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Abstract

Using Artificial Intelligence to improve teaching and learn-
ing benefits greater adaptivity and scalability in education.
Knowledge Tracing (KT) is recognized for student model-
ing task due to its superior performance and application po-
tential in education. To this end, we conceptualize and in-
vestigate counterfactual explanation as the connection from
XAI for KT to education. Counterfactual explanations of-
fer actionable recourse, are inherently causal and local, and
easy for educational stakeholders to understand who are of-
ten non-experts. We propose KTCF, a counterfactual expla-
nation generation method for KT that accounts for knowl-
edge concept relationships, and a post-processing scheme that
converts a counterfactual explanation into a sequence of ed-
ucational instructions. We experiment on a large-scale edu-
cational dataset and show our KTCF method achieves supe-
rior and robust performance over existing methods, with im-
provements ranging from 5.7% to 34% across metrics. Ad-
ditionally, we provide a qualitative evaluation of our post-
processing scheme, demonstrating that the resulting educa-
tional instructions help in reducing large study burden. We
show that counterfactuals have the potential to advance the
responsible and practical use of Al in education. Future works
on XAl for KT may benefit from educationally grounded con-
ceptualization and developing stakeholder-centered methods.

Introduction

The use of Artificial Intelligence (AI) to improve educa-
tion has broad benefits for scaling personalized learning
and teaching, from understanding students’ learning sta-
tus to automating instructional decisions (Vincent-Lancrin
and Van der Vlies 2020; Nguyen et al. 2023). Under this
trend, deep learning-based Knowledge Tracing (KT) has be-
come a prominent research area, demonstrating superior per-
formance in modeling students’ knowledge mastery (Piech
et al. 2015; Liu et al. 2025). KT aims to predict a student’s
future performance over time from previous learning history.

However, Al systems may introduce unwanted risk into
education (Alfredo et al. 2024), and such concerns are rec-
ognized by policymakers. The European Union Al Act clas-
sifies educational Al models as high-risk, especially those
determining access, admission, or evaluating learning out-
comes (EU 2024). The Act requires Al providers to “per-
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form model evaluation ... with a view to identifying and miti-
gating systemic risks.” U.S. Department of Education further
emphasizes that Al systems should “leverage automation to
advance learning outcomes while protecting human decision
making and judgment” (Office of Educational Technology
2023). In this regard, Explainable AI(XAI) is key to center-
ing human agency for educational stakeholders and fostering
trust by making predictions understandable (Khosravi et al.
2022).

Most XAI works for KT focus on model-based inter-
pretability, either incorporating attention mechanisms or
integrating educational psychometric theories (Bai et al.
2024). The former inspects the KT model’s internal be-
haviors via attention heatmaps (Ghosh, Heffernan, and Lan
2020; Zhao et al. 2020; Qin et al. 2025), while the latter pre-
dicts psychometric parameters, such as Item Response The-
ory (Baker 2001), and uses those as explanations (Chen et al.
2023; Sun et al. 2024; Huang et al. 2024). While these meth-
ods address ‘what’ questions, this leaves room to explore
‘why?’ and ‘how?’ questions (Miller 2019).

In this work, we investigate the potential of counterfac-
tual XAI for KT and propose KTCF, a novel counterfac-
tual explanation method for KT. Our counterfactual expla-
nations are produced as actionable recourse that is causal,
suggesting input changes to achieve the desired outcome
(Wachter, Mittelstadt, and Russell 2017; Ustun, Spangher,
and Liu 2019; Karimi, Scholkopf, and Valera 2021). We be-
lieve that counterfactual explanations are suitable for edu-
cation, as they show higher user satisfaction and trust than
other explanation forms (Wachter, Mittelstadt, and Russell
2017; Warren, Byrne, and Keane 2024). In KT, an example
explanation is “fo change KT model’s prediction on knowl-
edge concept (KC) kcyg from incorrect to correct, student
should change their response on previously incorrect kce
and kcs.” This explanation may serve as an educational in-
struction that guides student actions in learning process.

Our contributions of this work are:

* We propose a counterfactual explanation generation
method for KT that accounts for KC relationships and
a post-processing scheme to convert a counterfactual ex-
planation to actionable steps of educational instructions.

* We specify conceptualization, problem formulation, and
desired properties of generating a counterfactual expla-
nation for KT under the educational context.
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Figure 1: An application scenario of our counterfactual explanation for KT under an educational context.

An Application Scenario

To illustrate our method’s contribution, we present a hypo-
thetical counterfactual explanation in Figure 1. A student
solves a series of problems on ‘Decimal Arithmetic,’ and a
KT model learns the student’s skill mastery based on the
student’s learning history. The KT model predicts the prob-
ability that the student will answer correctly on ‘Decimal
Division’ at timestep 7 is 0.34, translated as the student’s
skill mastery on ‘Decimal Division’ is low.

Rather than asking about what features were relevant or
what sections of learning history the KT model focused
on for prediction, the student would like to know how to
enhance the mastery of ‘Decimal Division,” translated as
a counterfactual question to achieve the desired outcome:
“how can I change the KT model’s prediction to correct?”

Our KTCF method identifies a sequence of incorrect KCs
to be corrected in the student’s previous learning history,
which translates to indicating changes to the student’s re-
sponse that would flip the KT’s prediction to the desired out-
come. Thus, this explanation can guide the learning process
according to the student’s needs.

In Relation to Educational Theories Our approach is
grounded by Bloom’s Mastery Learning (Block 1971). The
theory operationalizes teaching as initial instruction fol-
lowed by formative assessment. Based on the diagnosis, cor-
rection or review procedures are given to failed students so
that misunderstandings are not propagated. Bloom states,

Students respond best when diagnosis is accompanied
by specific prescription of alternative instruction ma-
terials and processes they can use to overcome their
learning difficulties (Bloom 1968).

Bloom demonstrated the effects of Mastery Learning ver-
sus conventional classes (teacher-student ratio 1:30), and 1 -
1 tutoring. Results show that tutored students’ achievements
are 2 sigma above the conventional class average (Bloom
1984). Bloom termed the ‘2 Sigma Problem,” which aims to
find ways to replicate the effect of 1-1 tutoring for students.

KT models may perform as a highly scalable diagnostic
tool for measuring skill mastery, and our explanation method
could potentially support effective correction or review pro-
cedures, resembling some aspects of 1-1 tutoring. Within
this context, it is conceivable that KT and our explanation
method could serve as a potential solution to the 2-sigma
problem.

38727

Related Works
Counterfactual Explanation for Education

While counterfactual explanation is widely studied in do-
mains such as medicine, finance, and process monitoring
(Wang, Samsten, and Papapetrou 2021; Wang et al. 2023a;
Huang, Metzger, and Pohl 2021), its applications on educa-
tion are relatively underexplored.

Counterfactual explanations for education have been ap-
plied to predicting student performance, detecting at-risk
students, and analyzing dropout patterns. Afrin, Hamilton,
and Thevathyan uses Diverse Counterfactual Explanations
(DiCE) (Mothilal, Sharma, and Tan 2020) to analyze pre-
dictions on whether students will pass or fail at their course
(Afrin, Hamilton, and Thevathyan 2023). Tsiakmaki and Ra-
gos generates counterfactuals guided by the nearest class
prototype for explaining predictions on whether a student
will pass or fail the final exam (Tsiakmaki and Ragos 2021).
Smith, Chimedza, and Biihrmann generates counterfactuals
by perturbing predictors generated by SHAP for explain-
ing whether a student is at risk of failing a course (Smith,
Chimedza, and Biihrmann 2022). Zhang et al. generates and
visualizes counterfactuals for analyzing dropout patterns in
online learning (Zhang et al. 2023a).

For KT, the notion of counterfactual reasoning has been
implemented as a means of aiding model prediction, but
has not been discussed under the XAI context (Wang et al.
2023b; Zhang et al. 2023b; Cui et al. 2024).

Explainable Knowledge Tracing

Aforementioned, there exists two threads of XAI research
for KT, model-based and post-hoc (Bai et al. 2024). Model-
based explanations for KT are presented as heatmaps of
attention weights (Ghosh, Heffernan, and Lan 2020; Zhao
et al. 2020; Qin et al. 2025) and line plots of predicted pa-
rameters for psychometric theories (Chen et al. 2023; Sun
et al. 2024; Huang et al. 2024). Post-hoc explanations for KT
employ KC maps derived from KT predictions and assess lo-
cal feature importance using LRP or SHAP (Lu et al. 2023;
Wang et al. 2022; Valero-Leal, Carlon, and Cross 2023).
These forms of explanation allow for inspecting the in-
ternal workings of KT models and finding input-output
associations. Specifically for local explanations, attention
heatmaps can answer “what part of sequence did the KT
model most focus on when making a prediction?”; psycho-
metric line plots can answer “does the KT model accurately
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Figure 2: An illustration of our proposed KTCF method for generating counterfactual explanations for KT.
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bution does a KC have on the KT’s prediction?”

While existing methods can provide tools for model be-
havior inspection and key features analysis, these do not nec-
essarily translate to immediate and actionable educational
instruction for a specific, unique student. Further, limita-
tions of attention mechanisms for explanations have been
addressed in the previous XAl literature (Serrano and Smith
2019; Bai et al. 2021; Liu et al. 2022a).

Notably, Lu et al. emphasizes stakeholders’ agency in us-
ing KT for educational support, using Deep SHAP to explain
KT prediction as “kc; is your weak skill, influenced by your
performance on kc;, ke, ” (Lu et al. 2024). Their user study
shows that explaining KT’s decisions increases trust, credi-
bility, and knowledge for students and teachers.

Counterfactual Explanations for KT
Problem Conceptualization

Guided by current advice on XAl research (Freiesleben and
Konig 2023; Langer et al. 2021; Miller 2019), we believe
that “explanations are not just the presentation of associa-
tions and causes, they are contextual” (Miller 2019).

We first specify what definition we follow for inter-
pretability and formulate the goal, concepts, and purpose of
counterfactual explanations in education.

We follow the definition of Murdoch et al.,

We define interpretable machine learning as extrac-
tion of relevant knowledge from a machine-learning
model concerning relationships either contained in
data or learned by the model (Murdoch et al. 2019).

Primary goal is of our explanation is to make KT
model predictions understandable to educational stakehold-
ers, which are students, teachers, families and caregivers.

For concepts, we propose explanandum (i.e., what is to be
explained) and explanans (i.e., what we want to explain) for
our work (Miller 2019). We define explanandum for KT as
“how the student learning history would have to be different
for the KT model to predict high mastery of a specific KC?”
and explanans as “students’ previous incorrect KCs to be
corrected.”
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original sequence of a student’s learning history up to time

T, and RMe = [r]"8 70" ... ry"%] be a sequence of stu-
dent’s responses of X. Let f : X°i€ — [0,1] be a trained
KT model that predicts whether a student will give a correct
answer to a KC at timestep ¢. We focus on a target KC at
specific ¢, denoted as Kcareer, Where student’s response is in-
correct and KT model predicted the student response to be
incorrect (§; = f(X}"¥) = 0). kCarger is the last KC in this
sequence. Our objective is to find a counterfactual responses
R =[S 75T - 7S] that constitutes a counterfactual
learning history X' = [(kcy, 750, (kea, rSh), - - -, (key, 750)]
such that KT model predicts positive (§; = f(X*) = 1) for
a specific kciarger-

Properties of Counterfactual Explanations for KT

We propose properties that a ‘good’ counterfactual explana-
tion should have under educational context:

Intervention Sparsity: Counterfactual explanations
should suggest minimum changes as well as be close to
the original learning history (Wachter, Mittelstadt, and
Russell 2017).

Actionability: Counterfactual explanations should in-
clude actionable changes. It is unrealistic to suggest
changing KCs to incorrect when the student already an-
swered them correctly (Wachter, Mittelstadt, and Russell
2017; Verma et al. 2024).

KC Level Granularity: Explanations should be framed
in terms of KCs, not question items. A good explanation
would suggest “improve your ‘Decimal Division’ skill...”
rather than “answer ‘Question 17’ correctly...”

KC Relationship Coherence: Explanations should con-
sider the relationship between KCs. For instance, it
would be implausible to suggest practicing ‘Integer Ad-
dition’ skill to a student solving ‘Algebraic Equations.’

Form of Discrete, Sequential Steps of Actions: Coun-
terfactual explanations should be presented in a series of
actions that would guide students from the current deci-
sion to the desired decision, complying with the purpose
of algorithmic recourse (Verma et al. 2024).



Algorithm 1: KTCF': Counterfactual Explanation for KT

Algorithm 2: Post-processing for Sequential Actions

Input: A student’s learning history X °¢, target KC kciargets
trained KT model f, KC relation graph Gy,

Parameter: Ay, \ic, max iterations Nie,, learning rate 7,
early stopping threshold

Output: An counterfactual response R°" derived from the
original response R°"¢

I: Define mask m where m; < L., ¢ gore[ry"® = 0] for all

t

2: Initialize R°f
3: for iteration from 1 to Nj., do
4: £KTCF <~ Epred + )\spar : £§par + )\kc Ekc
5:  Compute gradient: 6 < V gt Lxrcr
6:  Update counterfactual: R*f < Rf — 1.6
7:  Project onto actionable elements: R < R’ © m +
Rorig 0) (1 _ m)
8: if ‘CKTCF < 7 then
9: break
10:  end if
11: end for

12: return R°f

Methodology

Our KTCF method serves as a local, post-hoc outcome
explanation, formulated as an optimization problem. The
overview of our method is illustrated in Figure 2.

Counterfactual Explanation Given a student’s original

response R = [r(l’"g,rg“g, -, 78] from a learmng his-

tory Xie = [(key,r"8), (kcz, ) e (e, 1)), we
initialize our counterfactual response RCf. Then, we gener-
ate our counterfactual explanation through a stochastic opti-
mization using Adam (Kingma and Ba 2014).

Our loss function is defined as:

ACI»(TCF = Lpred + )\spar . Espar + Aie - Acsz (D

where our prediction loss Lpreq is binary cross entropy be-
tween predicted probability on a counterfactual instance X *f
and the desired probability of 1.0,

Lyrea = —log(f(X)), @)

and sparsity loss L, is Hamming distance between a orig-
inal response R°¢ and the counterfactual response R,

Z I(R"E # RS, (3)
t=1

To ensure that counterfactual explanations suggest KC
changes that are pedagogically sound and closely related to
the kciurger, We introduce a penalty term, KC loss Ly, based
on path distance in the loss function. We utilize an undi-
rected graph of predefined KC relations, Gy, = (Vkc, E),
where Vi is a node set where each node is a KC, and F is
an edge set where each edge e € F indicates a relationship
exists between node K'C; and node K C}.

Input: Original response sequence R, counterfactual re-
sponse sequence R°', KC sequence [kcy, kea, - - - , ke, KC
relation graph Gy = (Vie, ), target KC Ecqarger.

Output: Path H' derived from R°f

. T« {i| R& £ R}

: Skc<—{kci |Z€I}

V" o S U {kurger}

: Initialize distance matrix D € R
: for each k¢; € VCF do

for each kc; € 7" do
Dilkc;, kcj] < DUKSTRA(Gye, ke, kej)
end for
: end for
/ 77CF / /
: Construct subgraph Gy, = (V' , E’, D), where £/ =

{(kci, kej) | kei ke € ch,kcl- # kc;} and edge
weights are D[kc;, kc;]

11: H < GREEDY(G}, kcarget)

12: H' +REV(H)

13: return H’

—CF, _ 57CF
V=XV

—_
=]

The KC loss Ly, aims to penalize changes that are distant
from the kcgret in the KC relation graph, as measured by the
shortest path distance d. Formally, the Ly, is defined as,

> d(kes, kearge) “)

ke; EVCF

where VCF denotes KCs modified in the counterfactual. This
guides the optimization to penalize changes to KCs less rele-
vant to the kciet, abiding by the KC relationship coherence.

We apply an actionability mask m as a crucial step in our
process to ensure only the student’s originally incorrect an-
swers can be modified. It generates counterfactuals that are
only actionable and enforces complete actionability. The full
explanation generation process is described in Algorithm 1.

Post-processing for Sequential Actions After identifying
a set of counterfactual KCs, we convert the explanation to a
sequence of educational instructions using a variation of the
Traveling Salesman Path Problem (TSPP) (Lam and New-
man 2008). Our approach is described in Algorithm 2.
Given Gy, the goal is to find a Hamiltonian path starting

. . —CF
from the Kciarge; Node that traverses all unique nodes in V'
First, we calculate the shortest path distance between every

. —CF . .
node pair of our counterfactual KC set V'~ using Dijkstra’s
algorithm Second we create a new, smaller complete graph

G = (V ,E', D) where edge weights D are the shortest
path dlstance Then, we find a Hamiltonian path H* starting
from the target KC in a greedy manner on Gj,.. The inversed
path is provided as a sequence of actionable steps.

The complexity of Algorithm 2 is O(|VEF|?(|Vi | +
|E)log(|Vkc|)). It is small because KTCF is optimized for
sparsity. Under an educational context, this generates a se-
quential learning instruction that minimizes overall study
burden of students.



Methods Validity(1) Sparsity(}) %Pair:(‘g Actionability(}) Acﬁg‘::('f)hty Time()

Wachter-rand | 07255045  67.355£1033 03382005  40.525£1090  0.617£020  3.791£0.08
DiCE-rand 0.880£0.33  75.587+1473  0.380+£0.07 3532041224  0.504+£025  2.565 £1.87
KTCF-rn 0930 £026 49845844 0250004  0.000=0.00 0000000  3.024 =091
KICF-rand | 07204045  539854+09.18  0271+£005  0.000+0.00  0.000=0.00  4.700 £ 0.06
KTCF-sr 0930 £026 50075771  0252+004  0.000=0.00 0000000  3.065= 115
KTCF—cc 0.685+047  55635+£831  0280+004  0.000+0.00  0.000+000 3772 +0.97
KICF-gs 0920 £027  49.920£7.74  0251+£004 0000000  0.000=+0.00 2202+ 1.52

Table 1: Evaluation results of counterfacutal explanation generation methods KTCF, Wachter, and DiCE on XES3G5M test

data. Best results are shown in bold; second-best are underli

Experiment

We show quantitative and qualitative evaluation of our KTCF
method. Since choosing baselines and evaluation criteria for
counterfactual explanations heavily depend on types of ap-
proaches and the application domain, we select landmark
baselines and evaluation metrics from the previous counter-
factual XAl literature on benchmarking (Mothilal, Sharma,
and Tan 2020; Guidotti 2024; Moreira et al. 2025).

Baselines We compare our KTCF method to two base-
lines; Wachter (Wachter, Mittelstadt, and Russell 2017)
and DiCE (Mothilal, Sharma, and Tan 2020). Although be-
ing a solid stream of counterfactual XAl, we do not con-
sider Prototype or Nearest Unlike Neighbor approaches
(Van Looveren and Klaise 2021; Delaney, Greene, and
Keane 2021) that we regard the learning process of each stu-
dent as idiosyncratic (Bloom 1968).

Evaluation Metrics We choose the following quantitative
evaluation metrics: validity, sparsity, sparsity rate, action-
ability, and generation time. To foster evaluation standard-
ization of XAl research, we mention that selected evaluation
metrics cover four CO-12 properties: Continuity, Compact-
ness, Context, and Contrastivity (Nauta et al. 2023).

Given a test dataset of /V instances with each instance X
has length 7', we define evaluation metrics as follows:

1. Validity(1) measures the fraction of counterfactuals re-
turned that are actually counterfactuals,

S IF(XE > 0.5]
: .

2. Sparsity(]) measures the number of features that have
changed,

T .
Sparsity = — Z Z 1R £ Ry (6)

Validity = 4)

3. Sparsity Rate(|) measures the ratio of features that have
changed relative to the total number of features,

H(Roriggi) 7£Rcf£1))
T

1 ZT
: _ t=1
Sparsity Rate = N Z . (D

4. Actionability(]) measures unactionable changes in
counterfactuals. In KT, an unactionable change occurs

ned.
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when a counterfactual suggests altering a correct re-
sponse to incorrect,

N T
1 e
Actionability = — N> roie — 1 A R _ .

i=1 t=1

®)

5. Actionability Rate(]) is the proportion of all changes
(Sparsity) that are unactionable,

Actionability

9
Sparsity ©)

Actionability Rate =
6. Generation Time(]) measures the time (in seconds) the
algorithm takes to find a counterfactual.

Counterfactual Initialization Generating counterfactuals
for categorical features is a known challenge in counterfac-
tual XAI (Verma et al. 2024). The challenge is especially
severe in KT, where binary student responses make counter-
factual quality highly sensitive to initialization. To empiri-
cally investigate this issue, we experiment with five initial-
ization strategies for binary sequences of student responses:

* Gaussian noise (—rn)

R = R 4 Agise -6, €, ~N(0,1)  (10)
* Random binary (-rand)
R =z 2 ~ Bernoulli(0.5) (11)
* Soft relaxation (-sr)
RT=0(2), 2 ~N(0,1) (12)
¢ Convex combination (—cc)
R = Moo - R 4 (1 — A\o) - 2, 13)

z; ~Bernoulli(0.5), A € [0,1]

* Gumbel-Sigmoid Relaxation (Jang, Gu, and Poole 2016)

(-gs)
R — o <Z+gl—gz>

Atemp
2 ~N(0,1), g1,92 ~ Gumbel(0,1), Aemp >0

(14)

Baselines Wachter and DiCE follow random initializa-
tion(-rand) as indicated in their works.



—+— KTCF-rn

—#*—  Wachter-rn

—— DIiCE-m

40'W
o 3.2
g --—-—.\‘\‘
£ 24

1:6-\

[=R N SRR

Actionab. R.
coocoo

0.010.05 0.1 05 1.0 0.010.05 0.1 05 1.0

/’Lnoise 2fnoise

—— DIiCE-gs

o e e— T

4
1 L o 31
] E 2+
J B

)
0.96 {— =t i = 24
£0.88- 2% £ 13
= 0.80 1 3 56 S 12
< 0.721 & chrd
0'64 ] 521 [ S — S 04
. . . . . . r ' T T T < : , ¥ * *
0.010.05 0.1 0.5 1.0 0.010.05 0.1 05 1.0 0.010.05 0.1 0.5 1.0
Am)ise Anoise knoise
(a) Comparisons of methods with Gaussian noise initialization strategy (—rn) with varying hyperparameter Anoise.
—— KTCF-gs —*—  Wachter—gs
)
0.96 1 90 = 60
£ 0881 2 80 / §45-C—«——/—'—/—+
2 ¥ ki
~ 064 ?50 30

0.1 03 05 1.0 2.0
A'remp

0.1 03 05 1.0 2.0
A'temp

0.1 03 05 1.0 2.0

Actionab. R
SO0
oonoe

0.1 03 05 1.0 2.0 0.1 03 05 1.0 2.0

(b) Comparisons of methods with Gumbel-Sigmoid initialization strategy (-gs) with varying hyperparameter Aemp.

—e— KTCF-rn —#— KTCF-rand

0.96 55.5 1
> ———— >
% 0.88 1 = 54.0 {%—%—*—%—*
5 0801 23251
072 1—%—%—+—x| < 5107
— 0

le-5 le-4 1e-30.01 0.1

;ch ;ch

le-5 le-4 1e-30.01 0.1

—— KTCF-sr

A'temp )vtemp A'temp
—*— KTCF-cc KTCF-gs

8 e e ] i — —x—X

S 12.60 R g ea—

2 E 4 e

A 12.45 = (l)g-

O 1230 {—*—*—*—* -6 1

M 0.0 e——d———%

le-5 le-4 1e-30.01 0.1
;{fkc

le-5 le-4 1e-30.01 0.1
;ch

(c) Comparisons of initialization strategies on KTCF with varying hyperparameter Ai.

Figure 3: Ablation study on the sensitivity of KTCF, Wachter, and DiCE methods’ performance across hyperparameter
variations of initialization strategies —rn and —gs, and across hyperparameter variations of KC Loss Ay..

Dataset We use the XES3G5M (Liu et al. 2023), a large-
scale educational dataset with auxiliary information on KCs.
XES3G5M contains 5,549,635 interaction sequences from
18,066 students on Mathematics. The dataset also provides
relationship information among KCs, which we utilize in our
KTCF method as an undirected graph. The constructed KC
relation graph has 1,175 nodes and 1,304 edges. We evalu-
ate the approaches on 200 randomly selected instances from
students with more than 45% incorrect responses. This se-
lection was made intentionally to focus on students who
could benefit from KTCF while minimizing bias from stu-
dents with all-correct responses.

KT Architecture We use DKT (Piech et al. 2015) as
our main KT architecture. DKT uses an LSTM network to
model student interactions, and shows performance compa-
rable to that of subsequent KT models featuring more ad-
vanced and complex architectures (Liu et al. 2022b). For
standardizing KT research, we use the pyKT library (Liu
et al. 2022b) for data preprocessing, training, and evaluation.

Experimental Setup and KT Performance We run all
our experiments on NVIDIA GeForce RTX 4090 devices,
and experiment setups are identical to pyKT’s setups (Liu
et al. 2022b). We perform 5-fold cross-validation on DKT
and report the test performance. The DKT model demon-
strates 0.8415 accuracy and 0.8358 AUC for validation and
0.8253 accuracy and 0.8226 AUC for test data. For hyperpa-
rameters in Algorithm 1, we set Agpar = 0.1, A = le — 3,
Niter = 200, 1, 7 = le — 4, and A = 0.5.
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Experiment Results

Table 1 presents our evaluation results. Overall, KTCF

outperforms baselines across all metrics. Specifi-
callyy, KTCF-rn improves validity by 28.3% over
Wachter—-rand and 5.7% over DiCE-rand, and

reduces sparsity by 26.0% and 34.0%, respectively.
KTCF-gs achieves 41.9% and 14.2% faster computation
times compared to Wachter-rand and DiCE-rand.
Notably, KTCF produces only actionable counterfactuals,
fully eliminating unactionable modifications.

Our method generates valid counterfactuals with minimal,
actionable changes. KTCF-rn and KTCF—-gs are the most
balanced in validity, sparsity, actionability, and generation
time. By contrast, Wachter and DiCE fail to generate valid
counterfactuals for 27.5% and 12% of students, respectively,
and suggest excessive and unactionable changes.

Initialization strategies using Gaussian noise (-rn), soft
relaxation (-sr), and Gumbel-Sigmoid relaxation (-gs)
yield the best results, suggesting that soft relaxation-based
initializations are most effective. In contrast, hard random
(-rand) and convex combination (—cc) initializations un-
derperform, indicating that hard random starts are ineffec-
tive for generating counterfactual explanations for KT.

Ablation Study We investigate how the choice of initial-
ization hyperparameters influences performance, as depicted
in Figure 3a and 3b. We select two initialization strategies
—-rn and —gs that demonstrate high performance in our fi-
nal result, and compare the performance of three methods
across hyperparameters Apoise and Aeemp-



Methods

Generated Educational Instructions

Total Path
Distance

Wachter

[Treemap, Ring operation cycle issues, Applications of odd and even numbers, Integer difference times,
Find cycle rules in the calendar, Distinguish between leap years and non-leap years, Calendar cycles,
Magic square relationship, Simple statistics table, Counting multiples, Inverted type, Prototype ques-
tions, Variation questions, Counting units of decimals]

77

Wachter

(a)

Integer difference times — Calendar cycles — Ring operation cycle issues — Magic square relationship
— Variation questions — Prototype questions — Inverted type — Counting multiples — Counting units
of decimals — Applications of odd and even numbers — Simple statistics table — Treemap — Find
cycle rules in the calendar — Distinguish between leap years and non-leap years

66

DiCE

[Treemap, Treemap, Ring operation cycle issues, Applications of odd and even numbers, Applications
of odd and even numbers, Modulo operation, How many changes are applied, The problem of two-
quantity difference between dark difference type, Find cycle rules in the calendar, Calendar cycles,
Calendar cycles, Even-order magic square filling method, Magic square relationship, Simple statistics
table, Counting multiples, Inverted type, Variation questions, Two-volume repulsion, Counting units of
decimals, Distinguish between leap years and non-leap years]

95

DiCE (a)

The problem of two-quantity difference between dark difference type — Modulo operation — How
many changes are applied — Calendar cycles — Ring operation cycle issues — Even-order magic
square filling method — Magic square relationship — Counting units of decimals — Applications of
odd and even numbers — Counting multiples — Variation questions — Inverted type — Two-volume
repulsion — Simple statistics table — Treemap — Find cycle rules in the calendar — Distinguish
between leap years and non-leap years

79

KTCF

[Applications of odd and even numbers, Modulo operation, Distinguish between leap years and non-
leap years, Calendar cycles, Counting multiples]

30

Modulo operation — Calendar cycles — Counting multiples — Applications of odd and even numbers

KTCF (a)

— Distinguish between leap years and non-leap years

26

Table 2: Comparisons of educational instructions generated by KTCF, Wachter, and DiCE on instance # 1,452 of the
XES3G5M test data. Rows with (a) indicate results after applying the proposed post-processing scheme. The total path dis-
tance is the sum of the shortest paths between each consecutive pair of KCs in the explanation. Target KC Ky is bolded and
unactionable changes are italicized. KC names are translated into English for readability; the original texts are in Chinese.

Overall, our KTCF method is highly robust across differ-
ent hyperparameter values for both initialization strategies.
KTCF-rn and KTCF-sg performance in validity, sparsity,
and actionability remains consistently high regardless of the
noise level and temperature settings. In contrast, baseline
methods are highly sensitive to these hyperparameters.

To provide intuition for this result, we show the perfor-
mance of KTCF on initialization strategies across ranges of
hyperparameter \y. in Figure 3c. The results indicate that the
KC loss itself strengthens robustness, making performance
consistent to initialization strategies across all values of ..

Qualitative Analysis of Actionable Steps To evaluate our
post-processing scheme for converting counterfactuals to se-
quential actions, we present an actual instance of generated
educational instructions for qualitative comparison in Table
2. For KTCF, we used top performing KTCF—-rn method to
generate instructional steps. For DiCE, we selected the first
explanation among its diverse explanations.

The total path distance is reduced after applying the
post-processing scheme for all methods, indicating that our
scheme effectively finds a path that reduces overall study
burden of the educational instruction. KTCF provides the
fewest educational instructions with complete actionable
suggestions. Though average KC distance for KTCF are
larger (Wachter:DiCE:KTCF=4.71:4.64:5.2), total study
burden is lower(66:79:26) due to KTCF’s superior sparsity.

In Table 2, KCs presented in KTCF are closely related
to the target KC of ‘Distinguishing between leap and non-
leap years.’ To solve this problem, knowledge on divisibility
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rule, calendar cycles, modulo operations, and basic integer
arithmetic are required, which are included in KTCF’s in-
struction. However, instructional steps from Wachter and
DiCE includes seemingly unrelated KCs to ‘Distinguish-
ing between leap and non-leap years,’” such as ‘Treemap,
‘Counting units of decimals,’ ‘Magic square relationship,
and ‘Simple statics table.’

Conclusion

In this work, we propose KTCF, a novel method for gener-
ating counterfactual explanations in KT as well as method
for converting explanation to a sequence of steps for ac-
tionable recourse in education. Our experiments show that
KTCF produces high-quality counterfactuals, and our post-
processing scheme generates sequential educational instruc-
tions to guide learning process. These findings suggest that
our method is effective in providing meaningful explana-
tions that connects KT with its educational purpose and pri-
orities. Although our method is sensitive to initialization due
to the nature of the KT domain, it opens up new possibili-
ties for handling categorical features in counterfactual ex-
planations. Future work will involve conducting a user study
to assess practical impact of KTCF on student learning out-
comes and the potential of LLMs to convert counterfactual
explanations to educational instructions. Overall, our work
contributes to encouraging active discussions on counterfac-
tual XAl for KT and a step towards responsible, stakeholder-
centered applications of Al in education.
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