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Abstract 

In a recent paper in this Journal (J. Chem. Educ. 2023, 100, 3934-3944), Clark et al. 

evaluated the performance of the GPT-3.5 large language model (LLM) on ten undergraduate pH 

calculation problems. They reported that GPT-3.5 gave especially poor results for salt and 

titration problems, returning the correct results only 10% and 0% of the time, respectively, and 

that despite a correct application of heuristics, the LLM made mathematical errors and used 

flawed strategies. However, these problems are partially mitigated using the more advanced 

GPT-4 model, and entirely corrected using simple prompting and calculator tool use patterns 

demonstrated herein. 
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Recently in this Journal, Clark et al. identified deficiencies in the performance of the 

GPT-3.5 large language model (LLM) on undergraduate acid-base calculation problems that 

limit its educational applications.1  To investigate whether their critiques remain relevant to the 

GPT-4 model (released November 2023), Mathematica 14.02 was used to programmatically 

access the gpt-4-1106-preview model and define prompts and tools (vide infra), and applied to 

the two most difficult questions reported by Clark et al. for the purpose of illustration—pH 

calculations of a salt solution and following titration of a weak base by a strong acid. The 

model’s temperature was set to 1, resulting in different outputs in each trial, so following Clark 

et al., each query was repeated 20 times to sample these output variations. A complete 

computational notebook containing all necessary code and results is provided online.3 In 

principle, similar results could be obtained following Clark et al.’s process of typing the entries 

into the web browser-based ChatGPT Plus;4 programming merely avoids tedious data entry.  

GPT-4 outperforms both GPT-3.5 and human students.  GPT-4 has better 

performance than GPT-3.5 in a variety of tasks,5 including chemistry,6 so one expects similar 

improvements for these acid-base problems.  The same initial prompt was provided for both 

questions, written to facilitate automatic grading: Your goal is to answer a QUESTION. 

When you are complete, report the final numerical answer in the form "ANSWER: 

number". After that, the question was provided. The salt problem was provided as: QUESTION: 

Calculate the pH of 0.25 M NH4Cl. Kb for NH3 = 1.8 * 10^-5.  The titration problem 

was provided as: QUESTION: If 25.0 mL of 0.25 M HNO3 is combined with 15.0 mL of 

0.25 M CH3NH2, what is the pH? Kb for CH3NH2 = 4.38 * 10^-4.  For the salt problem, 

GPT-4 returned the correct answer 12/20 = 60% of the time, a marked improvement over 10% 

and 32% correct rates reported by Clark et al. for GPT-3.5 and general chemistry students, 

respectively.  For the titration problem, GPT-4 is correct 15/20 = 75% of the time, again a 



marked improvement over the 0% and 18% they report for GPT-3.5 and general chemistry 

students. As observed by Clark et al., incorrect GPT-4 answers often arose from calculation 

errors. Numerical calculation errors are a common, and expected, failure mode of any LLM,7 

which is rectified by providing external tool programs.8,9 Tools (also referred to as functional 

calling, or  application programming interface (API) invocation, or plugins) extend an LLM by 

providing the ability to call an external program which may run on the user’s local computer or 

on a network-accessible web service.  Example tools might perform a web-search or evaluate 

computer code and return the corresponding results.   

Tool use and self-reflection prompting enable GPT-4 to achieve perfect results.  Just 

as one would give a student a calculator to perform the task, one can provide the LLM with a 

calculator function tool which takes textual inputs (i.e., digit characters and other function to be 

performed, e.g., +, Log), computes the result, and returns it to the LLM for further use.  Users of 

the web-based ChatGPT Plus might use the WolframAlpha plugin10 or the (python) Code 

Interpreter for this purpose;  for conceptual rigor, the example notebook defines a function that 

can only perform numerical calculations, to dispel criticisms that the LLM is “cheating”.  Merely 

providing a tool is insufficient; one must also instruct the LLM to make a plan and check its 

work.  This is as simple as writing a text prompt that combines chain-of-thought (“Think step by 

step…”) and self-reflective (“Before you return the final answer, evaluate whether it is 

reasonable…”) instructions.11  This prompt is not unlike how one teaches students to define a 

strategy and evaluate if their answer is plausible (e.g., the salt of a strong base should be a weak 

acid, so a basic pH is suspicious). Exploratory investigations described in the computational 

notebook indicated that neither tool-only nor agent-prompting-only strategies were sufficient on 

their own; they needed to be combined. The following initial prompt yields 100% correct 



answers for both questions: Your goal is to answer a QUESTION. Think step by step 

and use the available tool to perform any numerical calculations. Whenever 

you need to perform a numerical calculation use the provided tool. Remember 

that the correct expression for calculating the pH from c = the H3O+ 

concentration is "-Log[10, c]", because pH is calculated as Log-base-10, 

whereas the default Wolfram command is a natural logarithm. Before you return 

the final answer, evaluate whether it is a reasonable answer. If it is not a 

reasonable answer, repeat the calculation. When you are complete, report the 

final numerical answer in the form "ANSWER: number".  In summary, a prompt 

containing the same advice one would offer a struggling student—bring a calculator,  think 

before using it, and consider if the result is reasonable—enables GPT-4 to achieve a perfect score 

on these questions.   

How to write an effective prompt.  Very general prompts, like the one described above, 

may suffice with only minor modification for solving a variety of chemistry problems using the 

current generation of LLMs.  Indeed, for the problems considered here, the only chemistry-

specific prompt content was a reminder on the proper way to convert H3O+ concentration to pH 

using the provided general-purpose calculator tool; even this might be unnecessary if a dedicated 

“compute pH from concentration” tool was provided. In general, prompts should provide 

specific, positive instructions for the intended output—the role or context ("Your goal is…”), 

output format (“report the final numerical answer in the form…”), and task specification (e.g., 

show step-by-step reasoning, use a calculator for certain tasks, etc.). For more challenging 

problems, one can also provide relevant worked examples, additional information, or define 

restrictions to guide the output towards the desired.  

Implications for teaching and learning.  The problems and errors of LLM outputs 

discussed by Clark et al. are only true for their specific choice of GPT-3.5; these limitations are 



mostly resolved by using a better model, and entirely resolved by using an improved promptand 

calculator tool. Teachers should assume that students already have access to this functionality; 

eventually it will be the default. This significantly modifies Clark et al.’s conclusions.  First, the 

integrity of unproctored examinations is far more dire than they suggest, as the strategy 

demonstrated above gives perfect results. Second, unless deliberated hindered, the LLM outputs 

are always correct, and thus no longer provide opportunities for student critique. Alternatively, 

the ability to generate reliable, human-readable explanations on demand means AI is more 

generally applicable than Clark et al. suggest. Third, there is little doubt that AI in general,12,13 

and LLMs in particular,6,14 provide a powerful new tool for chemistry, so teaching its effective 

use is imperative. The procedure described here—providing tools and structured reasoning 

prompts—is already being used by ChemCrow15 and AI-Coscientist16 to direct chemical 

research. Finally, these results increase the urgency of Clark et al.’s call for further education 

research on the use of AI. More broadly, instructors should rethink the purpose and contents of 

introductory chemistry courses, automating tedious calculation and emphasizing higher level 

conceptual and problem-solving skills.  
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