to demonstrate the effectiveness of an intervention across multiple 
people, behaviors or settings, by comparing data patterns in A and B conditions across people, behaviors 
or settings. Each A-B comparison is graphed separately and referred to as a tier (Ledford et al., 2019). To 
control threats to internal validity, a minimum of six phases (What Works Clearinghouse, 2022) or at least 
three people (or behaviors, settings) is recommended for a multiple baseline design (Ledford et al., 2019). 

The multiple baseline design with three tiers allows for an opportunity for a potential demonstration of 
effect to be replicated across baseline and intervention conditions at three different points in time. The effect 
of an intervention is demonstrated by showing that outcome changes when and only when the intervention 
is implemented. For example, assuming that a multiple-baseline-across-people design is used to evaluate 
whether game-based learning increases academic engagement time, and three college students (Victoria, 
Max, Luke) with low engagement participate in the study. At the beginning, baseline data are collected for 
all three students. After baseline data on engagement time are stable for each student, game-based learning 
is introduced to Victoria. The first demonstration of effect is achieved if Victoria’s engagement time 
increases when game-based learning is used, but both Max’s and Luke’s engagement time remains the same 
as the baseline. After engagement time stabilizes across three students, game-based learning is then 
introduced to Max. The second demonstration of effect is achieved if Max’s engagement time changes 
when game-based learning is introduced to him, but Luke’s engagement time remains the same as the 
baseline. After engagement time again stabilizes across three students, game-based learning is introduced 
to Luke. The third demonstration of an effect is achieved if Luke’s engagement time changes when game-
based learning is used. 

Figure 2 presents the data from the hypothetical example in the previous paragraph to illustrate a 
multiple baseline design. The y-axis shows engagement time in minutes, and the x-axis shows the session 
number. As shown in Figure 2, Victoria’s engagement time increases when game-based learning is 
implemented, while the engagement time of the two other students remains the same. Max’s engagement 
time also increases when the intervention of game-based learning is implemented, while Luke’s 
engagement time remains the same. When the intervention is introduced to Luke, his engagement time then 
increases.    
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Figure 2. A Hypothetical Example of a Multiple Baseline Design 
 

VISUAL ANALYSIS OF SCED DATA  
In 2002, the What Works Clearinghouse was established as a part of an initiative of the U.S. Department 

of Education’s Institute of Education Sciences to evaluate scientific research evidence on education 
interventions (Institute of Education Sciences, n.d.). According to the What Works Clearinghouse (2017), 
visual analysis has been used for SCEDs to determine (a) the existence of a functional relation between an 
independent variable and an outcome variable and (b) the strength of that relation. An inferred functional 
(or causal) relation requires that changes in the outcome result from the manipulation of the independent 
variable and at least three demonstrations of an effect at a minimum of three different points in time (WWC, 
2017).  

Level, trend, variability, immediacy, overlap, and consistency of data in similar phases are the six 
features to be examined within- and between-phase data patterns for visual analysis in SCEDs (Horner et 
al., 2005; Ledford et al., 2018; WWC, 2017). These six features are used collectively to “compare the 
observed and projected patterns for each phase with the actual pattern observed after manipulation of the 
independent variable” (WWC, 2017, A-7). Specifically, level refers to the outcome mean score within a 
phase (WWC, 2017) and researchers are most often interested in changes in level between adjacent phases 
(Ledford et al., 2018). Trend is “the slope of the best fitting straight line for the data within a phase” (WWC, 
2017, A-7). When comparing adjacent phases, an effect is observed when directionality shifts across phases 
in the desired direction (Ledford et al., 2018). However, when a desired trend occurs in a baseline phase, it 
presents a potential threat to internal validity because the outcome change may result from a factor (e.g., 
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spontaneous recovery or developmental effect) other than the independent variable. Variability refers to 
“the extent of fluctuation in the data within a phase” (Kazdin, 2021, p. 62). Ledford et al. (2018) further 
explained that when baseline data are considerably variable, a change in level may be due to the variability 
of the data but not the manipulation of the independent variable. Immediacy refers to “the extent to which 
data change simultaneously with a condition change” (Ledford et al., 2018, p. 10), and an immediate change 
is preferable. Overlap describes the “proportion of data from one phase that overlaps with data from the 
previous phase” (WWC, 2017, A-7). The fewer overlapping data points, the more compelling the 
demonstration of an effect. Consistency of data in similar phases involves examining data from phases 
within the same condition, such as all baseline phases or all intervention phases. Great consistency indicates 
a convincing causal relation between the independent variable and the outcome.     

ISSUES, TOOLS, CRITERIA, & REPORTING PRACTICES OF VISUAL ANALYSIS  
Even though visual analysis is the primary method used to determine an intervention effect in SCEDs, 

whether reliable data-based decisions can be made using visual analysis remains a concern (Dart & Radley, 
2024; Fisher et al., 2003; Lanovaz & Hranchuk, 2021; Tarlow et al., 2021; Wolfe & Seaman, 2023; Wolfe 
et al., 2024). Using AB phase design data graphs generated by manipulating six data characteristics, Wolfe 
and Seaman (2023) found that trend and effect size had a greater impact on interrater agreement than 
number of outcome measures in Phase A, number of outcome measures in Phase B, autocorrelation and 
variability. Specifically, higher interrater agreement occurred when there was no trend. Interrater agreement 
was also higher when there was no effect or large effect than when the effect was moderate (Wolfe & 
Seaman, 2023). Likewise, using multiple baseline graphs from peer-reviewed articles and dissertations, 
Pierce et al. (2024) reported that agreement among experts was higher for graphs displaying no or large 
effect sizes than for graphs displaying moderate effect sizes.   

To facilitate consistent and accurate visual analysis, researchers have developed tools and criteria to 
interpret SCED data systematically (e.g., Cox & Friedel, 2022; Fisher et al., 2003; Hagopian et al., 1997; 
Manolov & Vannest, 2023; Roane et al., 2013). The dual-criteria and conservative dual-criteria methods 
developed by Fisher et al. (2003) for an AB contrast can be used for both phase designs and multiple 
baseline designs. The dual-criteria method requires a trend line based on the split-middle method (Kazdin, 
1982) and a horizontal line based on the baseline mean to be drawn and overlaid in the intervention phase. 
The number of data points that fall above or below the two lines in the desired direction is used to conclude 
whether an intervention effect has occurred. The conservative dual-criteria method shifts the height of the 
two lines based on the dual-criteria method by 0.25 standard deviations to control for the Type I error rate 
(Fisher et al., 2003). The structured criteria developed by Hagopian et al. (1997) for alternating treatment 
designs require an upper criterion line (UCL) and a lower criterion line (LCL) to be drawn based on 1 
standard deviation above and below the mean of the control condition, respectively. The number of 
outcomes that fall above the UCL and below the LCL, along with other expert-developed guidelines, is 
used to determine the interpretation of a target behavior (e.g., undifferentiated, maintained by tangible 
reinforcement). Hagopian et al. (1997) reported that using the structured criteria for visual analysis 
increased the interrater agreement from .54 to .90. The criteria developed by Hagopian et al. (1997) is 
limited to 10 outcomes per condition. Roane et al. (2013) modified the criteria developed by Hagopian et 
al. (1997) to allow the criteria to interpret SCED outcomes of varying lengths. Cox and Friedel (2022) used 
the criteria established by Roane et al. (2013) to create an R script for assisting visual analysis, and they 
reported 81% agreement between experts and the R script outcomes. The updated R script can further 
achieve 89% agreement with experts’ rating (Friedel et al., 2024). Web-based applications have also been 
developed to facilitate visual analysis. For instance, VAIOR (visual aid implying an objective rule) 
developed by Manolov and Vannest (2023) allows decision making regarding the presence of an immediate 
effect, a delayed effect, or an overall effect for an AB contrast in phase designs, multiple baseline designs, 
and alternating treatment designs.  

Structured visual analysis can be defined as “a tool or criteria used to supplement and structure 
response-guided or post-hoc visual analysis, aimed at reducing interpretation heterogeneity that includes 
traditional SCED properties” (Dowdy et al., 2022, p. 454). Based on this definition, the dual-criteria and 
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conservative dual-criteria methods developed by Fisher et al. (2003), the structured criteria developed by 
Hagopian et al. (1997), and the modified criteria based on Fiser et al. (2003) or Hagopian et al. (1997) are 
all considered as structured visual analysis. Although these methods have shown better results on visual 
analysis, they were infrequently used. In their review of articles published by the Journal of Applied 
Behavior Analysis between 2015 and 2020, Dowdy et al. (2022) reported that only eight (1.47%) articles 
included a form of structured visual analysis. Moreover, seven of the eight articles were published in 2020 
(Dowdy et al., 2022).   

In a review article of visual analysis reporting procedures in the functional communication training 
literature, Wolfe et al. (2024) found that while many authors used the key term “level” explicitly in their 
reports (88% used specific term and 12% described it), trend (45% used specific term and 25% described 
it) and variability/stability (66% used specific term and 6% described it) were less likely to be referred to 
using specific terms. Immediacy or delay to change between adjacent phases was described in 65% of the 
studies, and the degree of overlap was described in 11% of the studies. Consistency of data patterns was 
reported in 40% of ABAB design studies, while vertical analysis was reported in 14% of multiple baseline 
design studies. Based on these findings, Wolfe et al. (2024) recommended that authors be transparent about 
their conclusions by describing features that justify their conclusions.  

ARTIFICIAL INTELLIGENCE TO ANALYZE SCED DATA  
According to the U.S. Government Accountability Office (2024), artificial intelligence (AI) refers to 

“computer systems that can solve problems and perform tasks that have traditionally required human 
intelligence.” According to this definition, machine learning (ML) and GenAI are two subsets of AI. ML 
refers to “AI that involves training models on data to make predictions or decisions without being explicitly 
programmed” (Rashidi et al., 2025, Table 1). GenAI refers to computational techniques that can create 
content, including text, images, audio, or video, when prompted by a user, and GenAI systems create 
responses using algorithms that are often trained on open-source information, such as text and images from 
the internet (U.S. Government Accountability Office, 2023). In the fields of pathology and medicine, 
Rashidi et al. (2025) indicated that ML methods such as convolution neural networks are often employed 
for classifying images, GenAIs such as ChatGPT are frequently use to analyze and generate text responses 
that mimic human language, and ML methods such as logistic regression, support vector machine, neural 
network-based method are often used to conduct predictive modeling for tasks including predicting disease 
states and patient outcomes.    

Recent publications have demonstrated the use of machine learning in analyzing SCED data (Lanovaz 
et al., 2020; Lanovaz & Bailey, 2024; Lanovaz & Hranchuk, 2021; Taylor & Lanovaz, 2022). For instance, 
when experts, conservative dual-criteria method, and machine learning were tasked to analyze A-B 
comparison data graphs, Lanovaz and Hranchuk (2021) found that the two machine learning methods (i.e., 
stochastic gradient descent and support vector classifier) outperformed experts and the conservative dual-
criteria method in accurately identifying a true effect and showed the best balance between Type I error 
rate and power. A clinical case application of using machine learning to conduct a pediatric feeding 
treatment evaluation was reported by Taylor and Lanovaz (2022). Researchers can refer to the tutorials 
written by Lanovaz and Bailey (2024) and Turgeon and Lanovaz (2020) to apply different machine learning 
algorithms to analyze SCED data. 

Since OpenAI released ChatGPT to the public on November 30, 2022, GenAI has become more and 
more popular (Maslej et al., 2025; Singh, 2025). Rapid improvements in GenAI’s capabilities have the 
potential to facilitate problem solving and decision making, but they also require researchers to examine 
their strengths and weaknesses carefully. The first publicly available ChatGPT was text-only. The new 
ChatGPT-4o can use multiple modalities, including text, audio, images, and video to answer elaborate 
questions (OpenAI, 2024). Since November 2023, custom versions of ChatGPT have been available for 
users to create for a specific purpose (OpenAI, 2023). Because of their custom instructions and ability to 
keep a knowledge base in addition to what ChatGPT has already been trained on, custom versions of 
ChatGPT allow users to address a specific need (e.g., analyzing data in SCEDs) that might be hard for 
ChatGPT to achieve on its own (MIT Sloan Teaching & Learning Technologies, 2025). A report by 
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Akuoko-Mensah and Chen (2025) provided initial findings on using ChatGPT to analyze SCED graphs. 
Akuoko-Mensah and Chen (2025) developed a custom version of ChatGPT. They used ABAB and multiple 
baseline graphs with expert ratings available from the Assessing Visual Analysis of Single Case Research 
Design website. Their findings revealed that higher agreement between ChatGPT and experts occurred 
when the knowledge file included the graphs for training, expert ratings, and graph descriptions generated 
by ChatGPT itself than when it included the graphs for training and expert ratings only (Akuoko-Mensah 
& Chen, 2025). In addition, agreement between ChatGPT and expert ratings was higher for ABAB graphs 
(88.8% within ±1 point) than for multiple baseline graphs (66.7% within ±1 point).  

The emergence of ChatGPT has significantly fueled excitement and investment in the AI sector (Maslej 
et al., 2025). Alternatives to ChatGPT may perform similarly or even outperform ChatGPT on graph 
analysis. Sartori et al. (2025) used 990 graph images that fall into seven task categories (detection, 
classification, segmentation, pattern recognition, link prediction, reasoning, and matching) to evaluate the 
capabilities of six GenAIs in tackling abstract visual tasks. Their findings showed that Claude-3.5-Sonnet, 
Gemini-Pro-1.5, and ChatGPT-4o outperformed Llama3.2, Qwen-2-VL, and Pixtral (Sartori et al., 2025). 
The overall accuracy rate of Claude-3.5-Sonnet, Gemini-Pro-1.5, and ChatGPT-4o ranged between 70% to 
80%. Among the three, ChatGPT is particularly popular (Singh, 2025), and the newly released Claude 4 
may further improve its earlier graph analysis capabilities.  

THE PRESENT STUDY  
Although visual analysis is a primary method of evaluating SCED data, to what extent accurate and 

consistent data-based decisions can be made using this method remains a concern (Dart & Radley, 2024; 
Fisher et al., 2003; Lanovaz & Hranchuk, 2021; Tarlow et al., 2021; Wolfe & Seaman, 2023; Wolfe et al., 
2024). The rapid advancement of multimodal GenAI has the potential to support visual analysis of SCED 
data. A recent study conducted by Akuoko-Mensah and Chen (2025) revealed that ChatGPT provided 
ratings more similar to expert ratings on ABAB graphs than multiple baseline graphs. Additional research 
is needed to further explore the capabilities of other GenAIs on visual analysis of SCED data. In addition, 
literature has suggested that agreement among visual analysts was higher for graphs displaying no or large 
effect sizes than for those displaying moderate effect sizes (Pierce et al., 2024; Wolfe & Seaman, 2023). It 
brings up the question, “Will agreement between expert and GenAI’s ratings also depend on effect size?”   

To better understand the potential of GenAIs to analyze SCED data, the present study aimed to extend 
findings from Akuoko-Mensah and Chen (2025) by investigating (1) the degree of ChatGPT ratings align 
with expert ratings as well as the degree of Claude ratings align with expert ratings, and if the degree of 
alignment depends on (2) effect size, and (3) design forms. Three research questions guided the study.   
RQ1. When ChatGPT and Claude are asked to determine the functional relation between the independent 

and dependent variables using ABAB and multiple baseline graphs, to what extent do their ratings 
align with expert ratings, as measured by weighted Kappa coefficients?  

RQ2. Does the degree of alignment between GenAI’s ratings and expert ratings depend on the magnitude 
of effect?  

RQ3. Does the degree of alignment between GenAI’s ratings and expert ratings depend on SCED design 
forms (i.e., ABAB and multiple baseline design)?  

 Findings from the present study provide insights into the opportunities and challenges of using GenAI 
to facilitate the analysis of SCED data, contributing to broader research on AI for graph analysis. 

METHOD 

Part of the data generated by ChatGPT in Akuoko-Mensah and Chen (2025) were used in the present 
study. To compare the performance of ChatGPT and Claude on SCED data analysis, the same graphs that 
were used for training and testing ChatGPT in Akuoko-Mensah and Chen (2025) were used to train and 
test Claude. The approach of training ChatGPT with graph descriptions was shown to provide ratings more 
like expert ratings (Akuoko-Mensah & Chen, 2025). Therefore, this approach was adopted to train Claude 
to perform graph analysis. Training and testing Claude on analyzing SCED graphs were conducted in May 
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2025, right after the release of Claude Opus 4. Details of the study materials, procedures, and data analysis 
are provided below.  

MATERIALS 
Data graphs were obtained from the Assessing Visual Analysis of Single Case Research Designs 

website (www.singlecase.org). The graphs on the website include expert ratings as part of the Visual 
Analysis Training Protocol developed by Swoboda et al. (2012). There is a total of 53 ABAB, 47 multiple 
baseline, and 36 alternating treatment data graphs. Because phase designs and multiple baseline designs 
were used more frequently than alternating treatment designs (Dayo et al., 2024; Shadish & Sullivan, 2011; 
Smith, 2012; Tanious & Onghena, 2021) and alternating treatment graphs were not used in Akuoko-Mensah 
and Chen (2025), we used ABAB and multiple baseline graphs only. All the ABAB graphs include 40 
outcome measures, 10 for each phase. All the multiple baseline graphs include 39 outcome measures, and 
each includes four tiers. Specifically, six baseline and 33 intervention measures for Individual A, 11 
baseline and 28 intervention measures for Individual B, 16 baseline and 23 intervention measures for 
Individual C, 21 baseline and 18 intervention measures for Individual D.  

Instructions on the website ask trainees to consider features of level, trend, variability, immediacy of 
effect and score overlap to determine the degree to which they believe the intervention was “successful.” 
Trainees are asked to respond to the question “Is there a functional relationship between the treatment and 
the outcome?”, using a 7-point rating scale. A rating of 1 indicates no functional relation between the 
independent and dependent variables, a rating of 5 represents a moderate but publishable functional relation, 
and a rating of 7 indicates a strong functional relation.  

The graphs with the same expert ratings were divided into two groups, one for training and the other 
for testing. Specifically, among the 53 ABAB graphs, six received an expert rating of 1 (3 for training, 3 
for testing), eight received an expert rating of 2 (4 for training, 4 for testing), seven received an expert rating 
of 3 (3 for training, 4 for testing), seven received an expert rating of 4 (3 for training, 4 for testing), 11 
received an expert rating of 5 (6 for training, 5 for testing), 10 received an expert rating of 6 (5 for training, 
5 for testing), and four received an expert rating of 7 (2 for training, 2 for testing). Hence, a total of 26 
ABAB data graphs were used for training, and 27 were used for testing. Among the 47 multiple baseline 
data graphs, 13 received an expert rating of 1 (6 for training, 7 for testing), three received an expert rating 
of 2 (1 for training, 2 for testing), four received an expert rating of 4 (2 for training, 2 for testing), four 
received an expert rating of 4 (2 for training, 2 for testing), 10 received an expert rating of 5 (5 for training, 
5 for testing), nine received an expert rating of 6 (5 for training, 4 for testing), and four received an expert 
rating of 7 (2 for training, 2 for testing). Hence, a total of 23 multiple baseline data graphs were used for 
training, and 24 were used for testing.           

PROCEDURES  
The following three steps were taken to train and test Claude. The same steps were used in Akuoko-

Mensah and Chen (2025).     
Step 1: Generate descriptions for the training graphs. As we mentioned earlier, 26 ABAB graphs and 

23 multiple baseline graphs were used for training. Akuoko-Mensah and Chen (2025) generated 
descriptions for training graphs using ChatGPT-4o. The same prompts were used to generate graph 
descriptions from Claude Opus 4, except that ChatGPT was replaced with Claude. The prompts used to 
guide Claude are presented in Figure 3. After the third prompt, the training data graphs and their 
corresponding expert ratings were provided to Claude one by one for obtaining graph descriptions.      

Step 2: Design the custom version of Claude. A Custom Claude project was created to facilitate SCED 
graph analysis. This custom version of Claude was specifically designed to address the need for systematic 
analysis of SCED graphs. During this step, both the instruction prompt and knowledge file were developed 
and uploaded to the project. The instruction prompt guided Claude to play the role of an expert in SCED 
graph analysis. The instruction prompt included a description of the six data features as criteria for 
evaluation, explanations of the ratings from 1 to 7, two reference examples (with corresponding expert 
ratings and graph descriptions from Step 1), and the two tasks assigned (i.e., assign a rating to the graph 

http://www.singlecase.org/
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and justify rating based on the features of level changes, trend, variability, immediacy of effect, overlap, 
and consistency across phases). The knowledge file included a brief introduction, expert ratings of training 
graphs, images of the training graphs, and corresponding graph descriptions generated from Step 1. 

Step 3: Test Claude on data analysis. As we mentioned earlier, 27 ABAB graphs and 24 multiple 
baseline graphs were used for testing. In this step, testing graphs were provided to Claude one by one in the 
order of experts’ ratings from 1, 2, 3, 4, 5, 6, to 7. The prompt “Rate this ABAB graph” or “Rate this 
multiple baseline graph” was used to request a rating.  

  

Figure 3. Prompts for Generating Graph Descriptions. In the brackets, either ABAB or multiple baseline 
was used, depending on the type of graphs in the training phase. 

 

DATA ANALYSIS  
Kappa coefficient can be used to measure the level of agreement between experts and GenAI based on 

the difference between the observed agreement and the expected agreement that would be present by chance 
alone. Kappa coefficient ranges from -1 to 1, where 1 is a perfect agreement, 0 is an agreement by chance, 
and a value less than 0 indicates an agreement less than expected by chance. McHugh (2012) classified 
level of agreement using Kappa coefficient as none (0 – .20), minimal (.21 – .39), weak (.40 – .59), moderate 
(.60 – .79), strong (.80 – .90), and almost perfect (> .90). For behavioral observation, Hartmann et al. (2004) 
suggested at least .60 if measured by Kappa coefficient for agreement. While Kappa coefficient can be used 
for two raters with two categories or for nominal variables with three or more categories, weighted Kappa 
coefficient is more suitable for ordered categorical variables that consist of three or more categories (Li et 
al., 2023). Linear weighted Kappa coefficient assigns weights to categories of agreement and disagreement 
based on the linear distance between the categories on the rating scale. In contrast, quadratic weighted 
Kappa coefficient assigns weights based on the quadratic distance (Li et al., 2023). To answer RQ1, we 
computed linear and quadratic weighted Kappa coefficients to measure the level of agreement between (1) 
expert and ChatGPT ratings using ABAB graphs, (2) expert and Claude ratings using ABAB graphs, (3) 
expert and ChatGPT ratings using multiple baseline graphs, and (4) expert and Claude ratings using 
multiple baseline graphs. A value of .60 for both linear and quadratic weighted Kappa coefficients was 
considered as a good level of agreement between experts and GenAI.  

To answer RQ2, the graphs for testing were categorized into 0 = moderate effect (expert ratings of 3, 
4, or 5) and 1 = minimum or strong effect (expert ratings of 1, 2, 6, or 7). The level of agreement between 
expert and GenAI ratings was categorized as 0 = same rating, and 1 = a difference in rating (e.g., -3, -2, -1, 
1, 2, 3). Because we examined the performance of ChatGPT and Claude using two design forms, four 2 

First Prompt 
You are going to help me to generate descriptions of SCD graphs based on the six criteria for 
visual analysis (level changes, trend, variability, immediacy of effect, overlap, and consistency 
across phases) for rating SCD graphs. These descriptions are going to help me to train a 
Custom Claude to accurately rate any [ABAB or multiple baseline] graph image that is fed to 
the Claude. 
 
Second Prompt 
I will be feeding some few examples to the instruction prompt and the rest with their 
corresponding graphs and rating will be uploaded as a knowledge file to the Custom Claude. I 
want the best descriptions to train the Claude model that will yield the best results (ratings) 
when any [ABAB or multiple baseline] graph is uploaded to it. 
 
Third Prompt 
I will be uploading the graphs with their expert ratings one after the other for you to generate 
the descriptions. 
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(same rating) × 2 (effect magnitude) chi-square tests were performed to compare the frequency of no 
difference in expert and GenAI ratings with those showing a difference in ratings between moderate and 
minimum or strong effect data graphs. The tests were performed separately for ChatGPT and Claude and 
for ABAB and multiple baseline graphs.  

Same as RQ2, to answer RQ3, the level of agreement between expert and GenAI ratings was 
categorized as 0 = same rating, and 1 = a difference in rating (e.g., -3, -2, -1, 1, 2, 3). Two 2 (same rating) 
× 2 (design form) chi-square tests were performed to compare the frequency of no difference in expert and 
GenAI ratings with those having a difference in ratings between ABAB and multiple baseline data graphs. 
The tests were performed separately for ChatGPT and Claude. A priori power analysis was conducted using 
G*Power 3.1.9.7 to estimate the minimum sample size required for the chi-square test to achieve a statistical 
power of .8, with effect size w = .3, alpha = .05 and df = 1. The result showed that a minimum of 88 was 
required for the total sample size.        

RESULTS 

This section presents results for RQ1, RQ2, and RQ3. Table 1 presents a cross-tabulation of ChatGPT 
and expert ratings on ABAB graphs (upper panel) and multiple baseline graphs (lower panel), and Table 2 
presents a cross-tabulation of Claude and expert ratings. At the end, we explain similarities and differences 
between ChatGPT and Claude on graph descriptions and rating justifications.  

EXPERT-GENAI RATING AGREEMENT  
According to Table 1, among the 27 ABAB graphs used for testing, 11 or 40.7% (the total of shaded 

numbers) received the same rating from experts and ChatGPT, 14 or 51.9% received discrepancies of ±1 
rating, and two or 7.4% received discrepancies of ±2 rating. There was a good level of agreement between 
expert and ChatGPT ratings on ABAB graphs (linear weighted Kappa = .66, 95% CI [.51, .81]; quadratic 
weighted Kappa = .86, 95% CI [.77, .95]). Among the 24 multiple baseline graphs used for testing, seven 
or 29.2% received the same rating from experts and ChatGPT, nine or 37.5% received discrepancies of ±1 
rating, five or 20.8% received discrepancies of ±2 rating, and three or 12.5% received discrepancies of ±3 
rating. The level of agreement between expert and ChatGPT ratings on multiple baseline data graphs was 
lower than their agreement on ABAB graphs (linear weighted Kappa = .50, 95% CI [.30, .70]; quadratic 
weighted Kappa = .72, 95% CI [.54, .89]). 

Table 2 presents the contingency table of expert and Claude ratings on ABAB and multiple baseline 
data graphs. The shaded numbers show the frequency of the same ratings from experts and Claude. Among 
the 27 ABAB graphs used for testing, 21 or 77.8% received the same rating from experts and Claude, five 
or 18.5% received discrepancies of ±1 rating, and one or 3.7% received discrepancies of ±2 rating. The 
level of agreement between expert and Claude ratings was substantial on ABAB data graphs (linear 
weighted Kappa = .87, 95% CI [.77, .97]; quadratic weighted Kappa = .95, 95% CI [.90, 1.00]). Among the 
24 multiple baseline graphs used for testing, 14 or 58.3% received the same rating from experts and Claude, 
seven or 29.2% received discrepancies of ±1 rating, and three or 12.5% received discrepancies of ±2 rating. 
Although agreement between expert and Claude ratings on multiple baseline data graphs was lower than 
their agreement on ABAB graphs, weighted Kappa coefficients still showed a good level of agreement 
(linear weighted Kappa = .77, 95% CI [.63, .90]; quadratic weighted Kappa = .90, 95% CI [.83, .98]). 

MAGNITUDE OF EFFECT & EXPERT-GENAI RATING AGREEMENT  
For ABAB designs, moderate and no and strong effect graphs did not differ significantly with respect 

to having the same expert and GenAI ratings (chi-square (1) = 1.03, p = .310, Cramer’s V = .20 for ChatGPT; 
chi-square (1) = 0.678, p = .410, Cramer’s V = .16 for Claude). Likewise, for multiple baseline designs, 
moderate and no and strong effect data graphs did not differ significantly with respect to having the same 
expert and GenAI ratings (chi-square (1) = 2.27, p = .132, Cramer’s V = .31 for ChatGPT; chi-square (1) = 
1.143, p = .285, Cramer’s V = .22 for Claude).    
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Table 1. Contingency Table of Expert and ChatGPT Ratings  
 
ABAB  

 ChatGPT rating  

 1 2 3 4 5 6 7 Total 
 
 
Expert 
rating 

1 1 2 0 0 0 0 0 3 
2 1 2 1 0 0 0 0 4 
3 0 0 2 1 1 0 0 4 
4 0 0 2 1 1 0 0 4 
5 0 0 0 4 1 0 0 5 
6 0 0 0 1 1 3 0 5 
7 0 0 0 0 0 1 1 2 

 Total 2 4 5 7 4 4 1 27 

 
MB 

 ChatGPT rating  

 1 2 3 4 5 6 7 Total  
 
 
Expert 
rating 

1 3 3 1 0 0 0 0 7 
2 0 0 1 1 0 0 0 2 
3 0 0 0 1 0 1 0 2 
4 0 0 1 0 0 0 1 2 
5 0 0 1 2 1 0 1 5 
6 0 0 1 1 0 2 0 4 
7 0 0 0 0 0 1 1 2 

 Total 3 3 5 5 1 4 3 24 

Note. The upper panel shows the ratings for ABAB data graphs, and the lower panel shows the ratings 
for multiple baseline (MB) data graphs. The shaded numbers show the frequencies of the same expert 
and ChatGPT ratings.  
 
Table 2. Contingency Table of Expert and Claude Ratings  

 
ABAB  

 Claude rating  

 1 2 3 4 5 6 7 Total 
 
 
Expert 
rating 

1 3 0 0 0 0 0 0 3 
2 0 3 0 1 0 0 0 4 
3 0 0 4 0 0 0 0 4 
4 0 0 0 3 1 0 0 4 
5 0 0 0 1 4 0 0 5 
6 0 0 0 0 1 3 1 5 
7 0 0 0 0 0 1 1 2 

 Total 3 3 4 5 6 4 2 27 

 
MB 

 Claude rating  

 1 2 3 4 5 6 7 Total  
 
 
Expert 
rating 

1 5 2 0 0 0 0 0 7 
2 0 1 0 1 0 0 0 2 
3 0 0 0 1 1 0 0 2 
4 0 1 0 1 0 0 0 2 
5 0 0 0 2 3 0 0 5 
6 0 0 0 0 1 3 0 4 
7 0 0 0 0 0 1 1 2 

 Total 5 4 5 5 5 4 1 24 

Note. The upper panel shows the ratings for ABAB data graphs, and the lower panel shows the ratings for 
multiple baseline (MB) data graphs. The shaded numbers show the frequency of the same ratings from 
experts and Claude.  

SCED DESIGN FORM & EXPERT-GENAI RATING AGREEMENT  
When ChatGPT was used to provide ratings, ABAB and multiple baseline data graphs did not differ 

significantly with respect to having the same expert and GenAI ratings (chi-square (1) = 0.745, p = .388, 
Cramer’s V = .12). Likewise, when Claude was used to provide ratings, ABAB and multiple baseline data 
graphs did not differ significantly with respect to having the same expert and GenAI ratings (chi-square (1) 
= 2.231, p = .135, Cramer’s V = .21). 
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SIMILARITIES & DIFFERENCES IN GRAPH DESCRIPTIONS & RATING JUSTIFICATIONS  
To better understand the similarities and differences between ChatGPT’s and Claude’s capabilities to 

analyze SCED graphs, their graph descriptions and justifications for ratings were compared. Because of the 
prompts we used, ChatGPT and Claude consistently described the training graphs and justified their ratings 
on testing graphs based on the six data features. The most striking differences between the two GenAIs laid 
in (1) their level of descriptive precision and quantitative detail, (2) terminology used, and (3) interpretive 
confidence and causal attribution. Analyses revealed similar patterns for graph descriptions and 
justifications for ratings. Hence, we focused on graph descriptions below. To delineate the differences, 
Table 3 presents an example of ABAB training graph descriptions generated by the two GenAIs, and the 
expert rating of the graph is 1. Table 4 presents an example of multiple baseline training graph descriptions 
generated by the two GenAIs, and the expert rating of the graph is 6.   

Descriptive precision and quantitative detail. As shown in the third column of Tables 3 and 4, Claude 
provided specific numerical information across the two design forms, offering precise measurements such 
as “A1 averages ~45, B1 averages ~47, A2 averages ~52, and B2 averages ~40.” and “Individual A drops 
from ~35 to ~22 (37% reduction), B from ~34 to ~21 (38% reduction), C from ~35 to ~22 (37% reduction), 
and D from ~33 to ~21 (36% reduction).” Claude also consistently specified data ranges and overlap 
percentages with precision, stating values such as “data points ranging from ~25 to ~75 throughout. Notable 
spikes (session 9: ~73, session 24: ~72) occur randomly across phases” and “Minimal to no overlap between 
phases across all tiers (0-5%)”. In contrast, ChatGPT employed more general descriptive language across 
both design forms, using broader characterizations such as “There is no meaningful or sustained difference 
in level between baseline and treatment phases” or describing “minimal overlap between baseline and 
intervention phases” without providing specific numerical details.  

Claude frequently pointed out specific session numbers, such as “notable spikes (session 9: ~73, session 
24: ~72).” By comparison, ChatGPT infrequently referred to sessions. When sessions were mentioned, 
ChatGPT used “middle sessions,” “later sessions,” “early sessions.” In one of the multiple baseline training 
graphs, outcome values dropped at the sixth measures after intervention introduction across all four tiers. 
ChatGPT incorrectly described the feature of immediacy of effect as “Each transition point marks an abrupt 
and immediate level shift, with no delay or gradual onset. The data sharply descend at the exact session the 
intervention begins.” Although Claude did not correctly identify the session for which a drastically change 
occurred, Clause was able to identify a delay effect. Claude explained the feature of immediacy of the same 
graph as “Individual A drops from ~40 to ~15 within 2 sessions, B from ~38 to ~12 within 2 sessions, C 
shows slight delay then drops from ~36 to ~10 by session 20, and D plummets from ~32 to ~8 within 3 
sessions. These rapid, large-magnitude changes strongly support causal attribution.”     

Terminology used. When analyzing ABAB graphs, Claude explained data features within and between 
phases using specific terms of A1, A2, B1, and B2 to refer to the four phases, whereas ChatGPT explained 
data features using terms of the first or second A-B sequence or A-B-A-B sequence. When Claude was 
tasked to describe multiple baseline graphs, it used terms specifically related to multiple baseline designs, 
such as “staggered introduction,” “temporal control,” and “no evidence of co-variation (untreated tiers 
remain stable while others receive intervention)”. In contrast, ChatGPT described multiple baseline graphs 
with general terms used for SCEDs (e.g., functional relation, experimental control).   

Because possible ratings for the graphs range from 1 to 7, it required the two GenAIs to determine the 
magnitude of effect or effect size. When examining the graph descriptions, it was found that “effect size” 
was not mentioned in any of the graph descriptions generated by ChatGPT. For Claude, “Effect size” was 
mentioned in two ABAB graphs and six multiple baseline graphs.     

Interpretive confidence and causal attribution. It was a notable difference in how confidently ChatGPT 
and Claude make interpretive statements and causal attributions. For instance, the expression “flaw,” 
“flawless,” or “strongly support” was never mentioned by ChatGPT in describing training graphs. Yet 
among the ABAB training graphs, Claude Opus 4 used the term “flawless” in describing five graphs. Expert 
ratings of these graphs were 5, 5, 6, 6, and 7. Specifically, “This flawless replication across both AB cycles, 
combined with zero overlap and large effect sizes, represents the gold standard for ABAB designs and 



Potential Generative AI for Single Case Data Analysis 70 

justifies the highest rating” was commented on the graph with an expert rating of 7. Among the multiple 
baseline training graphs, Claude Opus 4 used the term “flawless” in describing six graphs with an expert 
rating of 5, 6, or 7 and “flaw” in describing two graphs with an expert rating of 1. Specifically, “While all 
tiers show eventual decreases, the presence of baseline trends and lack of clear phase changes violate 
multiple baseline logic. The decreasing patterns begin before intervention in most tiers, suggesting 
maturation, practice effects, or other confounds rather than treatment effects. The failure to demonstrate 
stable baselines before intervention introduction represents a fundamental design flaw” was commented by 
Claude on one of the graphs with an expert rating of 1.  The corresponding comment provided by ChatGPT 
read “There is no consistent or replicated pattern of improvement across the four individuals. The weak and 
inconsistent effects across tiers result in no compelling evidence of a functional relation.” 

In short, ChatGPT's descriptions relied more on qualitative assessments rather than precise quantitative 
measurements, a pattern that remained consistent when analyzing ABAB and multiple baseline graphs. 
Claude generated more numeric values to describe the graphs in detail and used terminology related to the 
specific assigned tasks. Claude also showed greater confidence in making definitive interpretations than 
ChatGPT.     

Table 3. ABAB Graph Descriptions (Expert Rating = 1) Generated by ChatGPT-4o and Claude Opus 4   
Features ChatGPT-4o Claude Opus 4 

Level  The average level of data varies substantially 
across and within phases. There is no 
meaningful or sustained difference in level 
between baseline and treatment phases. 

Mean levels across phases show no meaningful 
differentiation. A1 averages ~45, B1 averages ~47, A2 
averages ~52, and B2 averages ~40. While means 
vary slightly, the ranges overlap extensively and 
differences are obscured by high variability, preventing 
any clear phase distinction. 

Variability  Variability is high throughout the entire 
graph. Data fluctuate widely within phases, 
with swings exceeding ±25–30% from the 
mean. This level of instability obscures any 
potential treatment effect. 

Extremely high variability characterizes all phases, 
with data points ranging from ~25 to ~75 
throughout. Notable spikes (session 9: ~73, session 
24: ~72) occur randomly across phases. This 
excessive variability masks any potential treatment 
effects and indicates lack of behavioral control.  

Trends There is no clear or consistent trend in any 
phase. Trends frequently reverse direction, 
and no systematic shift is observed following 
treatment introductions. 

No consistent trends emerge within or between phases. 
Each phase shows erratic up-and-down patterns 
without systematic direction. The chaotic nature of the 
data prevents identification of any treatment-related 
trend changes. 

Overlap There is extensive overlap of data across all 
phases. Data points in treatment phases fall 
within the full range of baseline values, with 
no visual separation between conditions 

Complete overlap (100%) exists between all phases. 
Every phase contains data points spanning from 
approximately 25 to 75, making visual discrimination 
between baseline and treatment conditions impossible. 

Immediacy  No immediate change in level or slope occurs 
after the onset of treatment. Phase transitions 
are followed by continued irregular 
fluctuation rather than abrupt shifts.  

No immediate effects occur at phase transitions. Phase 
changes are marked only by vertical lines, not by any 
observable behavioral shifts. Data points continue their 
erratic pattern regardless of phase changes. 

Consistency  No consistent pattern is replicated across the 
A-B-A-B sequence. The data appear random 
and highly unstable, with treatment phases 
showing no clear improvement or effect.  

Neither baseline nor treatment phases replicate their 
patterns. A1 and A2 show different variability 
patterns and levels, as do B1 and B2. The 
inconsistent and unpredictable nature of the data across 
all phases demonstrates absence of experimental 
control. 

Note. Words mentioned in the main text that explain the differences in graph descriptions between 
ChatGPT-4o and Claude Opus 4 are bold.   
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Table 4. Multiple Baseline Graph Descriptions (Expert Rating = 6) Generated by ChatGPT-4o and 
Claude Opus 4    

Features ChatGPT-4o Claude Opus 4 
Level  There is a clear and substantial reduction 

in level across all individuals, with 
average post-intervention values 
approximately 10–15 percentage points 
lower than baseline values. 

Consistent moderate to strong level changes across all tiers. 
Individual A drops from ~35 to ~22 (37% reduction), B 
from ~34 to ~21 (38% reduction), C from ~35 to ~22 
(37% reduction), and D from ~33 to ~21 (36% 
reduction). The remarkably uniform effect sizes 
demonstrate reliable treatment impact. 

Variability  Baseline phases display low to moderate 
variability, while intervention phases 
exhibit consistently low variability 
across all four individuals, suggesting 
stable responding post-treatment. 
  

Very low variability throughout enhances interpretation. 
Baselines show tight clustering (ranges 30-40), and 
intervention phases maintain equally low variability (ranges 
18-26). This exceptional stability creates clear visual 
separation and maximizes confidence in effects. 

Trends Baseline trends are relatively flat or 
slightly increasing, whereas intervention 
trends are flat or slightly decreasing, 
showing no regression toward baseline 
levels. 

All phases display remarkably stable, flat patterns. Baselines 
show no directional trends, and intervention phases maintain 
stable levels at consistently lower values. The absence of 
any trends eliminates confounds and highlights pure level-
based effects. 

Overlap There is minimal overlap between 
baseline and intervention phases. 
Most intervention data points fall well 
below the baseline range, indicating a 
non-random change. 

Minimal to no overlap between phases across all tiers (0-
5%). Clear separation exists with 8-15 point gaps between 
the lowest baseline values and highest intervention values. 
This minimal overlap provides strong visual evidence 
despite moderate effect sizes. 

Immediacy  Each participant shows a noticeable and 
immediate drop in level within the first 
1–2 sessions following the introduction 
of the intervention. 

Perfect immediate effects within 1 data point across all tiers. 
Individual A drops from ~33 to ~21, B from ~32 to ~22, C 
from ~32 to ~24, and D from ~34 to ~21. These 
instantaneous, uniform changes strongly support causal 
attribution. 

Consistency  The pattern of change is consistently 
replicated across all four individuals. 
Each tier demonstrates a systematic 
decrease in behavior following 
intervention, providing strong evidence 
for a functional relation. 

Exceptional consistency in both effect magnitude and 
pattern. All four tiers demonstrate nearly identical 36-38% 
reductions with identical response patterns - immediate drop 
to stable lower level. The staggered introduction (sessions 
6, 11, 17, and 22) is perfectly executed with flawless 
temporal control. This remarkable uniformity of moderate 
effects, combined with minimal variability, perfect 
immediacy, and zero overlap, demonstrates exceptional 
experimental precision. The highest rating is justified by the 
flawless execution and replication rather than effect 
magnitude alone. 

Note. Words mentioned in the main text that explain the differences in graph descriptions between 
ChatGPT-4o and Claude Opus 4 are bold.   

DISCUSSION 

Single-case experimental designs (SCEDs) are increasingly used in technology-enhanced learning and 
other education-related fields (Dayo et al., 2024). A core feature of SCED research is graphic display of 
data (Wolfe et al., 2024), and visual analysis of graphs is the primary method used for data analysis (Horner 
et al., 2005; Kazdin, 2019; Ledford et al., 2018). However, literature has shown mixed findings regarding 
agreement among visual analysts and inaccurate conclusions drawn from visual analysis (Dart & Radley, 
2024; Fisher et al., 2003; Lanovaz & Hranchuk, 2021; Tarlow et al., 2021; Wolfe & Seaman, 2023; Wolfe 
et al., 2024). Depending on factors such as trend (Wolfe & Seaman, 2023) and magnitude of effect (Pierce 
et al., 2024; Wolfe & Seaman, 2023), the level of agreement among visual analysts varied. Moreover, 
although tools and criteria have been developed to assist visual analysis, they were used infrequently by 
SCED researchers (Dowdy et al., 2022). It is thus critical to explore new methods and strategies that not 
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only are able to make accurate conclusions but also are easy to use to facilitate reliable and accurate visual 
analysis.  

The rapid evolution of artificial intelligence (AI) has generated growing excitement and discussion 
about its potential to improve various aspects of our lives, including applying AI in SCED research (Neely 
et al., 2023). Machine learning (ML) and generative AI (GenAI) are two subsets of AI. Prior studies have 
shown promising results on using ML to analyze SCED data (Lanovaz et al., 2020; Lanovaz & Hranchuk, 
2021). A recent report by Akuoko-Mensah and Chen (2025) demonstrated the potential of using GenAI to 
support data analysis in SCED research, especially when graph descriptions of the training graphs were 
provided in the knowledge file to analyze new ABAB graphs. However, only ChatGPT was examined in 
Akuoko-Mensah and Chen (2025). To better understand GenAI’s capability to interpret and analyze SCED 
graphs, the present study extended findings from Akuoko-Mensah and Chen (2025) and it aimed to 
investigate (1) alignment of ChatGPT ratings with expert ratings and alignment of Claude ratings with 
expert ratings, and if degree of alignment would depend on (2) magnitude of effect and (3) design forms 
(ABAB design versus multiple baseline design).       

To achieve these aims, three research questions were constructed. RQ1 asked “To what extent do GenAI 
ratings align with expert ratings as measured by weighted Kappa coefficients?” Findings and implications 
related to RQ1 are discussed under the heading ALIGNMENT OF GENAI RATINGS WITH EXPERT 
RATINGS. RQ2 asked “Does degree of alignment depend on the magnitude of effect?” and RQ3 asked 
“Does degree of alignment depend on design forms?” Results and implications related to RQ2 and RQ3 are 
summarized under the section titled IMPACT OF EFFECT SIZE AND DESIGN FORM ON RATING 
ALIGNMENT. The comparisons between ChatGPT and Claude on graph descriptions and rating 
justifications and their implications are explained under the heading GRAPH DESCRIPTIONS, RATING 
JUSTIFICATIONS AND THEIR IMPLICATIONS. The section titled PRACTICAL CONSIDERATIONS 
presents possible challenges when using GenAI to analyze SCED data. Limitations and future research 
directions are presented in the section STUDY LIMITATIONS AND FUTURE DIRECTIONS. In the last 
section, the conclusion is discussed.  

ALIGNMENT OF GENAI RATINGS WITH EXPERT RATINGS   
Using at least .60 for both linear and quadratic weighted Kappa as a cutoff for acceptable agreement, 

agreement between ChatGPT and expert ratings on ABAB graphs was acceptable, but not on multiple 
baseline graphs. Agreement between Claude and expert ratings was acceptable for both ABAB and multiple 
baseline graphs. Moreover, the two GenAI’s ratings on ABAB graphs aligned more closely with expert 
ratings than on multiple baseline graphs. In fact, analysis of ABAB graphs requires evaluation of data 
patterns in the same and different conditions horizontally. In contrast, analysis of multiple baseline graphs 
requires similar horizontal analysis of the baseline and intervention phases, plus the vertical analysis of 
comparisons across tiers. Wolfe et al. (2024) defined vertical analysis in multiple baseline designs as 
“whether levels of the dependent variable remained stable when the independent variable was introduced 
to a prior tier” (p. 551). Findings from the present study suggested that guidelines for vertical analysis of 
multiple baseline data can be provided to GenAI to improve analysis results. In addition, it may be more 
challenging to conduct vertical analysis for ChatGPT than for Claude.  

To confirm difficulties in performing vertical analysis of graphs in multiple baseline designs, the graph 
descriptions generated by ChatGPT-4o and Claude Opus 4 for one multiple baseline training graph (expert 
rating = 1) were examined. On this graph, immediacy effect was evident for Individual A. For Individual 
A, the introduction of the intervention at Session 7 resulted in a drop of about 20 points in the outcome 
value. Individual B maintained the same level throughout the baseline and intervention phases. Individuals 
C and D both had their outcome values dropped more than 20 points at Session 7, several sessions before 
their intervention start points. When tasked to describe the graph, Claude Opus 4 explained, “Individual C 
shows a precipitous drop during baseline (from 38 to 12) before intervention. Individual D similarly drops 
during baseline (from 40 to 10). These pre-intervention changes violate the stable baseline requirement and 
suggest extraneous variables rather than treatment effects” for the data feature of trend. These descriptions 
implied a good understanding of vertical analysis. In contrast, ChatGPT interpreted the data pattern 



International Journal of Technology in Teaching and Learning 
 

73 

incorrectly as “An immediate drop is visible in Individuals C and D at the point of intervention, but not in 
A or B, weakening the evidence for a causal link across the dataset.” ChatGPT incorrectly explained the 
introduction of intervention for Individual A as the start point of intervention for Individuals B and C.   

In one of the multiple baseline testing graphs (expert rating = 1), all four individuals had outcomes drop 
from above 30 to below 20 at the introduction of intervention for Individual A at Session 7. ChatGPT gave 
a 2, and Claude gave a 1 on rating the functional relation between the independent and dependent variables. 
Examining justifications provided by ChatGPT and Claude revealed that they both detected changes that 
occurred before the implementation of intervention for Individuals B, C and D. However, Claude provided 
a more comprehensive explanation than ChatGPT on the data feature of immediacy. Justifications for the 
feature of immediacy by Claude read “immediacy cannot be properly assessed due to timing violations” 
and Claude commented that the changes occurred to all four tiers at Session 6-8, before intervention 
introducing to Individuals B (Session 11), C (Session 17) and D (Session 22). For changes that occurred 
across four tiers at the start point of intervention for Individual A, Claude further explained, “Only 
Individual A’s change coincides with intervention introduction, while the other three tiers change 
prematurely.” In contrast, ChatGPT described the justification for immediacy as “the transitions appear 
abrupt, but because of early decreasing trends, the immediacy may be misleading or coincidental rather 
than a clear intervention effect.”  

The analyses above demonstrated that Claude outperformed ChatGPT in conducting and interpreting 
vertical analysis of multiple baseline data. The analysis results also explained why ChatGPT’s ratings on 
multiple baseline data were not closely aligned with expert ratings, while Claude’s ratings on multiple 
baseline data remained at a good level of agreement with expert ratings.  

Although both ChatGPT and Claude ratings on ABAB graphs reached a good level of alignment with 
expert ratings, Claude ratings were more aligned with expert ratings across ABAB and multiple baseline 
graphs than ChatGPT. These findings were consistent with findings from Sartori et al. (2025). Sartori et al. 
(2025) reported that Claude-3.0-Sonnet and GPT-4o performed much better than the other three GenAIs on 
analyzing seven types of visual tasks. However, Claude-3.0-Sonnet showed higher average performance 
than GPT-4o.   

IMPACT OF EFFECT SIZE AND DESIGN FORM ON RATING ALIGNMENT  
Although the level of agreement among visual analysts has been shown to depend on the magnitude of 

effect (Pierce et al., 2024; Wolfe & Seaman, 2023), findings from the present study did not reveal a 
significant difference in having the same ratings from GenAI (i.e., ChatGPT and Claude) and experts 
between a moderate effect and a minimum or strong effect. While Akuoko-Mensah and Chen (2025) 
suggested that alignment of ChatGPT ratings with expert ratings may depend on design forms, our findings 
did not show a significant difference in having the same GenAI and expert ratings between ABAB and 
multiple baseline graphs.  

It should be noted that these non-significant results may be due to low statistical power. The priori 
power analysis revealed that a minimum total sample size of 88 is required for a statistical power of .8. The 
numbers of testing ABAB and multiple baseline graphs were 27 and 24, respectively. Even for the chi-
square test to examine if having the same rating is independent of design forms, the number of 51 was far 
less than 88. A larger number of training SCED data graphs would have allowed for greater statistical power.   

GRAPH DESCRIPTIONS, RATING JUSTIFICATIONS AND THEIR IMPLICATIONS. 
ChatGPT and Claude were prompted to generate descriptions for training graphs based on features of 

level, trend, variability, immediacy, overlap and consistency of data in similar phases. ChatGPT and Claude 
were also prompted to evaluate testing graphs according to the same six features. This strategy was used to 
facilitate a comprehensive and systematic evaluation of SCED graphs based on these six features. Although 
descriptions of data features may be inaccurate, the two GenAIs consistently provided interpretations of the 
six features for both training and testing graphs. When reporting findings in SCED research, most 
researchers explained level explicitly in their report, but the other five data features were less likely to be 
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referred to using specific terms (Wolfe et al., 2024). GenAI can be used to encourage researchers to examine 
and report the six features collectively for determining an intervention effect.       

Compared to the graph descriptions and rating justifications generated by ChatGPT to those generated 
by Claude, we concluded that Claude outperformed ChatGPT in terms of (1) descriptive precision and 
quantitative detail, (2) frequent use of terminology related to specific SCED design forms, and (3) 
confidence in graph interpretation and causal attribution. For both ABAB designs and multiple baseline 
designs, Claude provided more specific numeric data to interpret the graphs, whereas ChatGPT employed 
more general descriptive language. Although details of the logic behind ABAB designs and multiple 
baseline designs were not provided to the two GenAIs in either the training or testing phase, Claude was 
able to interpret the graphs using technical language, such as A1, A2, B1, and B2 phases in ABAB designs 
and staggered introduction in multiple baseline designs. These findings suggest that Claude is preferred 
over ChatGPT for training and assisting researchers and practitioners to explicitly report their identification 
of effects by describing the data features that led to their conclusions.    

PRACTICAL CONSIDERATIONS 

ChatGPT Plus and Claude Pro subscriptions were required for this study, each costing $20 monthly. 
This subscription requirement may limit accessibility for researchers with constrained budgets or those 
seeking to conduct large-scale analyses. Significant differences emerged between the platforms’ usage 
constraints during data analysis. Claude Opus 4 imposed stricter message limits, allowing a maximum of 
eight graph descriptions or rating justifications per session before displaying a "maximum limit reached" 
notification. Once this limit was reached, a mandatory 4-hour waiting period was required before resuming 
work. In contrast, ChatGPT 4o demonstrated more generous usage limits during the study period, with no 
comparable restrictions encountered. These limitations substantially impacted workflow efficiency. The 
frequent interruptions with Claude Opus 4 extended the time required to complete analytical tasks, making 
ChatGPT 4o considerably faster for processing large volumes of SCED data. Researchers planning similar 
analyses should factor these constraints into their timeline and methodology, particularly when working 
with extensive datasets that require multiple AI interactions. 

GenAI systems like ChatGPT and Claude operate based on probabilistic language generation rather 
than deterministic rules, which may result in inconsistent interpretations, especially in cases requiring 
nuanced vertical analysis of SCED data. The same prompt applied to identical graphs could yield 
variations in descriptions or quality ratings across different sessions. This non-deterministic nature poses 
challenges for research reproducibility and requires careful documentation of model versions, timestamps, 
and multiple validation approaches. 

STUDY LIMITATIONS AND FUTURE DIRECTIONS  

The present study investigated the capabilities of ChatGPT and Claude to assist with data analysis in 
SCED research, using data graphs from the Assessing Visual Analysis of Single Case Research Designs 
website (www.singlecase.org). The expert rating of each graph available on the website served as a 
reference for assessing the performance of ChatGPT and Claude in graph analysis. Although findings from 
the present study contribute to a better understanding of the application of GenAI in conducting SCED data 
analysis, additional research is needed before GenAI can be fully applied to support analysis. Below, we 
suggest several directions for future research in light of the limitations of the present study.    

First, rating options used in the present study ranged from 1 (no functional relation) to 7 (strong 
functional relation). These options align with the purposes for visual analysis based on What Works 
Clearinghouse (2017), namely determining the existence of a functional relation between an independent 
variable and an outcome variable and the strength of that relation. Nevertheless, some existing research 
evaluating the performance of a new method or strategy for analyzing SCED data used a binary decision 
(e.g., Fisher et al., 2003; Lanovaz & Hranchuk, 2021; Manolov & Vannest, 2023). To compare GenAI's 
performance with prior findings, future research can examine its ability to make accurate binary decisions. 
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Moreover, future research can investigate the capabilities of GenAI using simulated data. Simulated data 
allow researchers to systematically examine factors (e.g., number of measurements, trend) that may affect 
ratings and interpretations generated from GenAI. Second, the results from ChatGPT were obtained in 
January 2025, and the results from Claude were obtained in May 2025. ChatGPT’s and Claude’s capabilities 
to generate accurate graph descriptions and analyze SCED graphs may improve as they evolve. Future 
research can continue examining the use of ChatGPT and Claude to facilitate the analysis of SCED data. 
Future research may also examine the capabilities of other GenAIs in assisting visual analysis, such as 
DeepSeek and Gemini. Third, the findings of the present study were influenced by the information provided 
to GenAI and the degree of human involvement. The logic behind ABAB and multiple baseline designs 
was not provided to the two GenAIs. No interaction was made between the researchers and GenAI to 
communicate the quality of graph descriptions generated by the GenAIs either. Future research may include 
interaction between the research team and GenAI to optimize graph descriptions provided in the knowledge 
file before testing GenAI’s capabilities to analyze SCED graphs. Lastly, a small number of ABAB and 
multiple baseline graphs were used to train and test ChatGPT and Claude for visual analysis. A large number 
of training and testing graphs with systematic manipulation of potential factors that may affect GenAI’s 
ratings will provide a more comprehensive understanding of GenAI’s capabilities for conducting SCED 
graph analysis.  

CONCLUSION  

In sum, the present study found that Claude outperformed ChatGPT in analyzing SCED graphs. Yet 
the stricter message limits with Claude required extended time allocations to complete tasks. Due to greater 
complexity in analyzing multiple baseline data graphs, ratings on multiple baseline data graphs were less 
aligned to expert ratings than ratings on ABAB data graphs for both Claude and ChatGPT. The findings 
provide insights into the opportunities and challenges of using generative AI as a support tool for analyzing 
SCED data, contributing to broader research on AI for graph analysis. These preliminary findings should 
be further explored in future research, particularly with systematic manipulation of data characteristics 
using a large number of SCED graphs.        
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