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This study evaluated the development and validation of an AI-based model for identifying 
senior secondary school students’ errors in chemistry calculations in Lokoja Metropolis, 
Kogi State, Nigeria. The study adopted a Research and Development (R&D) design. The 
study population comprised all 24,152 SS1 and SS2 students, from which a sample of 
269 students was selected. The instruments used for data collection were the researcher-
developed Chemistry AI Test (CALT) and Identification of Students’ Errors in Chemistry 
Calculations (ISECC) questionnaire. The instruments were validated by two chemistry 
teachers and one Measurement and Evaluation expert. Reliability was established through 
pilot  testing,  and  Kuder–Richardson  Formula  20  and  Cronbach’s  alpha  yielded 
coefficients  of  0.79  and  0.81,  respectively.  Data  were  analysed  using  descriptive 
statistics, while students’ working steps were analysed using the ChemError-AI model to 
classify errors into mathematical/arithmetic, conceptual, formula, unit, interpretation, and 
substitution  categories.  Findings  showed  that  the  ChemError-AI  model  correctly 
classified 58 out of 64 unseen test cases, representing 90.6% accuracy. The findings 
indicate that the model can provide preliminary information about the types of errors  
students  make  in  chemistry  calculations.  It  was  concluded  that  students  experience 
difficulties at different stages of chemistry problem solving and that these difficulties 
extend beyond mathematical operations. It was recommended, among other measures, 
that  teachers  should  receive  practical  training  on  how  to  interpret  AI-generated 
classifications and combine AI-supported information with their professional judgement 
before making instructional decisions. 
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INTRODUCTION
Chemistry calculations involve integrating chemical concepts 
with mathematical techniques to solve quantitative problems. 
Topics  such  as  the  mole  concept,  stoichiometry, 
concentration,  gas  laws,  thermochemistry,  and  acid–base 
reactions  require  students  not  only  to  perform  numerical 
operations but  also to understand the underlying chemical 
principles,  identify relevant information, select appropriate 
relationships or formulas, substitute values correctly, perform 
calculations accurately, and interpret the resulting answers 
within the context of the problem.
Studies have shown that many students struggle to integrate 
these  conceptual  and  procedural  elements  when  solving 
chemistry  calculations.  For  instance,  Rusek  et  al.  (2022) 
found that students often experience difficulties in identifying 
problems, understanding the relevant concepts, and applying 
appropriate  mathematical  procedures.  These  difficulties 
suggest a gap in the integration of conceptual understanding, 
procedural skills, and mathematical foundations required for 
successful chemistry problem solving.
The  challenges  associated  with  chemistry  calculations  are 
also evident in the Nigerian educational context. Upahi and 
Olorundare  (2012)  reported  that  senior  secondary  school 
students  experienced  difficulties  in  solving  stoichiometric 
problems,  particularly  in  connecting known and unknown 
quantities and identifying the relevant information needed to 
solve problems. More recent Nigerian studies have continued 
to  highlight  students’  difficulties  with  applying  chemical 

formulas and mathematical procedures. For instance, Afolabi 
and  Anaekwe  (2025)  reported  difficulties  in  writing  and 
balancing  chemical  equations,  including  challenges  in 
recalling  appropriate  chemical  formulas  and  applying 
relevant procedures. Oladejo et al. (2022) also reported that 
fear of calculations was among the challenges perceived by 
secondary school students in chemistry.
An important concern is not only whether students obtain the 
correct or incorrect answer but also the nature and source of 
the errors made during calculations. A student may make a 
conceptual error by misunderstanding the chemical principle 
required to solve a problem. A formula error may occur when 
an  inappropriate  equation  or  mathematical  relationship  is 
selected. A substitution error may occur when an incorrect 
value is inserted into an appropriate formula. Mathematical or 
arithmetic  errors  involve  incorrect  numerical  operations. 
Interpretation  errors  may  occur  when  a  student 
misunderstands the question or the meaning of a calculated 
result.  Unit  errors  may  involve  omitting  units,  using 
inappropriate  units,  or  failing  to  carry  out  necessary  unit 
conversions.
Research in chemistry has identified several types of errors 
made  by  students  when  solving  quantitative  problems. 
Reports  from WAEC Chief  Examiners  between 2020 and 
2023  have  highlighted  difficulties  in  areas  such  as  mole 
concepts,  stoichiometry,  titration,  gas  laws,  and 
thermochemical  calculations.  Common  difficulties  include 
misinterpreting  questions,  applying  formulas  incorrectly, 
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performing  algebraic  manipulations,  omitting  units,  and 
misreading chemical data. Basuki (2020) identified several 
error  categories  in  students’  solutions  to  stoichiometry 
problems, including conceptual misunderstandings, problems 
with  data  use,  technical  calculation  errors,  and  errors  in 
drawing conclusions. Abdullah et al. (2021) also identified 
patterns  involving  comprehension,  transformation,  process 
skills, and encoding. Understanding distinctions among these 
errors is important for effective diagnosis and remediation. 
An incorrect final answer alone may not reveal the specific 
difficulty  experienced  by  a  student.  For  example,  two 
students may obtain the same incorrect answer even though 
one selected an inappropriate formula while the other selected 
the correct formula but made an arithmetic error. Similarly, a 
student  may  perform  the  calculation  correctly  but  fail  to 
interpret the result or report the appropriate unit. Error-pattern 
analysis  can  therefore  provide  more  detailed  information 
about students’ learning difficulties.
Identifying different types of errors can be challenging when 
teachers have to examine a large number of student responses. 
Manual analysis requires careful attention to the chemical and 
mathematical processes involved and can be time-consuming, 
particularly when students use different solution procedures. 
A diagnostic method that can identify patterns in students’ 
responses could therefore provide useful support to teachers. 
Such  a  method  would  not  replace  teachers’  professional 
judgement but  could help them identify common areas of 
difficulty and target instructional support.
Artificial intelligence (AI) presents a computational approach 
to this diagnostic challenge. In this study, AI is used to learn 
from previously classified student responses and apply the 
learned  patterns  to  new  responses  for  categorization  into 
specific error types. Instead of treating an incorrect answer as 
a  single  outcome,  an  AI-based  diagnostic  model  can 
distinguish  among  conceptual,  formula, 
mathematical/arithmetic, substitution, interpretation, and unit 
errors. However, the usefulness of such a model depends on 
its ability to classify unseen cases accurately and consistently 
across the different error categories.
Evaluation of an AI-based diagnostic model requires more 
than  counting  correct  classifications.  Metrics  such  as 
accuracy,  precision,  recall,  F1-score,  and  the  confusion 
matrix  provide  complementary  information  about 
classification  performance.  A  confusion  matrix  can  show 
whether  cases  from  one  error  category  are  being 
systematically misclassified as another. Kingsley et al. (2025) 
reported the use of confusion matrices, precision, recall, and 
F1-score in evaluating classification models.  Tadese et  al. 
(2025) also demonstrated the use of a confusion matrix to 
identify  classification  outcomes  and  the  use  of  precision, 
recall,  and  F1-score  to  evaluate  machine-learning 
performance. This is important in chemistry because some 
calculation  errors  may  be  closely  related.  For  example, 
selecting  an  inappropriate  formula  can  lead  to  incorrect 
substitution and ultimately to an incorrect final answer. A 
diagnostic model should therefore distinguish among error 
types  rather  than  merely  classify  responses  as  correct  or 
incorrect.
Although  previous  studies  have  examined  students’ 
difficulties and error patterns in chemistry calculations, there 
is limited evidence in the present study context on the use of 
an  AI-based  model  to  classify  different  categories  of 
calculation errors among senior secondary school students. 
Most  existing  studies  have  focused  on  identifying  or 
describing  students’  difficulties  and  error  patterns. 
Systematically  classifying  conceptual,  formula, 
mathematical/arithmetic, substitution, interpretation, and unit 

errors using an AI-based model provides a further diagnostic 
perspective.  Therefore,  this  study  aims  to  develop  and 
evaluate an AI-based diagnostic model for classifying errors 
in  chemistry  calculations  among  senior  secondary  school 
students in Lokoja Metropolis, Kogi State, Nigeria.

MATERIALS AND METHODS
The  study  adopted  a  Research  and  Development  (R&D) 
design. The design was considered appropriate because the 
study  involved  the  identification  and  classification  of 
students’  errors  in  chemistry  calculations  and  the 
development,  testing,  and  evaluation  of  an  AI-based 
diagnostic model. Jacobsen and McKenney (2024) describe 
R&D as a systematic approach involving the investigation of 
an identified problem and the design, development, testing, 
evaluation,  and  refinement  of  an  educational  innovation. 
Descriptive  procedures  were  also  used  to  summarise  the 
identified errors and teachers’ questionnaire responses. The 
population comprised all  SS1 and SS2 students in Lokoja 
Metropolis, Kogi State, Nigeria. Records obtained from the 
Kogi State Ministry of Education, Lokoja Zonal Office, in 
2026 indicated a population of 24,152 SS1 and SS2 students 
(8,550 males and 15,602 females) and 31 chemistry teachers.
A total of 269 students participated in the study and were 
selected  using  stratified  and  simple  random  sampling 
techniques. Their responses to the chemistry calculation tasks 
were  examined  using  the  Chemistry  Error  Diagnostic 
Artificial Intelligence model (ChemError-AI), developed for 
this  research  to  identify  and  classify  errors  in  students’ 
solution procedures. The analysis produced 340 identifiable 
error instances across six predefined categories: conceptual, 
formula,  mathematical/arithmetic,  substitution, 
interpretation, and unit errors. Of the 340 error instances, 276 
(81.2%) were used as training/seen cases, while 64 (18.8%) 
were  reserved as  unseen testing cases.  The  64  evaluation 
cases did not represent an additional group of 64 students; 
they  constituted  a  held-out  subset  of  the  error  instances 
generated from the responses of the 269 students. Because the 
teacher  population  was  relatively  small,  all  31  chemistry 
teachers were included in the study.
Two  instruments  were  used  for  data  collection:  the 
researcher-developed  Chemistry  AI  Test  (CALT)  and  the 
Identification of Students’ Errors in Chemistry Calculations 
(ISECC)  questionnaire.  The  CALT  was  used  to  assess 
students’ performance in chemistry calculations and provide 
working steps for identifying errors. It contained 40 WAEC-
style multiple-choice calculation questions with options A–
D.  A  table  of  specifications  was  used  to  distribute  the 
questions  across  mole  concept,  stoichiometry,  titration 
analysis, gas laws, and thermochemistry. Space was provided 
for  students  to  show their  working  steps  to  facilitate  the 
identification and classification of errors. Each solution was 
examined systematically to identify the stage at  which an 
error occurred. The identified errors were classified into six 
categories:  conceptual,  formula,  mathematical/arithmetic, 
substitution, interpretation, and unit errors. Conceptual errors 
referred  to  incorrect  understanding  or  application  of  a 
chemistry concept; formula errors involved the selection or 
application  of  an  inappropriate  formula; 
mathematical/arithmetic  errors  involved  incorrect 
mathematical operations or calculations; substitution errors 
involved  incorrect  insertion  of  values  into  an  appropriate 
formula;  interpretation  errors  involved  incorrect 
interpretation of the question or calculated result; and unit 
errors involved the use, omission, or inappropriate conversion 
of units.
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The second instrument was a structured questionnaire titled 
Identification of Students’ Errors in Chemistry Calculations 
(ISECC).  It  was  designed  by  the  researcher  to  obtain 
empirical  data  from  chemistry  teachers  about  students’ 
difficulties  in  chemistry  calculations  and  how  AI-based 
diagnostic  models  can  assist  in  identifying  and  analysing 
students’ learning difficulties. It consisted of two sections. 
Section  A  contained  demographic  information  such  as 
gender,  qualification,  and  years  of  teaching  experience. 
Section B contained 30 items on how AI-based diagnostic 
models can assist teachers in understanding students’ learning 
difficulties through error identification, performance analysis, 
personalised  feedback,  prediction  of  learning  challenges, 
and continuous assessment. Responses were measured using 
a four-point Likert scale ranging from Strongly Agree (SA), 
Agree (A), Disagree (D), to Strongly Disagree (SD). A mean 
score of 2.50 or above was accepted, whereas a mean below 
2.50 was rejected. The instruments were validated by two 
chemistry  teachers  and  one  expert  in  Measurement  and 
Evaluation from the Faculty of Education, Federal University 
Lokoja.  The experts  examined the instruments  for  clarity, 
relevance, and appropriateness in relation to the objectives of 
the study, and their suggestions were incorporated into the 
final versions before administration.
The reliability of the instruments was established through a 
pilot  study  conducted  with  respondents  outside  the  main 
sample. The CALT was pilot-tested with a small group of SS2 
students,  while  the  ISECC questionnaire  should  be  pilot-
tested with chemistry teachers who are comparable to the 
study respondents. The reliability coefficients reported were 
0.79 for the CALT using Kuder–Richardson Formula 20 and 
0.81  for  the  ISECC  using  Cronbach’s  alpha.  These 

coefficients indicated satisfactory internal consistency for the 
instruments within the context of the study. The researchers 
visited the selected schools and administered the instruments 
to the selected respondents. The collected data were analysed 
using  descriptive  statistics,  including  frequencies, 
percentages, means, and standard deviations. Responses to 
the teachers’ questionnaire were coded and scored using the 
four-point Likert scale.

RESULTS AND DISCUSSION
Development of the AI-Based Diagnostic Model
The ChemError-AI model was developed using a decision-
tree  classification  algorithm  implemented  in  Python  as  a 
multiclass classification system. The model was designed to 
classify  identified  chemistry  calculation  errors  into  six 
categories:  conceptual,  formula,  mathematical/arithmetic, 
substitution, interpretation, and unit errors. The labelled error 
instances obtained from students’ responses constituted the 
dataset for model development. Of the 340 identified error 
instances,  276  (81.2%)  were  used  as  training/seen  cases, 
while 64 (18.8%) were withheld as unseen testing cases. The 
64  testing  cases  were  not  used  in  training  or  model 
development. After the model had been developed using the 
training cases, the 64 withheld cases were submitted to the 
model for classification. The predicted classifications were 
then  compared  with  the  predetermined  reference 
classifications.

Research Question One
What  is  the  performance  of  the  ChemError-Al model  in 
identifying the different categories of Chemistry calculation 
errors?

Table 1: Distribution of Identified Chemistry Calculation Errors
Error Type Frequency Percentage
Conceptual 71 20.9
Formula 53 15.6
Mathematical/Arithmetic 89 26.2
Substitution 36 10.6
Interpretation 41 12.1
Unit 50 14.7
Total 340 100%

Table 1 shows that mathematical/arithmetic errors were the 
most frequently identified errors, accounting for 89 (26.2%) 
of the 340 error instances. Conceptual errors accounted for 71 
(20.9%), followed by formula errors with 53 (15.6%), unit 
errors with 50 (14.7%), interpretation errors with 41 (12.1%), 

and  substitution  errors  with  36  (10.6%).  The  distribution 
indicates that students’ difficulties in chemistry calculations 
occurred at different stages of the problem-solving process 
and were not limited to mathematical computation.

Table 2: Distribution of Error Instances used for Model Training and Testing
Dataset Frequency Percentage
Training/seen cases 276 81.2
Testing/unseen cases 64 18.8
Total 340 100%

Table 2 indicates that, of the 340 identified error instances, 
276  (81.2%)  were  used  as  training/seen  cases,  while  64 
(18.8%) were reserved as unseen testing cases. The 64 testing 
cases were withheld from model training and were used only 
to evaluate the classification performance of the developed 

AI-based  diagnostic  model.  The  64  cases  represent  error 
instances  rather  than  64  additional  students;  they  were 
derived  from  the  responses  of  the  269  students  who 
participated in the study.

Table 3: Distribution of the AI Model in Precision, Recall, and F1-Score Categories
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Error Type Precision Recall F1-Score
Conceptual 87.5% 87.5% 87.5%
Formula 87.5% 87.5% 87.5%
Mathematical/Arithmetic 92.3% 92.3% 92.3%
Substitution 100.0% 90.0% 94.7%
Interpretation 80.0% 92.3% 85.7%
Macro average 100.0% 91.7% 95.7%
Total 91.2% 90.2% 90.6%

Table 3 indicates that the ChemError-AI model achieved an 
overall accuracy of 90.6%, correctly classifying 58 of the 64 
testing cases. The model recorded the highest precision for 
substitution and unit errors (100.0% each), indicating that all 
cases predicted in these categories were correctly classified. 
Mathematical/arithmetic errors also showed relatively strong 
performance,  with  precision  and  recall  of  92.3%.  The 
relatively lower precision for interpretation errors (80.0%) 
suggests that  some cases predicted as interpretation errors 
belonged  to  other  categories.  Overall,  the  results  show 

variation in classification performance across error categories 
and  indicate  that  the  model  should  be  interpreted  as  a 
preliminary diagnostic support tool rather than a replacement 
for teachers’ professional judgement.

Research Question Two
What are teachers perception of Usefulness of the AI model 
in  understanding  the  nature  of  students  difficulties  in 
chemistry calculations?

Table 4: Mean and Standard Deviation Statistics of Teachers' Perceptions of AI Model Support for Understanding 
Students' Difficulties in Chemistry Calculations (N = 31)

S/N STATEMENT Mean (x̅ ) Std. Dev. Remarks
1 An AI-based diagnostic model can help identify common student 

errors in chemistry
3.14 0.64 Accepted

2 AI can assist teachers in categorizing students’ errors by topic (e.g., 
stoichiometry, mole concepts, gas laws)

2.75 0.56 Accepted

3 AI can assist teachers in categorizing students' errors by topic (e.g., 
stoichiometry, molar concepts, gas laws)

3.30 0.70 Accepted

4 AI feedback can help teachers  design targeted interventions for 
struggling students

3.23 0.68 Accepted

5 AI models can save teachers time in diagnosing students' learning 
difficulties

3.50 0.69 Accepted

6 Integrating  AI  into  teaching  practice  would  improve  lesson 
planning and student support

3.11 0.72 Accepted

7 AI-based  analysis  can  highlight  recurring  misconceptions  that 
teachers might otherwise overlook

2.73 0.45 Accepted

8 AI  tools  can  provide  individualized  feedback  that  supports 
differentiated instruction

3.46 0.59 Accepted

9 AI models can enhance collaboration among teachers by sharing 
diagnostic insights

2.80 0.61 Accepted

10 The  use  of  AI  in  chemistry  teaching  would  improve  students' 
overall academic performance

3.40 0.68 Accepted

Cluster mean and standard deviation 3.14 0.54

Table 4 shows teachers’ perceptions of how the AI model can 
help them better understand students’ difficulties in chemistry 
calculations  in  Lokoja  Metropolis.  The  highest-rated  item 
was  “AI  models  can  save  teachers  time  in  diagnosing 
students’ learning difficulties,” with a mean score of 3.50 and 
a standard deviation of 0.69. Other highly rated items were 
“AI tools can provide individualized feedback that supports 
differentiated instruction,” with a mean of 3.46 and a standard 
deviation of 0.59; “The use of AI in chemistry teaching would 
improve  students’  overall  academic  performance,”  with  a 
mean of 3.40 and a standard deviation of 0.68; and “AI can 
assist teachers in categorizing students’ errors by topic (e.g., 
stoichiometry, mole concepts, gas laws),” with a mean of 3.30 
and  a  standard  deviation  of  0.70.  The  lower-rated  items 
included the statements on detailed error-frequency reports 
(M = 2.75, SD = 0.56), recurring misconceptions (M = 2.73, 
SD = 0.45), collaboration among teachers (M = 2.80, SD = 
0.61), and lesson planning and student support (M = 3.11, SD 
= 0.72). All items were accepted because their mean scores 
exceeded the decision threshold of 2.50.
Discussion 

The finding that the ChemError-AI model correctly classified 
58  of  64  unseen  testing  cases,  representing  an  overall 
accuracy of  90.6%,  suggests  that  the  model  demonstrated 
preliminary classification performance under the reported test 
conditions.  Its  potential  usefulness  lies  in  converting 
students’ responses into identifiable error categories, thereby 
helping teachers move beyond merely recording whether an 
answer is right or wrong. A diagnostic system of this nature 
can provide preliminary information about areas  in  which 
students may need support and can facilitate more targeted 
remediation. This finding is consistent with Almasri (2024), 
whose systematic review reported that AI is being used to 
support  assessment,  feedback,  and  instructional  decision-
making in science education. It is also consistent with the 
OECD (2024), which noted the potential of AI and digital 
technologies to support teachers with assessment and other 
non-teaching tasks. Cooper et al. (2023) reported variation 
in AI performance across chemistry calculation tasks, while 
Kieser et al. (2024) found that ChatGPT performed strongly 
on many chemistry assessment tasks but also produced errors 
and did not always correspond with human grading. These 
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findings underscore the importance of human verification, 
independent validation, and monitoring of model errors. The 
present  result  concerns  a  specifically  trained  diagnostic 
classification model rather than a general-purpose generative 
AI system. The variation in precision, recall, and F1-score 
across categories further indicates that model performance 
may differ according to the type of error being classified.
The finding also showed that the majority of senior secondary 
school teachers in Lokoja Metropolis, Kogi State, agreed that 
an  AI  model  can  help  them  better  understand  students’ 
difficulties in chemistry calculations. The highest-rated item 
was the statement that AI models can save teachers time in 
diagnosing students’ learning difficulties, with a mean score 
of 3.50. This suggests that teachers particularly recognised 
the potential  time-saving value of AI-supported diagnosis. 
The  result  is  consistent  with  Holmes  et  al.  (2023),  who 
discussed the potential of AI to support teaching, assessment, 
and feedback. It is also consistent with the argument of Sanusi 
(2025) that AI integration in STEM education may support 
personalised instruction and assessment.  Roy et  al.  (2024) 
reported that teachers using ChatGPT for lesson preparation 
experienced reduced preparation time during the later stages 
of  their  trial,  while  the OECD (2024) noted that  AI may 
reduce  teacher  workload  through  support  for  marking, 
administration, communication, and related tasks. Samaila et 
al.  (2024)  similarly  examined  teachers’  awareness  and 
readiness to use AI assessment methods in Nigeria. However, 
UNESCO (2023) emphasised that AI in education should be 
human-centred  and  accompanied  by  attention  to  privacy, 
ethical  use,  safety,  equity,  and  institutional  validation. 
Therefore, the teachers’ positive perceptions should not be 
interpreted as evidence that AI can independently diagnose 
students  without supervision.  Rather,  the  findings indicate 
that  teachers  perceive  AI  as  a  potentially  useful  support 
mechanism  that  should  complement,  rather  than  replace, 
professional judgement.

CONCLUSION 
Based on the findings of the study, it was concluded that the 
ChemError-AI  model  demonstrated  preliminary 
classification performance under the reported test conditions, 
correctly  classifying  58  of  64  unseen  testing  cases, 
representing 90.6% accuracy. The findings also showed that 
teachers  generally  perceived  AI-supported  diagnosis 
positively, particularly in relation to its potential to save time 
when  identifying  students’  learning  difficulties.  However, 
because the model did not correctly classify every testing case 
and was evaluated on a relatively small held-out set of 64 
error  instances,  it  should  be  regarded  as  a  supportive 
diagnostic tool rather than a substitute for chemistry teachers. 
Human  judgement,  independent  validation,  continued 
performance monitoring, and appropriate ethical safeguards 
are necessary before broader classroom deployment.
Based  on  the  findings  and  conclusions  of  this  study,  the 
following recommendations were made:

i. The  ChemError-AI  model  should  be  considered  for 
classroom  deployment  only  after  independent 
validation on new and sufficiently diverse datasets and 
with appropriate teacher oversight.

ii. Teachers should receive practical training on how to 
interpret AI-generated classifications and combine AI-
supported  information  with  their  professional 
judgement before making instructional decisions.

iii. Chemistry  teachers  should  diagnose  students’ 
calculation errors beyond the final numerical answer by 
examining  conceptual  understanding,  formula 

selection,  substitution,  unit  handling,  interpretation, 
and mathematical operations.

iv. Schools  should  consider  simple  AI-supported 
diagnostic  tools  as  supplementary  assessment 
resources  for  providing  timely  and  individualised 
feedback to students, subject to appropriate validation 
and oversight.

v. School  authorities  and  relevant  education  agencies 
should improve access to ICT infrastructure, reliable 
internet  connectivity,  and  digital  learning  resources 
required for effective AI-supported instruction.
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