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ABSTRACT 

 
The ability of large language models (LLMs) to outperform humans on many 

intellectual tasks has created a difficult landscape for assessing student work. One 

strategy is designing assignments to be specifically difficult for AI. However, LLMs 

have been shown to perform well on general chemistry problems across topics, 

and new models continue to make AI-proofing assignments more difficult. In this 

work, we evaluate the recently released GPT-5 Thinking model across a set of 

1736 questions from the Openstax general chemistry textbook. While GPT-5 

achieves near-perfect accuracy overall, categorizing questions by the types of 

cognitive skills required elucidates specific weaknesses. Notably, GPT-5 tends to 

make major errors when asked to create figures. These findings inform best 

practices for AI-resistant assignment design.  
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INTRODUCTION 

 

The recent advances of Large Language Models (LLMs) and seemingly 

ubiquitous availability of LLM-powered chatbots to the general public over the 

last 4 years introduce a novel challenge for educators. Gone are the days where 

educators can assign a problem set to their students and have reasonable certainty 

that the students have applied and synthesized what they have learned in class to 

complete the assignment. For many traditional assignments, a student may simply 

prompt their favorite chatbot with the homework question as assigned and receive 

a comprehensive solution with adequate work shown. With modern LLMs 

outperforming humans on a wide range of intellectual tasks, detecting and 

enforcing rules prohibiting the use of these tools poses an insurmountable burden 

on educators to ensure that students’ work is their own. The perils that modern 

education potentially faces if these AI-powered tools are overused by their students 

is threefold: (1) Students miss an opportunity to reinforce the material covered in 

class through repetition and practice which out-of-class assignments used to 

provide. (2) We fail in our crucial goal as educators if students do not achieve 

mastery of course material, knowledge that is often necessary for success in later 

courses and careers. Previously, such content mastery was ensured as a product of 

assignment completion. (3) Finally, students are robbed of the opportunity to 

develop high-level critical thinking/problem solving skills, and thus self-

confidence, which come from grappling with a problem that they do not 

immediately know how to solve and working through it themselves to reach the 

solution. 

In this age of widespread AI-tool availability, a divergence in educational 

philosophy has emerged: one camp largely sees AI as a threat to academic integrity 

which subverts students’ intellectual development, while the other largely 

embraces AI as a means to drastically increase student productivity. Both of these 

philosophies share the opinion that AI is having a transformative impact on 

education; and it is the responsibility of educators to redesign courses to meet this 

changing academic landscape. One strategy that can appeal to both camps is 

designing AI-proof assignments where the questions asked are those which LLMs 

are known to get incorrect; those who wish to embrace AI use still want students 

to have a solid understanding of its limitations, and for them to learn skills that AI 



93 

cannot yet do trivially. From a constructive alignment perspective, this means not 

only changing the assignments to be AI-proof, but also shifting the course learning 

outcomes towards skills and modes of reasoning cannot be outsourced to AI 

(Biggs, 1996). To this end, designing AI-proof assignments in chemistry has been 

a difficult task to date. Developing adequate coursework in the age of AI is further 

complicated by an ever-moving target presented as newer versions of these tools 

become available. Upon the release of ChatGPT-5 in August of 2025, Sam Altman 

touted its capabilities as akin to “having a team of PhD-level experts in your 

pocket” (Genovese, 2025). 

It is crucial for there to be comprehensive assessments of the capabilities and 

performance of these tools. Extensive research that displays the vast knowledge 

LLMs possess in general chemistry topics, spanning elemental properties, bonding 

theories, thermochemistry, and much more, has been published (vide infra). In 

contrast, in this work we focus on evaluating AI’s abilities broken down by the 

cognitive skills used in these problems. Note that a thorough analysis of the 

performance of these AI tools using a large library of problems that require a range 

of cognitive skills (discussed further in the Research Method section of this 

manuscript). Isolating cognitive skills that remain weak in the latest AI models, 

particularly GPT-5, outlines a new road map for assignment design in the modern 

era. The results and subsequent discussion presented here are a crucial step in 

shifting our assessed student work toward problems that AI struggles with as an 

effective approach, whether our goal as educators is to limit AI use entirely or have 

students work collaboratively with AI. 

 

LITERATURE REVIEW 

 

The education literature responded quickly to the widespread introduction of 

LLMs in late 2022, with ‘AI in education’ emerging as a prolific subfield 

overnight. The first articles focusing on chemistry education specifically 

investigated how effective LLMs were at solving chemistry problems (Clark, 

2023; Clark et al., 2023; Daher et al., 2023; Emenike & Emenike, 2023; Fergus et 

al., 2023; Hallal et al., 2023; Leon & Vidhani, 2023; Tyson, 2023; Watts et al., 

2023). Initial results were unimpressive, with ChatGPT struggling to perform 

calculations (Clark, 2023; Clark et al., 2023; Daher et al., 2023; Tyson, 2023), 

complicated tasks and deep reasoning (Daher et al., 2023; Fergus et al., 2023; 

Hallal et al., 2023), as well as diagrammatic and spatial reasoning (Fergus et al., 

2023; Guo et al., 2023; Mirza et al., 2025; Watts et al., 2023), while performing 

overall better on memorization/recall type questions (Daher et al., 2023). The 

problem of ChatGPT hallucinating references was also noted in several articles 

(Tyson, 2023; West et al., 2023). Within only a year, significant progress in the 

chemistry capabilities of widely available LLMs were made (Alasadi & Baiz, 

2024; Boiko et al., 2023; Bran et al., 2024; Kim et al., 2024; Runcie et al., 2026; 
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Schrier, 2024; Zhang et al., 2024). How effective LLMs are at completing various 

forms of academic work is a central question in education research; it determines 

which types of coursework can now be completed simply by querying a tool like 

ChatGPT, without meaningful student engagement.  

Despite concerns over students using LLMs to bypass coursework, many 

authors saw the emergence of such AI tools with optimism. A number of articles 

discuss LLMs being used as private tutors (Fergus et al., 2023; Humphry & Fuller, 

2023; Kılınç, 2023; Lopez-Gazpio, 2025; Ruff, Engen, et al., 2024; Ruff, Franz, 

and West, 2024); others suggested AI can handle routine tasks while students 

spend their efforts on activities thought to promote deeper learning: checking, 

interpreting, and refining the outputs (Guo & Lee, 2023; Humphry & Fuller, 2023; 

Jones et al., 2024; West et al., 2023; Yik & Dood, 2024; Yuriev et al., 2024). Others 

highlight additional benefits, including enabling students to employ tools like 

programming or data visualization - skills which may have previously been out of 

reach to incorporate formal training in courses where this isn’t the central focus 

(Hasrod et al., 2024; Lear, 2024). 

Evaluating the capabilities and limitations of prominent AI tools continues to 

be a major area of research, with identifying any weaknesses as a cornerstone 

(Alampara et al., 2025; Lopez-Perez et al., 2026; McLeod et al., 2026; Pereira et 

al., 2026; Sharlin et al., 2026; Uçar et al., 2025). Furthermore, the answer to this 

question is constantly evolving, with new AI models rapidly expanding the scope 

of coursework they can do. This work continues in our research with an 

investigation of the performance of the newly released GPT-5 Thinking and GPT-

5.1 Thinking models on a very large (1736 question) set of general chemistry 

questions. We analyze how ChatGPT performs on questions categorized by the 

required cognitive skills. Best practices for designing assignments that cannot be 

trivially performed by current state-of-the-art LLMs are discussed. 

 

RESEARCH METHOD 

 

This study seeks to determine the ability of ChatGPT’s recently launched 

GPT-5 Thinking model (referred to as GPT-5 subsequently, for simplicity) to 

correctly answer problems commonly seen in an introductory chemistry course. 

For this study, we test GPT-5 on a large bank of 1736 questions selected from the 

peer-reviewed open-source textbook “Chemistry: Atoms First 2e” published 

through OpenStax and the University of Connecticut and UConn Undergraduate 

Student Government Association. We include all of the end-of-chapter questions 

from chapters 1-9, covering topics standard for an introductory first-semester 

college general chemistry course. The chapter 1-9 titles are listed below: 

 

1. Essential ideas 

2. Atoms, molecules, and ions 
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3. Electronic structure and periodic properties of elements 

4. Chemical bonding and molecular geometry 

5. Advanced theories of bonding 

6. Composition of substances and solutions 

7. Stoichiometry of chemical reactions 

8. Gases 

9. Thermochemistry 

 

GPT-5 was prompted individually for each exercise, with multi-part exercises 

presented in a single prompt. Any relevant images or information needed to answer 

the questions were included. Importantly, to simulate naive student use, ChatGPT 

was not given hints, guidance, or corrections of any kind. 

Our aim in this work is to focus on determining the specific kinds of questions 

that GPT-5 excels at and struggles with. While one approach is to categorize by 

content (e.g., stoichiometry vs. thermochemistry), we instead look at which 

cognitive skills the questions solicit. As such, we constructed a set of tags that 

indicate the type of cognitive skills required in the question: calculation, 

explanation, creativity, creating a figure, reading a figure, or simulation. Questions 

could be tagged with more than one of the above cognitive skills if needed. 

Furthermore, some questions did not use any of the specific cognitive skills defined 

in this study. Listed below are each of the cognitive skill tags and what is required 

for a question to receive that tag, as well as an example question for each: 

 

1. Calculation: The question requires a calculation beyond trivial arithmetic 

(ex., balancing reactions does not earn this tag). Could be symbolic or arithmetic.  

Example: Chapter 2 Question 50- “The approximate minimum daily dietary 

requirement of the amino acid leucine, C6H13NO2, is 1.1 g. What is this 

requirement in moles?” 

2. Explanation: The question specifically requests an explanation. Example: 

Chapter 5 Question 21- “The bond energy of a C-C single bond averages 347 

kJ·mol−1; that of a C-C triple bond averages 839 kJ·mol−1. Explain why the triple 

bond is not three times as strong as a single bond.” 

3. Creative: The question requests open-ended creative input. Example: 

Chapter 1 Question 22- “Matter is everywhere around us. Make a list by name of 

fifteen different kinds of matter that you encounter every day. Your list should 

include (and label at least one example of each) the following: a solid, a liquid, a 

gas, an element, a compound, a homogeneous mixture, a heterogeneous mixture, 

and a pure substance.” 

4. Creating a Figure: The question requires a picture or diagram to be drawn. 

Example: Chapter 4 Question 61- “Toothpastes containing sodium hydrogen 

carbonate (sodium bicarbonate) and hydrogen peroxide are widely used. Write 
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Lewis structures for the hydrogen carbonate ion and hydrogen peroxide molecule, 

with resonance forms where appropriate.” 

5. Reading a Figure: The question contains an image which must be 

analyzed. Example: Chapter 9 Question 99- “Use the bond energy to calculate an 

approximate value of ∆H for the following reaction. Which is the more stable form 

of FNO2?” 

 

Figure 1 

Image Associated with Chapter 9 Question 99 

 

 

6. Simulation: Requires accessing a website with an embedded simulation. 

Example: Chapter 2 Question 14- “Open the Build an Atom simulation 

(http://openstax.org/l/16PhetAtomBld) (a) Drag protons, neutrons, and electrons 

onto the atom template to make a neutral atom of Oxygen-16 and give the isotope 

symbol for this atom. (b) Now add two more electrons to make an ion and give the 

symbol for the ion you have created.” 

GPT-5’s answers were graded as correct or incorrect, where answers that 

might otherwise be considered partially correct were labeled incorrect. Each 

section of a multi-part exercise was separately graded and tagged. Additionally, 

questions that GPT-5 gave incorrect answers for were resubmitted to the newly 

released GPT-5.1 Thinking model (subsequently referred to as GPT-5.1 for 

simplicity). Note that since we only submitted questions GPT-5 got incorrect to 

GPT-5.1, this is not an independent evaluation of the performance of GPT-5.1. We 

refer to this method of first using GPT-5, and then GPT-5.1 for any question GPT-

5 got incorrect as +GPT-5.1 throughout the text. 

 

RESULTS 

 

The number of questions GPT-5 answered correctly is shown as a raw number 

and a percentage in Table 1. Percent correct scores are tabulated by cognitive skill 

tag as well. An additional percentage column appears on the right-hand side of the 

table (noted as +GPT-5.1) to indicate the revised score when allowing for the 

correction of answers by resubmitting to GPT-5.1, as described in the Research 

Method section. The performance for the entire set of questions is reported at the 

bottom of the table. The percentages reported in the table for GPT-5 performance 

and +GPT-5.1 revisions are visualized as blue and orange horizontal bars in Figure 
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2, respectively. Overall, GPT-5/+GPT-5.1 scored 93.4%/94.5%, demonstrating a 

mastery level of the material generally. 

 

Figure 2 

Performance of ChatGPT on Questions by Intellectual Tag with 95% Confidence 

Intervals  

 

Table 1 

GPT-5 and GPT-5.1 Performance by Cognitive Skill Tag 

 

Cognitive Skill 

Tag 

Number of 

Questions 

GPT-5 Number 

Correct 

GPT-5 % Correct +GPT-5.1 % 

Correct 

Calculation 534 527 98.7  (CI=97.3-99.4) 99.3 

Explanation 171 168 98.2  (CI=95.0-99.5) 98.8 

Read Figure 78 63 80.8  (CI=70.7-88.0) 87.2 

Simulation 29 22 75.9  (CI=57.9-87.8) 82.8 

Create Figure 126 44 34.9  (CI=27.2-43.6) 35.7 

All Questions 1736 1622 93.4  (CI=92.2-94.5) 94.5 

Note: CI represents the 95% confidence interval (Brown et al., 2001; GraphPad 

Software, 2025; Wilson, 1927) 

 

As shown in the first two bars in Figure 2, GPT-5/+GPT-5.1 excels at 

providing correct solutions for questions that require calculations (98.7%/99.3%) 

and questions that require explanations/reasoning (98.2%/98.8%). The sample size 

for questions that are calculation-based (534, ≈ 31%) and explanation-based (171, 
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≈ 10%) in this dataset are sufficiently large for broader conclusions of performance 

for AI-tools (see Discussion section). 

However, GPT-5’s performance on questions with the remaining cognitive 

skill tags decreases significantly. Its performance for questions tagged reading a 

figure (80.8%), interacting with a simulation (75.9%), and creating a figure/plot 

(34.9%) are shown in the 3rd through 5th bars in Figure 2. While resubmitting 

incorrect answers to GPT-5.1 shows improvement for questions requiring reading 

a figure (increased by 6.4%) and interacting with a simulation (increased by 6.9%), 

the performance remains below 90% for both categories. We note that in questions 

where GPT-5 is asked to generate a figure, the result is inaccurate the majority of 

the time, performing well below other cognitive categories. Furthermore, when 

resubmitting incorrect answers to GPT-5.1, the accuracy only increases by a 

meager 0.8%. 

Our results presented above reveal a crucial benchmark for the most recent 

versions of ChatGPT accessible to students. In the following section we discuss 

specific cases where the AI-tool struggles and broader implications for designing 

homework problems in the modern age. It is important to note, however, that AI-

tools have rapidly improved since their debut only 3 years ago, and there will 

certainly be further improvements to the current AI-tools, including future versions 

of ChatGPT. Inevitably, if our goal is to build curricula suitable for the 

contemporary educational landscape, we are presented with an ever-moving target. 

 

DISCUSSION & CONCLUSIONS 

 

In this study, we classified general chemistry questions into distinct cognitive 

skill categories and examined how GPT-5 (or GPT-5.1 for questions GPT-5 

provided incorrect solutions to) performed across these different task types. The 

overall performance, as shown by the last bar in the chart of Figure 2 is exemplary, 

earning a score of 93.4% from the entire dataset of questions. These results indicate 

that a student who entirely uses solutions from GPT-5 would receive appreciable 

credit for any homework assignments built from a random sample from this set of 

chemistry questions. While creating homework assignments that cannot be 

trivially outsourced to common AI tools remains possible, doing so requires 

careful attention to the types of questions included. In this vein, we analyze 

ChatGPT’s performance on general chemistry questions categorized by the distinct 

cognitive skills they require. 

 

Calculation 

 

There were only a few questions with the calculation tag that ChatGPT got 

incorrect. Among these, mistakes were not related to calculation or arithmetic error 

- they resulted from small conceptual mistakes or ChatGPT’s inability to interact 
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with online simulations (vide infra). We note that this substantiates previous work 

that showed current LLMs have great accuracy for these types of questions 

(Alasadi & Baiz, 2024; Boiko et al., 2023; Bran et al., 2024; Kim et al., 2024; 

Schrier, 2024; Zhang et al., 2024). 

 
Simulation 

 
The textbook has problems that require the user to interact with PhET 

simulations, which ChatGPT cannot do. One example is Chapter 1 Question 42, 

which reads “Visit this density simulation (http://openstax.org/l/16phetmasvolden) 

and click the ‘reset’ button to ensure all simulator parameters are at their default 

values. (a) Use the water displacement approach to measure the mass and volume 

of the red block. (b) Use the measured mass and volume data from step (a) to 

calculate the density of the red block. (c) Use the vertical green slide control to 

adjust the fluid density to values well above, then well below, and finally nearly 

equal to the density of the red block, reporting your observations.” In part (a), GPT-

5 identifies the red block as weighing 5kg and a volume of 1.25L, neither of which 

are correct. Those accessing the simulation could identify that the block weighs 

2.5g and has a volume of 4.1mL. GPT-5 links to a URL that discusses a PhET 

simulation, where it describes a red block that has m = 5kg, V = 1.25L, indicating 

where GPT-5 is getting these numbers. In part (b), GPT-5 divides the mass by the 

volume from part (a) to get a density value of 4kg/L for the red block, which would 

be correct if those were the correct mass and volume values. In part (c), GPT-5 is 

able to correctly identify what would happen to the block if the fluid density was 

changed since that question is generalizable to situations not contained in the 

simulation. When this exercise was rerun through GPT-5.1, we saw very 

interesting improvements. In part (a), GPT-5.1 now correctly identifies the red 

block as weighing 2.5g, with a volume of 4.1 mL. GPT-5.1 now links to a different 

URL which has the exercise from the OpenStax textbook as well as the solution. 

Parts (b) and (c) are then done correctly (trivial tasks for ChatGPT). This presents 

an interesting situation: ChatGPT has no way to interact with the online simulation, 

however it is very much capable of searching the internet for any discussion as to 

its contents. There are some interesting implications here, since ChatGPT is pulling 

information directly from discussions of content it has not actually engaged with. 

 

Reading a Figure 

 

Reading figures is something ChatGPT struggles with somewhat - getting 

only 80.8% correct (87.2% when corrected by GPT-5.1). One question which was 

incorrect in GPT-5, but corrected in GPT-5.1 was Chapter 5 Question 18, which 

reads “Identify the hybridization of each carbon atom in the following molecule. 
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(The arrangement of atoms is given; you need to determine how many bonds 

connect each pair of atoms.).” 

 

Figure 3 

Image Associated with Chapter 5 Question 18 

 

GPT-5 said that moving left to right along the chain, the formula implied is 

CH3-CH2-C≡C-CH3, which is not the correct structure, particularly as it only has 

5 carbons, rather than the 6 shown in the picture. It gives hybridizations for each 

carbon as sp3, sp3, sp, sp, and sp3, respectively, which would be correct for the 

structure it gives. 

GPT-5.1 said the following: 

We use the number of σ-bonding electron groups around each C (single, double, 

or triple bonds each count as one group) to get the hybridization. From the H 

pattern you can deduce the bonding pattern of the C chain as H3C-CH2-

C≡C-CH=CH2 
Numbering carbons from left to right: 

C1 in CH3− : 4 single bonds → 4 electron groups → sp3  

C2 in –CH2– : 4 single bonds → sp3 

C3 in −C ≡ C− : one single bond + one triple bond → 2 electron groups → sp  

C4 in −C ≡ C− : one triple bond + one single bond → sp 

C5 in –CH = : one double bond + two single bonds → 3 electron groups → sp2  

C6 in = CH2 : one double bond + two single bonds → sp2 

So the hybridizations (left → right) are: 

C1: sp3, C2: sp3, C3: sp, C4: sp, C5: sp2, C6: sp2. 

 

GPT-5.1 now accurately solves both pieces of this exercise. ChatGPT does 

not, in either case, link to a reference, as it does in the simulation example, 

implying that between GPT-5 and GPT-5.1, the model did, in fact, become more 

readily able to identify pieces of an image. 

 

Creating a Figure 

 

While AI has independently been able to perform complicated reasoning 

tasks and generate high-quality images, creating scientific figures - a task which 

draws heavily on both skills - is something ChatGPT struggles with. We saw both 
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GPT-5 and GPT-5.1 struggle with drawing accurate Lewis structures, orbital 

drawings, and graphs. To illustrate the types of fail points made when constructing 

figures, we have reproduced two incorrect solutions provided by GPT-5.1 in Figure 

4, which are representative of the types of mistakes it makes. The prompt in Figure 

4A, for instance, asks for a sketch of two different atomic orbitals, px and dxz. The 

drawing GPT-5.1 produces for a px orbital gets the shape of the orbital correct but 

fails to properly label the axes. Egregiously, the incorrect solution labels two of 

the axes ‘x’ without providing an axis label for the third. Note also that there is no 

indication of a different phase between the two lobes of the orbit in the drawing. 

Meanwhile, the attempted drawing GPT-5.1 produces for a dxz orbital fails to get 

even the shape of a dxz orbital correct, provides only two axes, and only labels one 

of them. In contrast to the incorrect drawing of the px orbital, this attempted dxz 

orbital drawing includes a relative phase of the lobes, though the overall solution 

is still incorrect, as it does not include the correct number of lobes and the reasons 

listed above. The question in Figure 4A directly tests crucial material that a student 

of general chemistry would be expected to master as part of their studies, and so 

the poor performance exhibited by GPT-5.0/GPT-5.1 is a clear indication that AI 

tools, at least in their current form, cannot reliably perform as well as a proficient 

general chemistry student. The fact that the responses from ChatGPT are not paired 

with any indication of the confidence interval that the solution is correct implies 

that unsuspecting students using ChatGPT may fall into a trap of blindly taking 

results like Figure 4A as true and reinforcing AI hallucinations as their working 

general chemistry knowledge. 

When asked to draw Lewis structures of a hydrogen carbonate ion and a 

hydrogen peroxide molecule as shown in Figure 4B, GPT-5.1 produces a wholly 

incoherent molecule for the former and a different molecule entirely for the latter. 

These incorrect drawings also neglect to draw any resonance structures for either 

molecule. This Lewis structure drawing of a hydrogen carbonate ion has numerous 

problems: the bonds between carbon and hydrogen and between carbon and 

oxygen are bent, one hydrogen has two lone pairs of electrons, another hydrogen 

has a single lone pair of electrons (hydrogen should never get lone pair electrons), 

the oxygen that is double bonded only has one lone pair of electrons, carbon has 

five bonds, and the singly bonded oxygen has two lone pairs with what appears to 

be a bond drawn between the lone pairs. The overall atomic makeup of the 

molecule drawn is different than that of a hydrogen carbonate ion (HCO−
3) as well. 

Meanwhile, when attempting to draw the Lewis structure of hydrogen peroxide, 

the response GPT-5.1 gives the Lewis structure of a non-physical molecule 

containing a quadruply bonded oxygen instead. We note in passing that accurate 

drawings of atomic orbitals and Lewis structures for simple molecules are widely 

available on the internet, obtaining correct answers to these specific types of 

question from non-AI sources is straightforward. 
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Figure 4 

Exemplary Cases of Incorrect Scientific Figures GPT-5.1 Creates  

 

The errors presented in Figure 4 and the poor overall performance of GPT-

5/+GPT-5.1 (34.9%/35.7%) reveal a critical deficiency. Taken alongside the 

exemplary performance for tasks requiring an explanation (98.2%/98.8%) opens a 

window of opportunity for educators to consider when designing “AI-proof” 

assignments. We posit that questions formulated to explain course concepts using 

diagrams and graphs will encourage students to grapple with questions and 

formulate their own responses as those questions focus on cognitive skills AI-tools 

generally lack. In the section below we present another response from GPT-5.1 

that substantiates this hypothesis. 

 

Insubordination and Contradiction 

 

In the previous section, we discussed GPT-5 and GPT-5.1’s poor 

performance when generating figures in response to a prompt. Here we present a 

case where GPT-5.1 receives a multi-part prompt asking for both an explanation 

and diagrams. Interestingly, even though the initial prompt for both GPT-5 and 

GPT-5.1 includes the phrase “Explain using an appropriate diagram” for two parts 

of the question, both versions of GPT included correct explanations of what the 

diagram would show in words, yet both failed to actually generate a diagram for 

either part. We provided a follow-up prompt asking for the diagrams and found 

both GPT-5.0/5.1 responses puzzling. In the case of GPT-5’s response, the 

response to the follow-up prompt included the two diagrams; however, one of the 

two diagrams was incorrect and, in fact, contradicted its correct explanation of 

what the figure should look like in response to the initial prompt. When we re-
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prompted GPT-5.1 to produce diagrams when failing to do so to the initial prompt, 

the response only included a single diagram (see Figure 5) to a part of the question 

that did not request a diagram be drawn. The original part of the prompt that 

corresponds to Figure 5 asks: “In general, under what temperature conditions 

would you expect Z to have the largest deviations from the Z for an ideal gas?” 

GPT-5.1 correctly explains: 

Deviations are largest when intermolecular interactions matter most: 

Low temperature: molecules move slowly; attractions have more time and 

opportunity to pull them together → stronger deviations (big dip in Z, possible 

liquefaction). 

High temperature: molecules move fast; attractions are relatively less 

important → behavior is more ideal, Z → 1. 

So: Z deviates most from 1 at low temperatures (especially near the gas’ 

liquefaction/critical region) and becomes more ideal-like at high temperatures. 

 

However, the diagram GPT-5.1 produced in Figure 5 appears to be 

completely detached from this explanation. The diagram shows a parabola with 

equal deviations at high and low temperatures where Z > 1 and the bottom of the 

parabola dipping below Z = 1. Awareness of this specific limitation of ChatGPT 

presents a useful case where students can work collaboratively with AI: the student 

ultimately needs to be the one creating the drawings, but they can receive guidance 

from ChatGPT in text form. We note in passing that we’ve encountered similar 

results elsewhere, e.g., for Lewis Structures. 

 

Figure 5 

GPT-5.1 Generated Plot of Compressibility Factor, Z vs. T 

 

Our findings demonstrate a clear roadmap to an effective assignment design 

strategy requiring students to engage with course material that leverages the 

limitations discovered in this work. It is important to note that there are emerging 
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AI tools specifically designed for drawing scientific diagrams and chemical 

structures, which may perform better than general purpose language models like 

ChatGPT. Considering the rapid progress made in the AI/LLM chatbot space since 

the introduction of ChatGPT in 2022, one may reasonably expect models in the 

near future to potentially resolve the deficiencies we have discussed in this work. 

Nevertheless, it is crucial that educators are aware of the current capabilities of 

these tools as it has unequivocally changed the landscape of modern education.  

 

Limitations and Future Directions 

 

During the course of developing this manuscript using GPT-5, GPT-5.1 was 

released. This emphasizes how assessing AI’s capabilities is a moving target. The 

release of another new model calls back into question whether there are still 

weaknesses in the abilities of AI as a whole. Therefore, our subsequent analysis 

with GPT-5.1 focused only on verifying that skill gaps were still present in the 

newer model. Therefore, only questions which GPT-5 answered incorrectly were 

tested using GPT-5.1. This does, however, have the limitation that we did not fully 

assess GPT-5.1’s abilities and therefore cannot compare GPT-5.1’s performance 

to GPT-5’s. We also did not look at other LLMs to assess their performance on 

these questions. We suggest that testing their ability to correctly answer only the 

questions GPT-5 answered incorrectly would give insightful information about 

whether they have similar limitations as GPT-5. As new models continue to 

emerge, this presents a quick way to assess their abilities.  

 

Conclusion and Implications 

 

This work is motivated by an interest in creating assignments that cannot be 

trivially completed using widely available AI tools. Whether we as educators want 

our students to work independently or collaboratively with AI, our assessments 

should help students develop skill sets that current AI systems do not possess. 

However, the set of tasks that AI cannot perform reliably is shrinking rapidly. Each 

new model release often eliminates categories of difficulty that were previously 

out of reach. As such, evaluating the performance of new AI models across 

cognitively diverse types of tasks remains an urgent and ongoing research need. 

In this work, we evaluate the recently released GPT-5 Thinking and GPT-5.1 

Thinking models’ ability to answer a large set of college-level general chemistry 

questions. Despite very good performance overall (94.5% correct), the models 

continue to show difficulty with tasks that require interpreting scientific figures 

(87.2% correct), interacting with online simulations (82.8% correct), and 

particularly creating scientific figures (35.7% correct). These limitations are 

expected given the underlying architecture: despite recent multimodal extensions, 
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ChatGPT is still a language- based system at its core; figure interpretation and 

generation are at the moment unreliable.  

These results suggest that instructors should deliberately diversify the 

cognitive skills their assignments require. Emphasis should be placed on tasks that 

require students to manipulate visual information or generate scientific 

representations, which remain meaningful indicators of student learning. 

Incorporating such tasks into homework, laboratories, and examinations also 

aligns well with a long-standing push to have students use higher-order cognitive 

skills, as identified by Bloom et al., including evaluation, synthesis, and analysis 

(Bloom et al., 1956). 

This will be important as introductory chemistry is important for 

understanding more advanced chemistry courses. We need to ensure students learn 

basic chemistry through problem sets before reaching more complex problems that 

ChatGPT may be unable to handle. This is especially true as organic chemistry, 

the next step in chemistry education, is less focused on cognitive skills ChatGPT 

excels at, including calculations and explanations, and more focused on skills it 

has difficulty with, including drawing figures. 
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