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Electronic Supplementary Materials

S.1 Detailed Datasets Information

FrcSub comprises scores of middle school students on fraction

subtraction objective problems, integrating 536 student interactions on 20

questions containing 8 different knowledge components. MoocRadar is a

rich educational dataset featuring 2,513 exercises, 5,600 knowledge

concepts, and over 12 million behavioral records, such as hints and

attempts. XES3G5M is a newly released dataset comprising 7,652

questions, 865 knowledge components, and 5,549,635 interactions from

18,066 students. The dataset provides abundant question-side information,

including textual content, knowledge concept routes, and answer analysis.

Other statistics of the datasets are presented in Table S1.

Table S1 Detailed statistics of three selected datasets
Statistics Selected datasets

FrcSub MoocRadar XES3G5M
Student 536 14,224 18,066
Exercise 20 2,513 7,652
Skill 8 5,600 865
Record 10,720 over 12,000,000 5,549,635
Time stamp N/A √ √

Average skill 2.8 2.08 1.16
Average record 20 63.1 355.6
Average accuracy rate 53.4% 81.5% 79.6%
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S.2 Implement Details and Reproducibility

This study provided implementation details to enable future researchers

to reproduce experimental results and build upon work. The performance

prediction module outputs binary predictions (0 or 1), representing

whether students has answered the predicted question correctly. If the

large language model (LLM) output is not in the required format, we will

request a new output; if the output is still incorrect, we will resort to

random prediction.

We reproduced all baseline models using the pyKT library (Liu et al.,

2022b). We used the recommended hyperparameters from the original

papers, except for a few models like graph-based knowledge tracing (KT),

where the recommended hyperparameters cause out-of-memory issues.

All baseline models training and inference with ChatGLM3-6B are

performed on a single NVIDIA GeForce RTX 3090 Ti graphic processing

unit (GPU). We used the open-source ChatGLM3-6B and accessed the

closed-source GLM-4 and GPT-4 models through application

programming interfaces (APIs). Since MoocRadar and XES3G5M

datasets contained millions of records, predicting each student’s

performance would require a substantial amount of GPU time and API

tokens. For example, on the MoocRadar dataset, predicting 20 percent of

students’ exercise performance requires approximately 20,000 tokens per

student on average. We split 20 percent of the data as the test set and
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selected student exercise records from the training set as few shots. We

randomly selected different 50 students for prediction and repeated the

experiment 3 times to report the average results. We ensured that our

experimental results had 2-sigma error bars for LLMs’ performances and

3-sigma error bars for baselines.

ChatGLM3-6B performed the best results using random 4 few-shots

on FrcSub-sparse, random 4 few-shots on MoocRadar-scant, and random

4 few-shots on XES3G5M-scant. GLM-4 achieved the best outcomes

using first 16 few-shots on FrcSub-sparse, first 8 few-shots on

MoocRadar-moderate, and random 16 few-shots on XES3G5M-moderate.

GPT-4 performed the best results using first 8 few-shots on FrcSub-scant,

random 8 few-shots on MoocRadar-moderate, and random 8 few-shots on

XES3G5M-moderate. We have released the code of implementing

explainable few-shot KT.
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S.3 Performance Comparison of Different Student Length

We presented the prediction accuracy for a subset of students on the

MoocRadar-sparse dataset when using 4 few-shots and 8 few-shots, as

illustrated in the Figure S1. As the length of student interaction logs

increases, the accuracy using 4 few-shots exhibit a declining trend, while

those using 8 few-shots are relatively stable, validating the statement

from Table 2 and Figure 5. With the increase in the length of student

practice logs, the likelihood of the chosen few-shots being associated

with the test exercise decreases, leading to a decline in performance when

using a small number of few-shots.

Figure S1Accuracy of different student test length in MoocRadar using 4

few-shots and 8 few-shots.
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S.4 Precision and Recall of Overall Performance

We presented error bar of results in Table 1 in Table S2 and the precision

and recall results of all models in the Table S3. Compared to deep

learning-based models, LLMs tend to predict that learners will answer

items correctly, thereby increasing false positives and decreasing false

negatives, resulting in higher recall relative to precision.

Table S2 Standard error bar of the accuracy and F1 score
Input Baseline Dataset

FrcSub MoocRadar XES3G5M
ACC F1 score ACC F1 score ACC F1 score

Full-set DKT 0.0087 0.0145 0.0123 0.0110 0.0066 0.0066
DKVMN 0.0056 0.0137 0.0110 0.0121 0.0052 0.0147
GKT* 0.0133 0.0071 0.0068 0.0068 0.0080 0.0102
AKT 0.0093 0.0079 0.0111 0.0064 0.0079 0.0087
SAKT 0.0096 0.0129 0.0070 0.0101 0.0109 0.0055
SAINT 0.0111 0.0067 0.0057 0.0145 0.0147 0.0131

Few-shot ChatGLM3-6B 0.0155 0.0118 0.0197 0.0178 0.0194 0.0189
GLM-4 0.0103 0.0191 0.0126 0.0166 0.0131 0.0152
GPT-4 0.0130 0.0110 0.0168 0.0144 0.0112 0.0150

Note. ACC: accuracy.

Table S3 Comparison of the precision and recall among baselines in three

datasets
Baseline Dataset

FrcSub MoocRadar XES3G5M
Precision Recall Precision Recall Precision Recall

DKT 0.8020 0.7068 0.9111 0.8663 0.8624 0.9448
DKVMN 0.8001 0.8155 0.9117 0.8572 0.8562 0.9569
GKT 0.8894 0.1835 0.8801 0.8743 0.8410 0.9503
AKT 0.8018 0.7726 0.9115 0.8643 0.8680 0.9482
SAKT 0.8344 0.6630 0.9064 0.8375 0.8544 0.9485
SAINT 0.8201 0.8200 0.9108 0.8710 0.8643 0.9484
ChatGLM3-6B 0.5431 0.8080 0.7473 0.6161 0.8694 0.5293
GLM-4 0.6947 0.9128 0.9513 0.8635 0.8630 0.9362
GPT-4 0.6285 0.9242 0.8692 0.9394 0.8359 0.9100



6

S.5 Results of Different Dataset Modes

We presented the performances of the first 8 selected exercises as

few-shots using GLM-4 and GPT-4 on three modes of MoocRadar dataset,

as depicted in Figure S2.

Figure S2 Performance of the first selected 8 few-shots using GLM-4

and GPT-4 on MoocRadar dataset. ACC: accuracy, F1: F1 score, Pre:

precision.

S.6 Precision and Recall in Discussion

This study presented precision and recall of all experiments. Precision

and recall of different number of few-shots of GLM-4 on three datasets as

shown in Table S4.

Table S4 Precision and recall of different number of few-shots of GLM-4

on three datasets
GLM-4 FrcSub-sparse XES3G5M-sparse XES3G5M-moderate

Precision Recall Precision Recall Precision Recall
4 0.5570 0.9734 0.9293 0.3148 0.8153 0.7103
8 0.6128 0.9893 0.9531 0.6532 0.8638 0.8607
16 0.6947 0.9128 0.9178 0.7664 0.8630 0.9362
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More comparison were implemented between FrcSub and

MoocRadar dataset on the perspective of precision and recall, as well as

their scant modes, as shown in Figures S3 and S4.

Figure S3 Performances of GLM-4 and GPT-4 on FrcSub and

MoocRadar using the first 4 few-shots. Pre: precision.

Figure S4 Precision and recall of different few-shots selection strategies.

Pre: precision.
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S.7 Prompts

We demonstrated the prompts used for LLMs in the experimental setup,

as shown in Figure S5.

Figure S5 Performances of GLM-4 and GPT-4 on FrcSub and

MoocRadar using the first 4 few-shots.
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S.8 More Cases

We present more cases from GLM-4 and GPT-4 practicing explainable

few-shot as shown in Figures S6 and S7.
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Figure S6 Case of GLM4 using four random few-shots on

MoocRadar-moderate.
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Figure S7 Case of GPT-4 using four random few-shots on

XES3G5M-moderate.
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