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Abstract

Large language models (LLMs) are increasingly integrated into education, yet their ability to perform
calculation-based tasks and generate scientific visualizations has been limited. This study evaluates
Microsoft Copilot (GPT-5) for chemistry education across four domains: (1) chemical equilibrium,
pH, titration, and buffer calculations; (2) data visualization using histograms, box plots, correlation
plots, and heatmaps; (3) multivariate analysis of periodic table properties through principal
component analysis (PCA); and (4) image interpretation and creation in classroom contexts. Thirty-
three representative questions were tested without additional prompting. Copilot delivered accurate,
step-by-step solutions for acid-base and equilibrium problems, generated high-quality visualizations
directly from uploaded datasets, and produced PCA score and loading plots with proper data
standardization. These results indicate that GPT-5 significantly improves over earlier LLM versions,
offering a practical tool for enhancing conceptual understanding and data literacy in chemistry
education. However, limitations persist in interpreting complex chemical imagery, requiring human
oversight. Future work should focus on refining multimodal accuracy and developing pedagogical
frameworks for responsible Al integration.

Keywords: copilot; large language model; artificial intelligence; box plots; calculations; copilot

1. Introduction

The advent of Large Language Models (LLMs) has marked a transformative era in artificial
intelligence, particularly in their capacity to reshape digital interactions across healthcare, education,
and economic sectors.[1]. Within educational contexts specifically, these Al systems have introduced
paradigm-shifting capabilities in personalized instruction, adaptive tutoring, and dynamic content
creation. Contemporary LLM implementations - including ChatGPT (OpenAl), Gemini (Google),
Copilot (Microsoft), DeepSeek, and Perplexity - have achieved remarkable linguistic fluency,
enabling natural language interactions accessible through common digital platforms. Their
integration into learning ecosystems offers significant pedagogical advantages: facilitating immediate
formative feedback, enhancing learner motivation, and providing intuitive access to complex
problem-solving across STEM and humanities disciplines - all through conversational interfaces
requiring no technical specialization.[2,3]

Since late 2023, ChatGPT has incorporated advanced multimodal capabilities, allowing it not
only to generate text but also to analyze and produce images, upload spreadsheets and does complex
calculations.[4,5] These features were introduced with the release of GPT-4 with Vision (GPT-4V),
enabling users to upload and interpret visual content such as diagrams, graphs, tables, and
handwritten notes. In parallel, the integration of the DALL-E model allows ChatGPT to generate
images from text prompts and perform inpainting —editing specific regions of an image based on
user input. These developments significantly expand the tool’s applicability in educational and
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research contexts, especially for tasks that require visual interpretation or the creation of illustrative
content, such as conceptual diagrams, experimental setups, or visual summaries of data.[6,7]

As of May 2025, DeepSeek had reached its third iteration (V3), coinciding with the release of
DeepSeek-R1—a low-cost yet powerful Al model that triggered a sharp downturn in the U.S. stock
market.[8] The rapid ascent of DeepSeek has drawn global attention to China’s broader Al ecosystem,
which functions under markedly different principles than those of Silicon Valley.[9]

R1 is part of a broader surge in Chinese LLMs development. Originating as a spin-off from a
hedge fund, DeepSeek rose from relative obscurity with the release of its V3, which outperformed
major competitors despite being developed on a modest budget.[10]

In 2024, Nascimento Junior et al.[11] demonstrated that large language models (LLMs) can
interpret and generate certain types of images. Alasadi & Baiz [12] demonstrated that ChatGPT (GPT-
4) can successfully analyze images, including interpreting infrared (IR) spectra and molecular orbital
diagrams of nitrogen.

In the healthcare domain, large language models (LLMs) such as ChatGPT, Gemini, and Copilot
have contributed to improving prostate cancer literacy [13]. Several tools —including Bard, Bing,
ChatGPT, Claude, and Gemini —have been employed in ophthalmology-related studies, particularly
for multiple-choice examinations. These tools have been applied to answer patient inquiries, provide
medical advice, support patient education, assist in triage, facilitate diagnosis and differential
diagnosis, and contribute to surgical planning [14]. In eye care, ChatGPT has enhanced access to
critical information, improved patient engagement, and streamlined triage processes [15].
Additionally, Copilot, Gemini, and ChatGPT-4 have been utilized for the interpretation of Western
blot results [16]. Claude, Copilot, Gemini, ChatGPT, and Perplexity have also been employed to
support postgraduate students in successfully passing the Specialty Certificate Examination in
Dermatology [17].

In chemistry education, LLMs offer a compelling yet underexplored opportunity. Chemistry is
inherently multimodal: learning often depends on interpreting symbolic, visual, and spatial
information. Students are expected to construct and decode molecular structures, Lewis diagrams,
orbital representations, and reaction mechanisms—skills that require both conceptual understanding
and visual literacy.[18-22] While LLMs excel in linguistic tasks and factual recall, their ability to
process or generate chemical imagery accurately remains a significant limitation.[11,12]

Recent studies suggest that although LLMs can describe chemical principles correctly, they
frequently struggle with visual conventions and structural accuracy. For example, when prompted
to generate Lewis structures or stereoisomeric diagrams, models often produce distorted or
chemically invalid results.[23,24] This discrepancy raises concerns about the pedagogical reliability
of these tools, particularly in introductory courses where students rely heavily on accurate visual aids
to develop foundational understanding.[25]

Chatbots such as ChatGPT have been widely used in chemical education for tasks including
scientific writing assignments,[26] enhancing critical thinking skills [27], answering chemistry
questions [28-30], and writing lab reports. While chatbots can now upload datasets and generate
images, their ability to create visualizations —such as box plots, histograms, principal component
analysis plots, and supervised classification models —has not yet been described in the literature. This
is a recent development, as only recently have chatbots gained the capability to handle data and
produce graphical outputs. [5].

At the same time, the integration of image input and interpretation capabilities in modern LLMs
introduces promising pathways for chemistry education. Multimodal models —capable of processing
both text and images—can now identify functional groups in chemical diagrams, recognize reaction
types from schemes, and classify molecular properties from image prompts .[31,32] These features
may be particularly useful in visual tasks such as distinguishing between polar and nonpolar
molecules, understanding the significance of conjugated systems in natural dyes, or interpreting
organic transformations like reduction and hydrolysis. Such affordances point to a future where Al
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could serve as a conceptual scaffold, enabling students to explore chemical ideas interactively, even
if the model lacks perfect visual precision.[33,34]

This study evaluates the capabilities and limitations of Copilot (GPT-5) in supporting chemistry
education across diverse representational formats. Specifically, we examine its ability to: (1) perform
calculations related to chemical equilibrium, pH, and titrations; (2) generate visualizations such as
histograms, box plots, and correlation plots; (3) analyze physicochemical properties of periodic table
elements through box plots, Pearson correlation heatmaps, principal component analysis (PCA), and
correlation matrices; and (4) interpret and create images within classroom learning contexts. Our
approach employs iterative prompting and performance benchmarking using tasks commonly
encountered in high school and undergraduate chemistry curricula.

Overall, the findings provide a nuanced perspective on Copilot’s current role in chemistry
education. Results support its cautious integration as a supplementary tool for conceptual
reinforcement and chemical reasoning. Future advancements in multimodal training and domain-
specific fine-tuning will be essential to fully realize the educational potential of these Al systems

2. Materials and Methods

Questions listed in Table 1 were answered by directly prompting them in Microsoft Copilot 360
(GPT-5). The study was carried out in October 2025. Q2-Q10 were reproduced from Clark et al.[35].
Q1, Q12, Q13 were reproduced from Shallcross et al[36].

Table 1. Representative Chemistry and Data Analysis Tasks Used to Evaluate Copilot’s Performance Questions
Q1-Q16 cover fundamental chemical equilibrium, acid—base calculations, and titrations, while Q17-Q32 address

visualization and statistical analysis tasks, including histograms, box plots, correlation plots, PCA, and

heatmaps.

Questions Task

Q1 Calculate the amount of ethyl ethanoate formed when 2 moles of ethanoic acid and
3 moles of ethanol and 8 moles of water are allowed to come to equilibrium. The
equilibrium constant for the reaction is 3.0.

Q2 Calculate the pH of 0.025 M HI

Q3 Calculate the pH of 0.025 M Sr(OH).

Q4 Calculate the pH of 2.0 M HF. Ka for HF = 6.6 x 10~

Q5 Calculate the pH of 2.0 M CH3NHo,. Kb for CH3NH, = 4.38 x 10~

Q6 Calculate the pH of 0.25 M NH,CI. Kb for NH3 = 1.8 x 10

Q7 Calculate the pH of 0.25 M NaF. Ka for HF = 6.6 x 10~

Q8 How many mL of 0.20 M KOH are needed to neutralize 150 mL of 0.020 M H,504?

Q9 How many mL of 0.20 M HCl are needed to neutra lize 150 mL of 0.020 M Ca(OH).?

Q10 If 25.0 mL of 0.25 M HNOj; is combined with 15.0 mL of 0.25 M CH3;NH,, what is
the pH? Kb =4.38 x 10

Q11 :If 25.0 mL of 0.25 M NaOH is combined with 15.0 mL of 0.25 M CH3;COOH, what
is the pH? Ka=1.8 x 105

Q12 A household cleaner contains ammonia. A 25.37 g sample of the cleaner is dissolved
in water and made up to 250 cm?. A 25.0 cm?® portion of this solution requires 37.3
cm? of 0.360 mol dm? sulfuric acid for neutralization. What is the percentage by
mass of ammonia in the cleaner?

Q13 8.492 g of Ammonium iron (II) sulphate crystals ((NH4)2504.FeSO4+.nH20) were

dissolved in water and the solution was made up to 250 cm?® with distilled water
and diluted sulphuric acid. A 25.0 cm? portion of the solution was further acidified
and titrated against potassium permanganate (VII) solution of concentration 0.0150

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.1242.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 October 2025 d0i:10.20944/preprints202510.1242.v1

4 of 25

mol dm=, requiring 22.5 cm? for neutralization to be achieved. Determine the value
of n.

Q14 An aspirin tablet was ground using a glass rod, and 25 mL of a 1.0 mol/L NaOH
solution was added to the powder. The mixture was then heated for 15 minutes to
ensure complete reaction. After cooling, the excess NaOH was titrated with 20 mL
of a 0.5 mol/L H>SO, solution. Based on this data, calculate the mass of aspirin
present in the tablet. (Molar mass of aspirin = 180.1574 g/mol). The aspirin was
neutralized by NaOH, the, it was hydrolyzed to salicylic acid

Q15 How many moles of sodium ethanoate must be added to 1.00 dm? of 0.0100 mol
dm? of ethanoic acid to produce a buffer solution of pH 5.8?
Q16 : Calculate the pH of the following solutions: a) HCI, 0.1 mol/L

b) Acetic acid, 0.1 mol/L (pKa =4.75)
¢) How many times is the [H*] concentration in the HCI solution greater than that
in the acetic acid solution?

Q17 .For 10 mL of HCI (0.1 mol/L) and 10 mL of acetic acid (0.1 mol/L, pKa =4.75), each
titrated with NaOH (0.1 mol/L).Present both titration curves on the same graph for
comparison.

Load the spreadsheet 1
Q18 Generate histograms for ACPP_FLN*ESYK (Light/Heavy) and, split by AG and

NAG groups. Display both linear and logarithmic scales, include KDE (kernel
density estimation) curves, and overlay the NAG and AG distributions on the same
axis for comparison

Q19 Show same for CLU_EDALN*ETR

Q20 Show the same for age and Serum PSA

Q21 Compare the expression levels of the glycopeptide ACPP_FLN*ESYK between
aggressive (AG) and nonaggressive (NAG) prostate cancer groups using box plots.

Q22 Compare the expression levels of the glycopeptide CLU_EDALN*ETR between
aggressive (AG) and nonaggressive (NAG) prostate cancer groups using box plots

Q23 Compare age and serum PSA between aggressive (AG) and nonaggressive (NAG)
prostate cancer groups using box plots

Q24 Build a correlation plot of ACPP_FLN*ESYK (y-axis) vs CLU_EDALN*ETR (x-
axis), with the data split by AG and NAG groups

Q25 : Build a correlation plot of age vs ACPP_FLN*ESYK (y-axis) and
CLU_EDALN*ETR (x-axis), with the data split by AG and NAG groups
Upload Spreadsheet 2

Q26 Generate a score plot showing the distribution of different physicochemical

properties (e.g., atomic radius, electronegativity, ionization energy) for the
elements in the periodic table.

Q27 Generate a PCA loading plot to display the relationship between variables and
principal components, highlighting their contributions and directions

Q28 Create a Pearson correlation heatmap showing the relationships between the
physicochemical properties of the elements in the periodic table

Q29 Construct a correlation plot comparing the Boiling Point and Melting Point of
elements.

Q30 Construct a correlation plot comparing lonization Energy and Electron Affinity of
elements

Q31 Construct a correlation plot comparing Ionization Energy and Electronegativity of
elements.

Q32 Does a comparison of physicochemical properties among groups (Column E;

metals, nonmetals, and metalloids) using box plot, show all the box plots in the
same image
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3. Chemical Equilibrium
3.1 Chemical Equilibrium, Where K> 1

Although previous studies reported that, as of 2023, large language models (LLMs) often
struggled with calculation-based questions [37,38]. Q1 presented an equilibrium problem involving
an esterification reaction (Eq. 1), where the equilibrium constant K > 1. To address this, Copilot
constructed an ICE (Initial, Change, Equilibrium) table (Table 2), substituted the equilibrium
concentrations into the Kexpression, and applied Bashara’s method to solve for x. It then resolved
the quadratic equation, identified the two mathematical solutions, and determined the only
physically meaningful value. The detailed procedure is provided in the Supporting Information.

Table 2. ICE table built by Copilot.

Species Initial (moles) Change (moles) Equilibrium (moles)
CH3COOH 2 -X 2-x

CH3CH20H 3 -X 3-x
CH3COOCH2CHs 0 +X X

H0 8 +X 8 +x

CH3sCOOH (ethanoic acid)+C2HsOH (ethanol) & CHsCOOC:Hs +H20 (1)

3.2. Strong Acid and Strong Base pH Calculation

In 2023, Clark et al. 3! reported that ChatGPT struggled with answering questions related to acid—
base equilibrium (Table 1; Q2-Q11). Those question were responded using Copilot GPT-5. In
Question 2 , it correctly identified HI as a strong acid, noted that its concentration equals the [H+]
concentration, and calculated the pH using eq. 2.

pH = —logyo(HD). 2)

In Q3, it recognized Sr(OH), as a strong dibasic base, correctly applying [OH-]=2[Sr(OH):], and

then determined the pOH using eq.3, followed by pH calculation using pH=14-pOH.

pOH = —log,,(0.050) (3)

3.3. Weak Acid and Weak Base pH Calculation

In Q4 and Q5, it identified HF as a weak acid and CH3;NH,;, as a weak base, respectively. For the
acid version, they constructed ICE tables and, given the small Ka value, applied the approximation
shown in eq. 4, where Ka is equilibrium constant and F was the weak acid concentration. Then, it
calculated the pH doing pH = -logio[H*]

[H*] = J(KaP), ()

For Q5, a similar approach was used: it set up ICE tables, approximated the [OH-] concentration
as shown in eq. 5, calculated the pH, and converted pOH to pH. In both cases, chatbots calculated the
degree of ionization afterward to confirm that the simplification F—x = F was valid.

[OH™] = \/(KbF), )

Copilot recognized the stoichiometry of the neutralization reaction, noting that 1 mole of H,SO,
reacts with 2 moles of KOH, and applied a direct stoichiometric calculation to determine the required
volume of base. In the base version, they correctly identified that 2 moles of HCl react with 1 mole of
Ca(OH),, performing the appropriate calculations to determine the amount of acid needed. In Q6,
chatbots correctly recognized that both titrations were conducted beyond the equivalence point. In
the acid version, they attributed the final pH to the excess strong acid; in the base version, the pH
was determined based on the excess strong base. While Clark et al. [35] reported in 2023 that ChatGPT
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employed unusual reasoning strategies to solve acid—base problems (Questions 2—6), by June 2025,
all evaluated chatbots demonstrated a conventional, step-by-step approach. These tools are now
capable of delivering accurate and methodologically sound solutions to a wide range of acid-base
equilibrium and neutralization problems, including those involving approximations, stoichiometry,
and titration logic.

3.4. Salts pH Calculation

In Q6 and Q7, the chatbots correctly classified NH,Cl as a weakly acidic salt and NaF as a weakly
basic salt, respectively. Solving both problems using the same ICE table approach. The pH of the
NH4Cl was calculated as the pH of a weak acid, and the pH of NaF was calculated as pH of weak
base.

3.5. Neutralization

In Q8, it recognized the stoichiometry of the neutralization reaction, noting that 1 mole of H,SO,
reacts with 2 moles of KOH, and applied a direct stoichiometric calculation to determine the required
volume of base. In QQ9, it identified that 2 moles of HCl react with 1 mole of Ca(OH),, performing the
appropriate calculations to determine the amount of acid needed.

3.6:. Titration

In Q10, chatbots correctly recognized that both titrations were conducted beyond the
equivalence point, attributed the final acid pH to the excess strong acid added to the weak base. In
Q11, the pH was determined based on the excess strong base. While Clark et al. [35] reported in 2023
that ChatGPT employed unusual reasoning strategies to solve acid—base problems (Questions 2-6),
by June 2025, Copilot demonstrated a conventional, step-by-step approach, delivering accurate and
methodologically sound solutions to a wide range of acid-base equilibrium and neutralization
problems, including those involving approximations, stoichiometry, and titration logic.

Q12-Q14 describes some titration questions that need calculations and some concepts such as
differentiation between direct titrations and back titration.

Q12 is acid base titration involving the direct titration of ammonia in a household cleaner using
sulfuric acid.[39] The cleaner was first diluted in a volumetric flask, and a measured portion of this
solution was titrated. It successfully identified the stoichiometric relationship between ammonia and
sulfuric acid, recognized that only a portion of the cleaner was used in the titration, and accurately
calculated the percentage of ammonia in the cleaner.

Q13 is a direct redox titration involving the analysis of Mohr’s salt using KMnO,.[40,41]. Copilot
calculated the number of moles of Moht’s salt based on the initial mass used in the titration. Using
this information, they determined the number of water molecules in the salt’s hydration sphere.

Q14 concerns the back titration of aspirin [42—44]. Because aspirin is poorly soluble in water, a
back-titration method was used. An excess of NaOH was added to neutralize the carboxylic acid
group and hydrolyze the ester functionality. After heating, the remaining NaOH was titrated with a
standard sulfuric acid solution. The mass of aspirin in the tablet was then determined based on the
stoichiometric relationships between aspirin, NaOH, and H>SO..

3.6. Buffer Calculation

Q15 addresses a buffer system [45,46], composed of a weak acid and its conjugate base. Copilot
employed the Henderson-Hasselbalch equation to determine the amount of conjugate base needed
to reach the target pH. This example illustrates that the model is capable of accurately performing
buffer-related calculations

3.7. Calculation {H+] Ratio
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Q16 involved the calculation of the pH of a strong acid (HCl) and a weak acid (acetic acid),
followed by determining how many times the HCl solution has more [H*] ions than the acetic acid
solution. All chatbots correctly calculated the pH of the HCl solution as 1, using the formula pH = -
log1s[HCI], given that HCl is a strong acid and fully dissociates in solution.

They also correctly identified acetic acid as a weak acid. Since its Ka value is small, the pH was
calculated using the approximation eq. 4. Furthermore, Copilot determined that the HCI solution
contains approximately 75 times more H* ions than the acetic acid solution. This result highlights
their ability to perform chemical calculations and distinguish between strong and weak acids,
demonstrating their potential as effective tools in chemistry education.

3.8. Building Titration Plots

During an acid-base titration, the pH of the solution varies progressively with the addition of
titrant, showing a particularly sharp change near the equivalence point. Strong acids display a steeper
and more pronounced pH transition at the equivalence point than weak acids, which exhibit a
smoother curve due to buffering effects .[47,48]. In Q17, Copilot accurately described the pH behavior
of both strong and weak acids during titration, clearly illustrating that strong acids undergo a sharper
pH change near the equivalence point, whereas for weak acids, the pH at the half-equivalence point
corresponds to the pKa (Figure 1).

Titration Curves: Strong Acid (HCI) vs Weak Acid (Acetic Acid) with 0.1 M NaOH

101

pH (25 °C)

 Veq = 10 mL

—— HCI 0.1 M (10 mL) vs NaOH 0.1 M
—— CH3COOH 0.1 M (10 mL, pKa=4.75) vs NaOH 0.1 M

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
NaOH added (mL)

Figure 1. Titration plot of HCI and acetic acid (10 mL; 0.1 mol/L) against a 0.1 mol/L NaOH solution.

4. Uploading Datasets and Building Images

This section was carried out using the dataset taken from Dong et al[49], the dataset is in the
supporting information (Spreadsheet 1.xlsx). The study developed Parallel Reaction Monitoring
(PRM) assays to quantify two urinary glycopeptides—FLN*ESYK from prostatic acid phosphatase
(ACPP) and EDALN*ETR from clusterin (CLU)—as biomarkers for aggressive prostate cancer. Urine
samples from 142 patients were analyzed, including 69 non-aggressive cases (Gleason score = 6) and
73 aggressive cases (Gleason score > 8). The assays measured Light/Heavy ratios of these
glycopeptides, normalized to heavy isotope-labeled standards, alongside clinical variables such as
serum PSA and age.

4.1. Histograms
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Histograms are a fundamental visualization tool for understanding how data points are
distributed across different ranges (bins). By grouping observations into these bins, histograms reveal
the overall shape of the data—whether it is skewed, uniform, or approximately normal—and help
identify patterns such as clusters, gaps, or outliers. This makes them particularly useful in medical
research for comparing characteristics between groups, such as benign and malignant tumors [50,51].

Kernel Density Estimation (KDE) curves, on the other hand, provide a smooth, continuous
representation of the data distribution. Instead of discrete bars, KDE uses a mathematical function
(the kernel) to estimate the probability density at each point, creating a curve that highlights where
data points are concentrated. This approach is valuable for detecting subtle differences between
groups and identifying multiple peaks or distribution shifts that might be hidden in a histogram.

When Spreadsheet 1 was uploaded and processed using the Q18 prompt, Copilot first generated
separate histograms for ACPP_FLN*ESYK in NAG and AG patient groups (Figure 2). These plots
revealed that the Light/Heavy ratios follow a skewed distribution, which becomes clearer when
transformed to a logarithmic scale. Next, histograms were displayed using the logo transformation
to reduce skewness and highlight relative differences between groups (Figure 3). Finally, Copilot
produced an overlay plot (Figure 4) combining both groups on the same axis, showing that although
aggressive and non-aggressive cases differ in central tendency, their concentration ranges partially
overlap.

Q19 demonstrated Copilot’s ability to generate histograms on both linear and logarithmic scales.
Initially, separate histograms for ACPP_FLN*ESYK in NAG and AG groups were created, revealing
a highly skewed distribution. Applying a log transformation addressed this skewness by
compressing extreme values, making the data more symmetric and easier to interpret. On the original
scale, small changes at low concentrations appeared negligible compared to large values, whereas
log scaling converted multiplicative differences into additive ones—so a two-fold increase looks the
same whether from 0.1 to 0.2 or 10 to 20. Finally, overlaying both groups on a single plot allowed
direct comparison, showing that while aggressive and non-aggressive cases differ in central
tendency, their ranges partially overlap. This approach improves clarity and reduces the influence of
outliers when visualizing biomarker distributions.

ACPP_FLN*ESYK (L/H) — NAG (linear + KDE) ACPP_FLN*ESYK (L/H) — AG (linear + KDE)
g 8 i
» 1
25 E 7
5 i
2.0 i 6 !
1 1
> 1 >5 1
£ I £ i
v15 ] 0 ;
g i g4 :
a | a |
1.0 : 3 7N
; ‘-"‘/ 3 \
- 2 1 | | IR
0.5 i ) _;/ 3 \\\
1 / 1 \
I / ! ~ - |
0.0 i = 0 _ : —es 2 | 8 )
0 2 4 6 -0.25 0.00 0.25 050 0.75 1.00 1.25 1.50
Light/Heavy ratio Light/Heavy ratio

Figure 2. Histograms and KDE for ACPP_FLN*ESYK (Linear Scale) Distribution of Light/Heavy ratios for the
glycopeptide ACPP_FLN*ESYK in urine samples from prostate cancer patients. The left panel shows non-
aggressive (NAG) cases, and the right panel shows aggressive (AG) cases. Histograms illustrate frequency
distribution, while KDE (Kernel Density Estimation) curves provide a smooth representation of data density.
Dashed lines indicate group medians.
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ACPP_FLN*ESYK (L/H) — NAG (log10 + KDE) ACPP_FLN*ESYK (L/H) — AG (log10 + KDE)
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Figure 3. Overlay of NAG and AG Distributions (Logarithmic Scale) Comparison of NAG and AG groups for
ACPP_FLN*ESYK using logio-transformed Light/Heavy ratios. Both histograms and KDE curves are overlaid
on the same axis to highlight differences in distribution shape and central tendency between groups. Log scaling

reduces skewness and emphasizes relative differences.

ACPP_FLN*ESYK (L/H) — Overlay NAG vs AG (log10)
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Figure 4. Histograms and KDE for ACPP_FLN*ESYK (Logarithmic Scale) Distribution of logie-transformed
Light/Heavy ratios for ACPP_FLN*ESYK in urine samples. The left panel represents NAG, and the right panel
represents AG cases. KDE curves reveal density peaks and spread, complementing histograms for visualizing

skewed data.

In Q19, Copilot generated histograms for both NAG and AG groups within the same plot. In the
linear scale visualization (Figure 5), it was difficult to compare the groups due to the skewed
distribution of the data. However, when the data was plotted using a logarithmic scale (Figure 6), the
comparison between the two groups became much clearer and more interpretable.
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CLU_EDALN*ETR (L/H) — Overlay NAG vs AG (linear)
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Figure 5. CLU_EDALNETR Overlay (Linear Scale) Comparison of Light/Heavy ratios between NAG and AG
groups using both histogram and kernel density estimation (KDE). The linear scale highlights distribution

differences, with NAG shown in blue and AG in orange.
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Figure 6. CLU_EDALNETR Overlay (Logarithmic Scale) Logl0-transformed Light/Heavy ratio comparison
between NAG and AG groups. KDE and histogram overlays reveal distribution patterns with enhanced visibility

of lower ratio values. NAG is represented in blue, AG in orange.

In Q20, ages were normally distributed, so a linear scale was used (Figure 7), while PSA
concentrations were shown on a log scale (Figure 8). Histograms indicate that aggressive tumors (AG)
cluster at higher PSA values than non-aggressive tumors (NAG), and KDE curves highlight this trend
with a sharp AG peak and a broader NAG distribution. For age, KDE curves show AG cases
concentrated in older ranges, while NAG cases are more evenly spread. These patterns are key for
understanding risk factors and guiding diagnosis.
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Figure 7. Age distribution comparison between Non-Aggressive (NAG) and Aggressive (AG) groups, showing

histograms, KDE curves, and median age markers.
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Figure 8. Distribution of serum PSA levels (log10 scale) in Non-Aggressive (NAG) and Aggressive (AG) groups,

showing histograms, KDE curves, and median markers.

4.2 Box Plots

Box plots are an important tool for visualizing data, particularly for comparing distributions and
identifying outliers.[52,53]. Q21-Q25 focus on box plot visualizations. In Q21, Copilot generated box
plots for ACPP_FLN*ESYK values on both a linear scale (Figure 9a) and a log-transformed scale
(Figure 9b). The log transformation provided a clearer representation of the data distribution and
highlighted group differences more effectively. Because the dataset did not satisfy normality
assumptions, nonparametric tests were applied for group comparisons. The results from the box plots
(Figure 9b), supported by Mann—Whitney tests, indicated that the AG group exhibited significantly
higher ACPP_FLN*ESYK values compared to the NAG group.
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Figure 9. Comparison of ACPP_FLN*ESYK expression between non-aggressive (NAG) and aggressive (AG)
prostate cancer groups using box plots. (a) Raw scale values with effect size and significance (Welch t p =
8.06x10-%, Mann-Whitney p = 1.85x10% Cohen’s d = —0.47). (b) Log-transformed values showing improved
separation (Welch t p = 6.53x107%; Mann—Whitney p = 1.85x107%; Cohen’s d = 0.69).

In Q22, similar to Q21, Copilot generated box plots for CLU_EDALN*ETR values on both a linear
scale (Figure 10a) and a log-transformed scale (Figure 10b). The log transformation enhanced the
visualization of data distribution and group differences. Statistical analysis confirmed that the AG
group had significantly higher CLU_EDALN*ETR values than the NAG group, as indicated by the
box plots and supported by Mann—Whitney test results.

CLU_EDALN*ETR by Group (raw scale) log(CLU_EDALN*ETR) by Group
Welch t p = 6.793e-02 . [ Welchtp=3673e-02 | .
4 | Mann-Whitney p = 3.380e-02 Mann-Whitney p = 3.380e-02| __
Cohen's d = 0.30 2.5 Cohen's d = -0.35 Fr—
Rank-biserial r = 0.21 Rank-biserial r = -0.21 | b)
- a) —
S e 2.0
&3 &
o *
= = 1.5
& <
é 2 EI 1.0
a 2
;I v] 0.5
1 =3
0 S o0 1
0 | ———— S — -05
NAG AG NAG AG
Group Group

Figure 10. Comparison of CLU_EDALN*ETR expression between non-aggressive (NAG) and aggressive (AG)
prostate cancer groups using box plots. (a) Raw scale values with statistical results (Welch t p = 6.79x10-2; Mann—
Whitney p = 3.38x10-%; Cohen’s d = 0.30). (b) Log-transformed values showing reversed effect direction (Welch t
p = 3.67x1072; Mann-Whitney p = 3.38x1072; Cohen’s d = -0.35).

In Q23, Copilot generated box plots to compare age and serum PSA levels between groups. As
shown in Figure 11a, the AG group was significantly older than the NAG group, as confirmed by the
Mann-Whitney test. Figure 11b displays serum PSA values on a log10 scale, demonstrating that the
AG group also presented significantly higher PSA levels compared to the NAG group.
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Figure 11. Comparison of age and serum PSA between non-aggressive (NAG) and aggressive (AG) prostate
cancer groups using box plots. (a) Age shows a significant difference (Welch t p =7.72x104; Cohen’s d = 1.39).
(b) Serum PSA (loga scale) also differs significantly (Welch t p = 4.52x10-%; Cohen’s d = 0.70.

4.3. Correlation Plots

Correlation plots were a good way to see if the variables were correlated, Q22-Q23 were about
correlations between the data. In Q22, Copilot generated correlation plots for the NAG and AG
groups (Figure 12). Although no significant correlation was observed between ACPP_FLN*ESYK and
CLU_EDALN*ETR when considering the entire dataset, the relationship between these variables was
comparatively stronger within the AG group than in the NAG group.
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Figure 12. Correlation between ACPP_FLNESYK and CLU_EDALNETR in prostate cancer groups on a log10-
log10 scale. (a) NAG group: n = 69; Pearson r = 0.525 (p < 0.001); Spearman ¢ = 0.548 (p < 0.001); R? = 0.276. (b)
AG group: n="73; Pearson r=0.740 (p <0.001); Spearman ¢ =0.704 (p <0.001); R?=0.548. Regression lines indicate

positive associations in both groups, stronger in AG.

In Q23, the relationships between age and the biomarkers ACPP_FLN*ESYK and
CLU_EDALN*ETR were analyzed separately for the AG and NAG groups (Figure 13). Correlation
plots generated by Copilot revealed no significant association between age and either biomarker in
both groups.
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Figure 13. Comparison of log(ACPP_FLN*ESYK) between non-aggressive (NAG) and aggressive (AG) prostate
cancer groups using box plots. Statistical results: Welch t p = 6.53x105; Mann-Whitney p = 1.85x10% Cohen’s d
=0.69; Rank-biserial r = 0.36.

5. Exploring the Physicochemical Properties of Elements in the Periodic Table

Q24 -Q32use the dataset provided in Spreadsheet 2.xIsx (Supporting Information), which
contains the physicochemical properties of the elements in the periodic table.[54] These questions
involve working the physicochemical properties of elements in the periodic table.

5.1. Principal Component Analysis (PCA)

Unsupervised methods in machine learning are a class of algorithms that work with unlabeled
data to identify hidden patterns and intrinsic structures. Unlike supervised methods, which require
a labeled training dataset, unsupervised algorithms aim to discover relationships and organize data
independently[55].

The ability of Copilot to perform unsupervised methods is particularly interesting in the
classroom, as undergraduate and graduate chemometrics courses often struggle to provide graphical
user interface (GUI) software for such applications.[56] While there are good free options available
through coding platforms such as Python and R [57-59], many students are unfamiliar with
programming, which can limit their accessibility.

Principal Component Analysis (PCA) is an unsupervised technique primarily used for
dimensionality reduction. Its goal is to transform high-dimensional data into a smaller set of
variables, called principal components, that capture the most significant variance in the original data
[50,56,60-64]. By identifying the new axes along which the data varies the most, PCA allows for the
visualization and simplification of complex datasets without losing crucial information [65].

PCA works by identifying the directions of maximum variance in the data. If the data is not
normalized, features with a larger range of values (and thus, higher variance) will have a
disproportionately strong influence on the principal components. This can lead to misleading results
where the principal components are simply reflecting the scale of the original features rather than the
underlying structure of the data. Standardization, a common form of normalization, ensures that all
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features are on the same scale, so that each feature's contribution is based on its actual importance
and not its magnitude [65-69]. All chatbots correctly identified that the data required standardization
prior to PCA analysis and automatically standardized the dataset before generating the score plots.

In Q25, Copilot generated the score plot, coloring the elements according to their respective
groups (Figure 14). In Figure 14, Principal Component 1 (PC1) explains 43.8% of the total variance,
while Principal Component 2 (PC2) accounts for 29.5%, together capturing approximately 73.3% of
the overall variability in the dataset. These results demonstrate the effectiveness of Principal
Component Analysis (PCA) in visualizing and summarizing the underlying structure of the data.

As shown in Figure 14, the transition metals are clustered in the center of the plot, halogens are
positioned on the right side, alkali metals appear at the bottom, and the sixth-period transition metals
are located at the upper left region of the plot.

In Q26, the loading plot was analyzed (Figure 15) to interpret the correlations among
physicochemical properties and to relate them to the position of the elements in the score plot (Figure
14). In the loading plot, an angle of approximately 180° between variables indicates a negative
correlation, a 90° angle represents no correlation, and a small angle reflects a strong positive
correlation.

The plot shows a clear correlation among ionization energy, electron affinity, and
electronegativity, while these variables are inversely related to atomic radius. It also indicates that
boiling point, melting point, atomic mass, and density are closely related to each other but not
correlated with ionization energy, electron affinity, or electronegativity.

By comparing the score plot (Figure 14) with the loading plot (Figure 15), it becomes evident
that elements with high melting points, boiling points, atomic mass, and density are located in the
upper left region of the score plot. In contrast, elements with high electronegativity, electron affinity,
and ionization energy are positioned on the right side.
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Figure 14. PCA Score Plot (PC1 vs. PC2) for the Physicochemical Properties of Chemical Elements. Elements are
labeled with their atomic symbols and are color- and shape-coded according to their group in the periodic table
(Groups 1-18). PC1 explains 43.8% of the total variance in the data.
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Figure 15. Loading plot (correlation circle) from the Principal Component Analysis (PCA) of physicochemical

properties of periodic table elements.

5.2. Correlation Plots of the Physicochemical Properties of Elements in the Periodic Table

In Q28, the correlations previously observed in the loading plot are also evident in the Pearson
correlation heatmap (Figure 16). This heatmap illustrates the strength and direction of the
relationships among the physicochemical properties of the elements in the periodic table.
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Figure 16. Plotted the heatmap with a diverging color scale centered at 0 (blue = negative, white = near zero, red
= positive), annotated with the r coefficients.

In Q29-Q31, the relationships identified in the heatmap (Figure 16) were further explored. In
Q29, the correlation between Boiling Point and Melting Point was examined (Figure 17). A strong
overall correlation was observed; however, post-transition metals and carbon deviated noticeably
from the correlation line.

In Q30, the relationship between Ionization Energy and Electron Affinity was analyzed (Figure
18). Although a general trend was apparent, hydrogen, carbon, oxygen, nitrogen, phosphorus, and
the alkali metals deviated from the overall correlation.

In Q31, the correlation between Ionization Energy and Electronegativity was examined.
Questions Q27-Q30 collectively demonstrate a way to explore correlations among the
physicochemical properties of chemical elements using correlation plots.
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Figure 17. Boiling Point vs. Melting Point.
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Figure 18. Ionization Energy vs. Electron Affinity.
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Figure 19. Ionization Energy vs. Electronegativity.

In Q32, Copilot generated the box plots (Figure 20). Each plot illustrates the distribution and
variability of physicochemical properties within each group, highlighting trends such as higher
electronegativity and ionization energy in nonmetals, larger atomic radii and densities in metals, and
intermediate values for metalloids. This question focuses on comparing physicochemical properties
across different groups.
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Figure 20. Pairwise comparison of eight key properties — Atomic Mass, Electronegativity, Atomic Radius,
Ionization Energy, Electron Affinity, Melting Point, Boiling Point, and Density —across three chemical groups
(Nonmetal, Metal, Metalloid).

6. Image Interpretation and Generation in Classroom

Recently, chatbots can also upload and analyze images.[11,12]. To evaluate the ability of chatbots
to interpret chemical reaction schemes, we selected a question involving a transesterification reaction.
The chatbots were presented with the following prompt:

The analytical capabilities of chatbots—particularly their ability to process data and generate
visual representations—can be effectively incorporated into laboratory instruction. For example,
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during a lab session, students measured the density of water using three types of glassware: a beaker
(B), a volumetric pipette (V), and a graduated pipette (G). The objective was to illustrate that the
beaker is unsuitable for precise volume measurements, whereas pipettes offer greater accuracy and
reliability. This hands-on activity, supported by chatbot-assisted data visualization, reinforces key
concepts in experimental design and measurement precision [70].

This objective was successfully achieved, as the results clearly showed that the pipettes provided
more accurate and precise measurements than the beaker. Accuracy was assessed by how close the
measured values were to the reference value (1.00 mg/mL), and precision was evaluated based on
the interquartile range (IQR), with smaller IQR values indicating higher precision. The chatbot also
identified an outlier in the graduated pipette group (0.6544 mg/mL), further enriching the analysis
and discussion.

At the end of the class, students wrote their results on the chalkboard, and an image of the data
was captured and uploaded to the Copilot application using a student's smartphone (Figure 21a).
The prompt used was: "Build box plot for each group (beaker (B), volumetric pipette (V), and
graduated pipette (G))." In response, Copilot generated the boxplots (Figure 21b) and provided a
data-driven discussion. The boxplots clearly showed that the beaker yielded less precise results
(larger IQR) compared to the pipettes, and that the pipettes were more accurate, as their median
values were closer to the reference density (1.00 mg/mL).

Copilot enabled real-time data interpretation and visualization, improving learning outcomes.
Each student was able to generate and analyze boxplots directly on their own smartphone, promoting
engagement and deeper understanding of the concepts discussed.
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Figure 21. a) Water density determined by students during a general chemistry laboratory class, b) box plot
generated of the obtained data using Copilot.

Conclusion

This study demonstrates that Microsoft Copilot (GPT-5) has evolved into a capable tool for
chemistry education, successfully performing tasks that earlier LLMs struggled with. Copilot
delivered accurate, step-by-step solutions for chemical equilibrium, acid-base calculations, titrations,
and buffer systems, while also generating advanced visualizations such as histograms, box plots,
correlation plots, and PCA diagrams directly from uploaded datasets. These capabilities position
Copilot as a valuable resource for enhancing conceptual understanding, promoting data literacy, and
supporting real-time analysis in classroom and laboratory settings.

Despite these advances, limitations remain in interpreting complex chemical imagery and
structural representations, underscoring the need for human oversight. Additionally, the reliability
of Al-generated outputs depends on proper data preprocessing and informed user guidance. Future
work should focus on improving multimodal accuracy, refining domain-specific training, and
developing pedagogical frameworks that integrate Al responsibly into science education.
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