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Abstract Deep learning has found widespread application across diverse domains owing to its exceptional performance.

Nevertheless, the lack of transparency in deep learning models’ decision-making processes undermines their usability, espe-

cially in critical contexts. While researchers have made noteworthy advancements in explaining these models, they have

frequently overlooked the differences between static and temporal models during explanation generation. In temporal mod-

els, features change over time, posing new challenges in the generation of explanations. Though extensive research has been

dedicated to surmounting these hurdles, a survey summarizing these contributions is currently absent. To bridge this gap,

this paper endeavors to summarize existing methods and their contributions in terms of both static and temporal models,

highlighting their disparities. Additionally, we propose an innovative classification approach based on the comprehensibility

of explanations, demonstrating that different explanation methods vary in their understandability for users. Finally, to

assess the limitations of the explanation capabilities of existing methods, we specifically choose knowledge tracing to analyze

the evolution of explanation methods in this context of temporal modeling and interpretations.
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1 Introduction

Artificial intelligence, particularly deep learning,

has demonstrated remarkable performance across var-

ious domains. These impressive achievements often

come at the cost of increased model complexity and the

integration of nonlinearity. This limitation significantly

hampers human understanding of the decision-making

processes of these models, commonly referred to as the

black-box nature of deep learning models. In critical

domains, understanding a model’s decision-making pro-

cess and mitigating potential errors are essential. For

example, in autonomous driving, model errors could re-

sult in fatal accidents.

To solve the above issue, researchers have proposed

explanation methods to assist humans in understand-

ing the decisions made by deep learning models. These

methods have a wide range of applications, such as iden-

tifying features that significantly impact the model’s

output[1] and providing explanations and recommen-

dations for individuals subjected to unfavorable treat-

ment by deep learning decisions, a process known as

recourse[2]. Therefore, a growing number of work is

proposed for generating explanations and mainstream

machine learning libraries have incorporated their own

explainable artificial intelligence libraries, such as Py-

Torch Captum[3]. In some studies[4], “explanation” and
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“interpretation” are considered equivalent, but in oth-

ers, “explanation” refers to explanations provided by

other methods for the model, while “interpretation”

refers to explanations provided by the model itself[5].

In this paper, we will adopt the terminology used by

the original authors when it does not lead to ambiguity.

In other cases, we will provide sufficient information for

readers to differentiate between distinct terminologies.

Recent surveys have summarized these studies from

various perspectives, including the explanation stage[6],

the scope of the explanation[7], and the integration of

external knowledge[4], among others.

However, these surveys have overlooked the differ-

ence between explanation methods for static models

and those for temporal models when summarizing their

findings. Temporal deep learning models have exhib-

ited exceptional performance across a variety of do-

mains, including critical applications such as electronic

health records[8] and clinical early warning systems[9],

but merely providing predictions may not establish ade-

quate trust with users. Some work[10–13] has attempted

to address these challenges. However, there is no review

summarizing these efforts.

In this survey, we aim to address the existing gaps

and provide an updated overview of the progress of ex-

planation generation for both static and temporal mod-

els, with the main contributions summarized below.

• This paper systematically summarizes the devel-

opment of explanation methods, encompassing

the entire lifecycle of explanation methods, in-

cluding design, evaluation, and application. This

perspective aids in understanding key principles

and best practices for designing effective explana-

tions, promoting real-world adoption.

• We provide an overview of the evolution of ex-

plainability in temporal models, extending be-

yond static models. Furthermore, we analyze and

discuss the distinctions between these two do-

mains, emphasizing the necessary advancements

in interpretability techniques to better accommo-

date sequential data.

• We introduce a novel hierarchical taxonomy to

classify and summarize prior arts based on the

comprehensibility of their explanations. This tax-

onomy offers a structured and intuitive way to

categorize existing methods, aiding researchers in

identifying suitable approaches.

• We evaluate the effectiveness of universal inter-

pretable methods on knowledge tracing models

and discuss the challenges and constraints of their

application in this domain. By highlighting their

limitations, we aim to pave the way for future

improvements tailored to knowledge tracing.

The structure of this survey unfolds as follows. We

introduce our hierarchical taxonomy for explanation

methods in Section 2. We present the evolution of static

explanation methods in Section 3. We explore the de-

velopment and advancements of temporal explanation

methods in knowledge tracing in Section 4. We elab-

orate on the evolution of evaluation methods designed

for explanation methods in Section 5. We apply gen-

eral explanation methods to knowledge tracing, where

we evaluate their performance and identify their lim-

itations in Section 6. We explore potential research

directions in Section 7. We conclude in Section 8.

2 A Hierarchical Taxonomy

The details of our hierarchical taxonomy are illus-

trated in Fig. 1. First, we categorize existing methods

into static and temporal based on their application do-

mains, then further classify and summarize them by

their explanation comprehensibility in both contexts.

Static methods refer to explanation methods de-

signed for static models that process static data, such as

images and tables. In contrast, temporal methods are

explanation methods tailored for temporal models that

handle sequential data, including time series and text.

Notably, if an explanation method applies to any model

but does not account for the complexities of temporal

data, it is classified as a static method.

Static methods can be further categorized into three

types: feature-based, concept-based, and instance-

based explanations, with comprehensibility progres-

sively increasing. Similarly, temporal methods are di-

vided into feature/time step based and prototype-based

explanations.
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Explanation Methods
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Comprehensibility of Explanation

Fig.1. Overview of our taxonomy.

3 Static Methods

Static methods generate explanations based on the

assumption that data is time-invariant or lacks tempo-

ral dependencies among features.

3.1 Feature-Based Explanation

Feature-based explanation provides insights by

highlighting the importance of each raw feature in a

model’s prediction. We present an example of im-

age classification models[14] in Fig. 2, where the ex-

planation highlights the parts of the input image that

are significant for the model’s output. Based on

how they assign importance scores to each feature,

we classify feature-based explanation methods into

five categories: gradient-based, attribution propagation

based, perturbation-based, surrogate model based, and

attention-based methods.

3.1.1 Gradient-Based Methods

Gradient-based methods utilize the model output’s

gradient for the features to measure the importance

score of each feature[15]. However, solely relying on gra-

dients may underestimate the importance of features

whose contribution to the output has saturated, which

is referred to as the insensitivity problem. To solve this

problem, Sundararajan et al.[14] proposed Integrated

Gradients, which integrates the gradient along a path

from reference input x̂ to current input x. Therefore,

the fact that attributions of features add up to the

difference between the output at the inputs and the

baseline solves the insensitivity problem. As shown in

Fig. 2, the Integrated Gradients method generates a

saliency map with clearer salient features. When the

(a) (b) (c)

Fig.2. Example of saliency map generated by Integrated Gradi-
ents and Gradient. (a) Original image. (b) Integrated Gradients.
(c) Gradients.

trajectory is the straightline path between x̂ and x, the

important score S(xi) of the i-th feature of x to model

f is defined as follows:

S(xi) = (xi − x̂i)

∫ 1

α=0

∂f(x̂+ α(x− x̂))

∂xi
dα.

However, gradient-based methods often generate

noisy explanations. Although interpretable methods

highlight the important regions of the image, the noise

affects the interpretability’s clarity. To address this is-

sue, Smooth-Grad[16] initially generates multiple per-

turbed versions of the image of interest by adding noise

and subsequently averages the importance scores over

these perturbed instances. Kapishnikov et al.[17] found

that high-magnitude gradient regions in the Integrated

Gradients method can cause noisy explanations. To ad-

dress this, they proposed the Guided Integrated Gra-

dients (Guided IG) method, which adapts the gradi-

ent integration path based on the input, baseline, and

model. The saliency-guided training method[18] itera-

tively masks input features with noisy gradients while

minimizing the KL divergence between the outputs of

the original and masked inputs. Additionally, a few

studies aim to identify and address theoretical deficien-

cies in the Integrated Gradients method. Lundström et

al.[19] observed that the assumptions of function spaces
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in the Integrated Gradients method are unavailable in

the deep learning context. To address this limitation,

they introduced an additional axiom, non-decreasing

positivity, and rigorously extended it to a diverse deep

learning function space.

3.1.2 Attribution Propagation Based Methods

Similar to gradient-based methods, attribution

propagation techniques use backpropagation to gener-

ate explanations. The key difference is that they at-

tribute contributions between adjacent layers rather

than relying on gradients.

Layerwise Relevance Propagation (LRP)[20] begins

at the output layer and iteratively redistributes the out-

put scores, moving layer by layer, until reaching the in-

put layer. ϵ-LRP is a commonly used implementation

method. It calculates the relevance r
(l)
i of unit i in layer

l using the following process:

r
(l)
i =

∑
j

zji∑
i′ (zji′ + bj) + ϵ · sign (

∑
i′ (zji′ + bj))

r
(l+1)
j ,

where zji represents the weight of the activation from

neuron i to neuron j in the subsequent layer. The rel-

evance r
(l+1)
j denotes the relevance of unit j in layer

l + 1, while bj represents the bias of unit j. Addition-

ally, ϵ is a small value used to mitigate numerical in-

stabilities. However, LRP may underestimate features’

importance when they have saturated their contribu-

tion to the output. Deep Learning Important FeaTures

(DeepLIFT)[21] addresses this by incorporating refer-

ence activation. It calculates importance scores by com-

paring the activation of each neuron with its reference

activation. This ensures significant signal propagation

even in saturated feature regions.

3.1.3 Perturbation-Based Methods

Perturbation-based methods allocate contributions

to each feature by examining the effects of perturb-

ing input features on model output. Perturbation op-

erations involve removing, permutating, and altering

features. We summarize and analyze existing research

on perturbation from two perspectives: feature pertur-

bation techniques and feature importance calculation

methods.

Based on the reliance on data distribution and

model to be explained, feature perturbation methods

can be classified into the following categories:

Independent of Data Distribution. These methods

perturb features without accounting for data distribu-

tion. Zeiler and Fergus[22] set the features of interest

to zero, whereas Suresh et al.[23] replaced them with

random noise sampled from a uniform distribution.

Depending on Data Distribution. These methods

perturb features based on data distribution. Dabkowski

and Gal[24] replaced the features of interest with the

mean value of that feature over all instances. On the

other hand, Fong and Vedaldi[25] and Fong et al.[26]

applied a Gaussian blur kernel to generate blurred

features as a replacement for the features of interest.

Lundberg and Lee[1] and Covert et al.[27] marginal-

ized unrelated features based on conditional distribu-

tion. Agarwal and Nguyen[28] used a generative model

to perturb features and produce instances that are re-

alistic under the true data distribution.

Depending on Data Distribution and Model. To

perturb features in alignment with both the data dis-

tribution and the model being explained, adversarial

perturbations[29] are employed to gain valuable insights

into the decision boundaries of black-box models. How-

ever, without theoretical guarantees, such replacements

may inaccurately represent feature absence, leading to

unreliable explanations. To address this, Ren et al.[30]

proposed a causal pattern-based method to identify op-

timal replacements and introduced a metric to assess

their fidelity.

After perturbing the inputs, the next crucial step is

to determine the contribution of each feature. One pop-

ular class of methods used for contribution assignment

is output difference analysis. These methods assign

contributions to features based on the degradation in

performance when removing each feature individually.

The degradation in performance is defined as follows:

ϕi = E [ℓ (fi (X−i) , Y )]− E[ℓ(f(X), Y )].

Zintgraf et al.[31] measured the contribution of the

i-th feature by using the weight of evidence, which

is the difference between the log odds of the origi-

nal and the perturbed class probabilities fc(x) and
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fc(x−i). However, output difference analysis overlooks

feature interactions. To address this, Shapley value-

based methods[1, 27] evaluate all possible feature sub-

sets. These methods frame feature contribution assign-

ment as a cooperative game, where features are players

and predictive power represents the profit. The attri-

bution of the i-th feature is computed as:

S(i) =
∑

Z⊆F\i

|Z|!(|F | − |Z| − 1)!

|F |!
(f(Z ∪ i)− f(Z)) ,

where F is the set of all features, and Z is a subset of

features. To analyze higher-order feature interactions,

Fel et al.[32] employed Sobol indices[33] to decompose

the model’s prediction variance.

Several studies have attempted to identify a mask

that distinguishes unrelated features from those useful

for prediction. For constant perturbation, mask-based

perturbation is defined as follows:

Φ(X,M) = X ⊙M +A⊙ (1−M),

where M is the mask that indicates the regions to be

removed or preserved, X represents the original sam-

ple, and A is an alternative sample. Subsequently, they

optimize an objective function − log (fc(Φ(X,M))) to

identify regions that can recognize the selected class.

Generally, regions considered informative should

meet three requirements[24, 25]. First, they should be

free of artifacts. Second, they should be the smallest

sufficient regions of the image that, when isolated, al-

low confident classification. Finally, they should be the

smallest destroying regions of the image that, when re-

moved, prevent confident classification.

To obtain a meaningful region free of artifacts,

Dabkowski and Gal[24] introduced an additional term

to minimize the difference between adjacent values in

M , ensuring a smoother region. To identify a small re-

gion for removal or preservation, Dabkowski and Gal[24]

incorporated the average mask value into the objective

function. Similarly, Fong and Vedaldi[25] enforced spar-

sity by applying the Manhattan norm ∥M∥1 to the se-

lected region.

3.1.4 Surrogate Model Based Methods

Surrogate model-based methods approximate a

complex model using a simple, interpretable surrogate

model, from which explanations are derived.

One widely used approach is the Local Interpretable

Model-agnostic Explanations (LIME) method[34]. As

shown in Fig. 3, LIME starts by sampling instances

around the target instance of interest. The correspond-

ing labels of sampled instances are generated by the

model f to be explained. Next, an interpretable surro-

gate model g is optimized by minimizing the following

formula:

L(f, g, πx) =
∑
z∈Z

πx(z)(f(z)− g(z))2,

where Z is the set of sampled instances, z is a sampled

instance arounding the instance of interest x, and πx is

a function that weights the distance between x and z.

Visani et al.[35] found that LIME’s stability is not

always guaranteed. To address this, Zhou et al.[36] pro-

posed Stabilized-LIME, which utilizes the central limit

theorem to determine the necessary number of pertur-

bation samples for stable explanations.

3.1.5 Attention-Based Methods

The aforementioned methods are post-hoc ap-

proaches designed to explain the original model, rais-

ing concerns about explanation fidelity. In contrast,

attention-based methods are inherently interpretable[8]

and offer higher explanation fidelity than post-hoc

methods. Their interpretability stems directly from

attention weights, eliminating the need for addi-

tional explanatory mechanisms. However, the inter-

pretability of attention weights has been a subject of

controversy[37, 38]. Fig. 4 (a) illustrates the observed

model attention and Fig. 4 (b) illustrates an adversari-

ally generated set of attention weights. Despite the no-

table differences between these two distributions, they

both lead to the same prediction value of 0.01. Jain and

Wallace[37] also observed that the attention weights do

not exhibit a correlation with feature importance met-

rics, such as gradient-based measures[14, 15].

Serrano and Smith[39] found that attention weights

have weak interpretability when the model’s output de-

pends on feature interactions. One way to enhance their

interpretability is through intelligible downstream oper-

ations, such as additive models[40]. Alternatively, Liu et

al.[41] observed that attention-based explanations lack

robustness in determining feature impact polarity. To

address this, they proposed a faithfulness violation test
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to assess the consistency between explanation weights

and impact polarity.

Additionally, the intermediate attention scores are

often overlooked in complex attention-based models,

which can lead to unreliable explanations. To address

this issue, Chefer et al.[42] introduces an attribution-

based approach for generating explanations. To en-

hance the interpretability of attention weights, Ron and

Hazan[43] imposed constraints on the position of atten-

tion layers, such as placing them near the input layer.

3.2 Concept-Based Explanation

Feature-based explanations rely on raw features,

such as pixels, while concept-based methods provide

explanations grounded in human-understandable con-

cepts. These concept-based explanations are more in-

tuitive and accessible to human reasoning.

Kim et al.[44] proposed Concept Activation Vectors

(CAVs) as a means to interpret the internal state of a

neural network using human-friendly concepts. A CAV

refers to the normal vector of a hyperplane that sep-

arates examples containing a concept from those that

are not in the activation space of the model. To obtain

the CAV of concept c (striped texture), two datasets

are constructed: one with examples exhibiting striped

textures and the other with random images. These

datasets are then used to train a linear classifier to dif-

ferentiate between their activations. The weight vector

vc of the classifier represents the CAV for concept c.

Given vc as the CAV vector for concept c and hk(x) as

the logit for a data point x for class k, the sensitivity

of the model prediction for class k concerning concept c

can be computed as the directional derivative Sc,k(x):

Sc,k(x) = lim
ϵ→0

hk (f(x) + ϵvc)− hk (f(x))

ϵ

= ∇hk (f(x))vc.

Acquiring human-annotated examples for each pre-

defined concept is typically costly. To address this, the

Self-Explaining Neural Network (SENN)[40] was intro-

duced, which automatically learns concepts by lever-

aging maximally activated prototypes, eliminating the

need for artificially constructed datasets. The Auto-

mated Concept-based Explanation (ACE) [45] applies

image segmentation and clustering to automatically

Fig.3. LIME example[34]. The pink/blue background signifies
the presence of the black-box model, while the prominent red
cross serves to identify the instance undergoing explanation. The
remaining red crosses and dots represent data points acquired
through sampling, with their sizes reflecting their similarity to
the specific instance being explained.

(a) (b)

Fig.4. Heatmap illustrating the attention weights generated from
a negative movie review[37]. (a) Attention weights. (b) Adver-
sarially constructed set of attention weights.

identify concepts. However, ACE suffers from incon-

sistencies in the learned concept weights. To mitigate

this, Zhang et al.[46] proposed using matrix factoriza-

tion for feature maps in concept learning. For faithful

explanations, the Framework to Learn With INTerpre-

tation (FLINT) [47] employs a joint learning approach,

where a predictor network and its interpreter network

collaborate to generate concept-based explanations.

After obtaining concepts, another important task is

to analyze how these concepts impact the model’s pre-

dictions. Barbiero et al.[48] utilized First-Order Logic

to provide insights into how the network uses these con-

cepts to make predictions. Huang et al.[49] presented a

visual analytics system that allows for the interactive

exploration and investigation of concepts, enabling a

better understanding of their influence. Tran et al.[50]

uncovered binary concepts that have a significant causal

effect on the model’s output.
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3.3 Instance-Based Explanation

Instance-based explanation selects representative

examples or generates counterfactual instances to ex-

plain model predictions. This approach aims to create

easily understandable explanations that mimic human

reasoning, with instances serving as valuable tools for

comprehending complex knowledge[51].

3.3.1 Counterfactual Instance Based Methods

Counterfactual instance based methods apply mini-

mal changes to the original instances to generate coun-

terfactual instances with different outputs. These

changes provide valuable insights into understanding

the decision boundaries within the model’s internal

mechanisms. We categorize existing methods based on

two key components of counterfactual explanation: in-

stance generation and selection. First, we introduce

counterfactual instance generation methods, catego-

rized as follows.

Optimization-Based Methods. These methods care-

fully design loss functions to incorporate desired charac-

teristics into counterfactual instances. Typically, these

loss functions can be efficiently optimized using gradi-

ent descent algorithms to obtain the desired counterfac-

tual instances. As the pioneering work in introducing

counterfactual explanations, Wachter et al.[52] uncov-

ered desirable counterfactual instances by minimizing

the following objective. This objective seeks to find

a counterfactual instance x′ that closely resembles the

original instance x, while achieving a new and desirable

output y′ when evaluated by the model f :

argmin
x′

max
λ

λ (f (x′)− y′)
2
+ d (x, x′) ,

where the parameters of model f are fixed, d(·) rep-

resents the distance function between instances, and

the hyperparameter λ adjusts the weight of the two

terms. To identify plausible counterfactual instances,

Dhurandhar et al.[53] proposed evaluating the L2 recon-

struction error of x′ using an autoencoder to ensure its

plausibility. For the same objective, Kanamori et al.[54]

introduced the Mahalanobis distance and local outlier

factor. Instead of modifying raw features, DISSECT[55]

first identifies and disentangles the concepts used by the

model in decision-making, then amplifies their influence

to generate counterfactual instances. Similarly, Koh et

al.[56] built upon concept bottleneck models[57] and ma-

nipulated human-defined concepts to alter the model’s

output and generate counterfactual explanations.

Approximation Algorithm Based Methods. These

methods employ heuristic strategies to identify coun-

terfactual instances. While they are often more effi-

cient than optimization-based methods, there exists a

trade-off between time consumption and the quality of

results[58]. Goyal et al.[59] utilized greedy search based

approaches to address the minimum-edit counterfactual

problem. Russell[60] formulated the problem of obtain-

ing plausible and diverse counterfactual instances as a

linear program, which is solved using mixed integer pro-

gramming. Additionally, Schleich et al.[61] introduced

a generic algorithmic approach for real-time retrieval of

diverse counterfactual instances.

Next, we introduce the existing methods for select-

ing counterfactual instances. Generally, multiple coun-

terfactual explanations are available for each instance,

and selecting good counterfactual instances is another

crucial step[62, 63]. The common selection criteria are

as follows.

One of the criteria is validity, which states that the

output of the counterfactual instance should be close

to the predefined output. Mothilal et al.[62] defined va-

lidity as the proportion of counterfactual examples in

which the output matches the predefined output.

Another criterion is feasibility, which states that the

counterfactual instance should either closely resemble

the original instance or the suggested change should

be readily adopted and actionable[63]. For example,

if a person is rejected for a loan, a counterfactual ex-

planation advising to change the person’s age would

not be possible. This property becomes even more cru-

cial when generating counterfactual explanations for re-

course in critical domains[64], where recourse involves

providing actionable recommendations to individuals to

achieve desired outcomes.

3.3.2 Prototype-Based Methods

Prototype-based methods generate explanations by

using the similarity between prototypes and current in-

stances, where prototypes are representative data in-

stances from the dataset. We present an example of a
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prototype-based explanation[65] in Fig. 5.

Li et al.[66] proposed early work on prototype-based

interpretable neural networks. They first trained an

autoencoder to learn a latent low-dimensional space,

which offered a better similarity measure than the pixel

space. Subsequently, they identified prototypes in that

space and made predictions based on their similarity

to the encoded inputs. Assuming the existence of m

prototypes {p1,p2, ...,pm} and the encoded inputs z,

the L2 distance between inputs and prototypes can be

expressed as follows:

d(z) =
[
∥z− p1∥22, ∥z− p2∥22, ..., ∥z− pm∥22

]
.

The prediction is then determined using the softmax

function as follows:

p(z) = softmax (Wd(z)) ,

where p(z) represents the model’s prediction.

Instead of using entire images[66], Prototypical Part

Network (ProtoPNet)[65] uses parts of images as pro-

totypes. By utilizing smaller spatial dimensions, Pro-

toPNet enables more fine-grained comparisons, allow-

ing different parts of an image to be compared with

different prototypes.

However, assigning each prototype exclusively to a

single class results in a large number of prototypes.

To address this, the Prototypical Part Shared Network

(ProtoShare)[67] merges prototypes with similar seman-

tics and allows them to be shared across classes, thereby

reducing the number of prototypes. Neural Prototype

Tree (ProtoTree)[68] simplifies model explanations by

organizing prototypes hierarchically. To align the per-

ception of similarity between humans and the simi-

larity learned by the classification model in existing

methods[65, 68], Nauta et al.[69] automatically enhanced

visual prototypes by incorporating additional quantita-

tive information, such as the influence of color hue in

images. Relying solely on prototypes to explain the be-

havior of models may lead to over-generalization and

misunderstandings. To address this limitation, Kim et

al.[70] proposed a unified framework called MMD-critic

to introduce criticism-based explanations in addition to

prototype-based explanations.

Fig.5. This figure demonstrates a prototype-based explanation.
It features a test image of a clay-colored sparrow in the first col-
umn. The third column highlights the similar regions between
the test image in the first column and the prototype depicted in
the fourth column, while the rightmost column presents the cor-
responding activation map, illustrating the basis for the model’s
prediction.

4 Temporal Methods: From General Frame-

works to Knowledge Tracing

Temporal models like Long Short-Term Memory

(LSTM)[71] excel across various domains. However, in

critical applications such as analyzing electronic health

records[8] and clinical early warning systems[9, 12], the

lack of interpretability may undermine user trust. Early

interpretability methods for temporal models often di-

rectly adopted approaches originally designed for static

models. However, these methods overlook critical as-

pects, such as temporal dependencies and the abun-

dance of input features unique to temporal models,

leading to unreliable and inaccurate explanations[10, 72].

Recently, explanation methods that are specifically de-

signed for temporal models have been proposed.

In this section, we extend the taxonomy used for

explanation methods in static models to those in tem-

poral models. They are divided into two classes: Fea-

ture/Time Step based methods and Prototype-based

methods. Additionally, we review the progress of ex-

plainable methods in knowledge tracing, a specific ap-

plication domain for temporal models.

4.1 Feature/Time Step Based Explanation

Feature/time step based explanation methods pro-

vide importance scores for features or time steps as ex-

planations. In this scenario, the same feature holds

varying importance at different time steps. Therefore,

unlike static feature based methods, these approaches
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account for the influence of the temporal dimension.

These methods score features or time steps for expla-

nation. Some are specifically designed for popular mod-

els like LSTM and attention-based models, while others

are more versatile. Consequently, we categorize them as

either model-specific or model-agnostic methods based

on their correlation with target models.

4.1.1 Model-Specific Methods

Model-specific methods generate explanations tai-

lored to the unique architectures of individual mod-

els. Murdoch and Szlam[73] decomposed the output of

LSTM into a product of factors, with each term rep-

resenting the contribution of a specific word. These

decomposition results are used to construct an inter-

pretable rule based classifier while preserving much

of LSTM’s accuracy. Not limited to word-based im-

portance scores, contextual decomposition[74] computes

both word importance scores and their interactions by

decomposing the LSTM output. IMV-LSTM[75] gener-

ates both feature importance and time step importance

by learning feature-wise hidden states. In contrast,

attention-based approaches inherently provide explana-

tions by leveraging attention weights, without requiring

additional methods[76]. However, the interpretability

of attention mechanisms remains a subject of debate

within the machine learning community[37–39].

4.1.2 Model-Agnostic Methods

Different from model-specific methods that generate

explanations for specific model architectures, model-

agnostic methods are capable of providing explanations

for any type of black-box model. This versatility makes

them applicable in a broader range of scenarios.

Ismail et al.[10] argued that directly applying static

explanation methods to temporal models results in ex-

planations of poor quality due to the ignoring of time

and feature domains. To address this issue, they pro-

posed the Temporal Saliency Rescaling (TSR) approach

to compute the importance scores of time steps and

features separately. TSR determines the importance

score of the i-th feature at time t, denoted as RTSR
i,t ,

through the product of the time-relevance score ∆t and

the feature-relevance score ∆i, defined as follows:

RTSR
i,t =

∣∣ (R(x )−R(x−t))︸ ︷︷ ︸
∆t

(R(x )−R(x−i))︸ ︷︷ ︸
∆i

∣∣,
where R(·) represents a static interpretation method,

such as Integrated Gradients[14], or DeepSHAP[1], used

to calculate the saliency values, and x−t represents the

input x without time step t. x−i represents the input

x without the i-th feature. Additionally, the results are

valid only when ∆t exceeds a certain threshold.

Tonekaboni et al.[11] proposed the Feature Impor-

tance in Time (FIT) method to assess feature impor-

tance over time by quantifying each feature’s contribu-

tion to temporal shifts in the model’s output distribu-

tion. In contrast to FIT, which computes the impor-

tance of a feature set at a single time step, the Win-

dowed Feature Importance in Time (WinIT)[13] method

evaluates feature importance over multiple time steps,

capturing temporal patterns in feature importance.

Perturbation-based methods have also been re-

cently introduced into temporal settings. For build-

ing perturbation with time dependency of data,

Crabbé and Schaar[72] proposed dynamic perturbation

that constructs a perturbation for each feature at each

time step by utilizing the value of the same feature at

adjacent times. Inspired by the excellent performance

and solid theoretical fundamention of KernelSHAP[1],

TimeSHAP[77] incorporates sequence-wide perturba-

tions, which is specifically designed for temporal mod-

els. To provide diverse explanations, TIME[78] applies

various perturbation methods to allow the identification

of important features, temporal windows, and the in-

fluence of value ordering within those windows. When

using perturbation-based techniques in temporal mod-

els, generating out-of-distribution inputs may lead to

explanations that are socially misaligned[79, 80]. To ad-

dress this, Parvatharaju et al.[81] proposed the Prior-

itized Replacement Selector, which employs weighted

dataset sampling to identify the most appropriate tem-

poral instance for perturbing the target instance.

4.2 Prototype-Based Explanation

Prototype-based methods have been applied in tem-

poral models by emulating human problem-solving pro-
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cesses to generate explanations that are easily un-

derstandable to humans. Drawing inspiration from

case-based reasoning[82], Prototype Sequence Net-

work (ProSeNet)[83] extracts a compact set of prototyp-

ical sequences from the original dataset, subsequently

inferring new inputs by comparing them with the proto-

types. Building on the foundations of ProSeNet, Proto-

type Steering (ProtoSteer)[84] enables end-users to inte-

grate their knowledge into ProSeNet without developer

intervention. This is achieved through the addition,

deletion, or revision of prototypes.

To offer concise explanations, SCNpro
[12] employs

segments (sub-sequences) of sequences as prototypes,

diverging from using the entire sequence. For similar

purposes, Multi-level Attention-based Prototype Net-

work (MapNet)[85] incorporates an attention mecha-

nism to learn short-term and long-term prototypes sep-

arately, with the aim of acquiring more representative

prototypes for both features and time intervals.

In this subsection, we have discussed the key find-

ings related to temporal explanation methods, empha-

sizing the main trends and insights from the literature.

As shown in Table 1, we compare these methods based

on their explanation types. These results provide a solid

foundation for further exploration in future studies.

4.3 Explanation for Knowledge Tracing

This subsection focuses on the development of ex-

planation methods in knowledge tracing. Although

knowledge tracing is a type of temporal model, the

explanation methods in current knowledge tracing re-

search remain underdeveloped and exhibit notable lim-

itations. We categorize and summarize explanation

methods for knowledge tracing into two distinct types:

feature-based explanations and educational concept

based explanations, where features primarily refer to

interactions between students and exercises.

4.3.1 Feature-Based Explanation

These methods mainly analyze interaction influ-

ences on current predictions to generate explanations.

Attention-based methods represent a valuable ap-

proach for offering intrinsic explanations within knowl-

edge tracing models. Self-Attentive Knowledge Tracing

(SAKT)[86] is the first knowledge tracing model based

on attention mechanisms. Subsequently, the Attentive

Knowledge Tracing (AKT) model[87] incorporates time

intervals and problem similarity to compute attention

weights. Additionally, Pandey and Srivastava[88] lever-

aged the similarity among exercise texts to enhance

the rationale behind the attention weights. Here is

an example of an attention weight used to explain the

model’s prediction. As shown in Fig. 6, we present the

three attention heads in AKT[87], which are used to pre-

dict student performance and operate on distinct time

scales, each with a unique attention window width.

Apart from attention-based explanations, [89, 90]

apply GAM-based methods to provide intrinsic expla-

nations for knowledge tracing. Here, the Generalized

Additive Model (GAM)[91] is considered interpretable

because its predictions depend linearly on functions of

the inputs. Yang and Cheung[92] employed a decision

tree to preprocess features and analyze feature impor-

tance. Wang et al.[93] proposed a knowledge tracing

method based on tensor factorization[94], which imposes

constraints on the tensor to yield interpretable param-

eters, thereby facilitating the discovery of relationships

between problems and exercises.

Rather than incorporating interpretable structures

into knowledge tracing models, post hoc methods such

as LIME[34], LRP[20], and KernelSHAP[1] have been

employed to explain these models[95–97]. Furthermore,

Ding and Larson[98] applied post-hoc methods to un-

cover the underlying mechanisms of knowledge trac-

ing. Their study suggests that the superior performance

of RNN-based models primarily results from mapping

original inputs to a high-dimensional space, rather than

effectively modeling temporal information.

4.3.2 Educational Concept Based Explanation

Feature-based explanations offer a valuable means

of understanding the inner workings of black-box mod-

els by generating explanations based on raw features.

Recent efforts have focused on providing explanations

grounded in educational concepts, such as student abil-

ity and exercise difficulty.
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Table 1. Summary of Temporal Explanation Methods

Method
Explanation Type Intrinsic

or Post-Hoc
Model Type

Feature Temporal Subsequence Prototype

IMV-LSTM[75] ✓ ✓ Intrinsic LSTM
[8, 76] ✓ Intrinsic Attention
[73, 74] ✓ Post-hoc LSTM
TSR[10] ✓ ✓ Post-hoc Temporal model
FIT[11] ✓ Post-hoc Temporal model
WinIT[13] ✓ ✓ Post-hoc Temporal model
TimeSHAP[77] ✓ ✓ Post-hoc Temporal model
Dynamask[72] ✓ ✓ Post-hoc Temporal model
TIME[78] ✓ ✓ ✓ Post-hoc Temporal model
ProSeNet[83] ✓ Intrinsic Temporal model
ProtoSteer[84] ✓ Intrinsic Temporal model
SCNpro

[12] ✓ ✓ Intrinsic Temporal model
MapNet[85] ✓ ✓ Intrinsic Temporal model

Fig.6. The attention weights of the three attention heads in AKT.

To infer student abilities, DKT-DSC[99] divides the

interaction sequence into multiple time intervals, with

the student’s ability being iteratively updated after

each interval. Ghosh et al.[87] encoded exercises dif-

ficulty into exercise embedding based on Rash model

based embeddings[100]. The exercise embedding is de-

fined by the following equation:

x t = cct + µqt × d ct ,

where cct denotes the embedding of the concept as-

sociated with the exercise, d ct captures the variations

present in exercises containing the same concept, and

µqt is a difficulty parameter representing the extent to

which the exercise deviates from the associated concept.

In addition to meaningful educational parameters,

Deep-IRT[101] and QIKT[102] design a transparent and

interpretable component based on Item Response The-

ory (IRT)[100], which takes as input both students’

mastery of knowledge concepts and exercise difficulties

over time, obtained by processing students’ learning

interactions. Furthermore, Su et al.[103] incorporated

Multidimensional Item Response Theory (MIRT) into

knowledge tracing models for situations where multiple

concepts are required to answer an exercise correctly.

Minn et al.[104] extracted skill mastery, student ability,

and exercise difficulty from raw data, and then used the

Tree-Augmented Naive Bayes classifier[105] to forecast

student performance.

Mining the relationships between educational items

is another way to provide explanations. Educational

item refers to concepts, exercises, etc. DKT[106] ex-

tracts relationships between knowledge concepts from

trained knowledge tracing models. This is conducted to

assess whether DKT can accurately discern the correct

knowledge structure. Beyond considering the knowl-

edge structure merely as an evaluation metric to judge

the rationality of the underlying mechanisms, Graph-

based Knowledge Tracing (GKT)[107] introduces knowl-

edge structures as a form of relational inductive bias.

This incorporation aims to enhance both the perfor-

mance and inherent interpretability of knowledge trac-

ing. Below is a method based on the multi-head atten-

tion mechanism to introduce the relationship between

knowledge concepts, defined as follows:

fneighbor
(
h t
i,h

t
j

)
=

1

M

∑
k∈M

αk
ijfk

(
h t
i,h

t
j

)
,

where k represents the head index among a total of M
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heads. αk
ij is the attention weight that represents re-

lationship from concept i to j, and fk represents the

neural network of the k-th head. Similarly, Song et

al.[108] employed a graph convolutional network[109, 110]

to learn relationships between concepts and exercises.

Furthermore, Tong et al.[111] introduced the Hierarchi-

cal Graph Knowledge Tracing (HGKT) model, which

constructs a hierarchical graph to represent intricate

knowledge structures among knowledge concepts, ex-

ercises, and problem schemas[112], thereby enhancing

interpretability.

To conclude, this subsection provides a detailed ex-

amination of explanation methods for knowledge trac-

ing from various perspectives, including feature-based

and educational concept based approaches. Table 2

summarizes the key findings and comparisons, offering

a concise overview of their underlying educational the-

ories and evaluation metrics.

5 Evaluation of Explanation Methods

Evaluating the quality of explanations is a subse-

quent critical concern that arises after generating ex-

planations for static or temporal models[113]. The desir-

able and widely recognized properties of explanations

include robustness[114], sensitivity[115–117], brevity[72],

and legibility[118], among others. To assess explanation

methods based on these properties, various evaluation

techniques have been proposed. We first summarize

the datasets commonly used for evaluating explanation

methods. Then, based on the involvement of human

feedback, we categorize these methods into two groups:

subjective and objective evaluation.

5.1 Datasets

When evaluating the performance of explanation

methods, certain datasets are frequently employed

across various explanation methods. We summarize the

commonly used datasets as follows.

The MIMIC-III dataset[119] is a multivariate clin-

ical time series dataset containing various vital signs

and laboratory measurements collected over time from

approximately 40,000 patients at the Beth Israel Dea-

coness Medical Center in Boston. Temporal expla-

nation methods often leverage this dataset to eval-

uate their performance, including FIT[11], TIME[78],

WinIT[13], and others.

The Caltech-UCSD Birds-200-2011 dataset 1○ is an

image dataset containing annotations for 200 bird

species. The images were sourced from Flickr and cu-

rated by workers on Amazon Mechanical Turk. Each

image is annotated with a bounding box, rough bird

segmentation, and a set of attribute labels. This

dataset is commonly used to evaluate static explana-

tion methods, including ProtoPNet[65], FLINT[47], and

ProtoShare[67], and others.

MNIST 2○ is a dataset containing a large collection

of handwritten digits. It is widely used in the field of

machine learning for training various image processing

systems. Although the images in the MNIST dataset

do not include a temporal dimension, this dataset was

also used to evaluate temporal methods in addition to

static methods. These studies include KernelSHAP[1],

TSR[10], FLINT[47], and MMD-critic[70], and others.

Since the important features of real-world datasets

are often unknown, researchers typically construct syn-

thetic datasets based on application scenarios. These

simulated datasets, where important features that im-

pact the output of an instance are known, help improve

the objectivity of the evaluation process. Studies that

adopt synthetic datasets to evaluate the performance of

their explanation methods include LRP[20], TIME[78],

WinIT[13], DISSECT[55], Dynamask[72], and others.

5.2 Subjective Evaluation

Subjective evaluation depends on human feedback

or judgments and plays a pivotal role in assessing ex-

planation methods. This is because the primary goal of

explanations is to help humans understand the decision-

making processes of black-box models, aiding in debug-

ging or preventing errors caused by these models. We

classify existing subjective evaluation methods into two

categories: evaluation based on explanation examples

and evaluation based on crowd-sourcing.

1○https://www.vision.caltech.edu/datasets/cub_200_2011, Feb. 2025.
2○http://yann.lecun.com/exdb/mnist, Feb. 2025.

https://www.vision.caltech.edu/datasets/cub_200_2011
http://yann.lecun.com/exdb/mnist
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Table 2. Summary of Explanation in Knowledge Tracing

Method
Intrinsic or
Post-Hoc

Feature-Based
Explanation

Concept-Based
Explanation

Education
Theory

Explanation
Evaluation

DKT[106] Post-hoc ✓ a), b)
AKT[87] Intrinsic ✓ ✓ Rash model a), b), c)
RKT[88] Intrinsic ✓ c)
SAKT[86] Intrinsic ✓ b), c)
GKT[107] Intrinsic ✓ a)
HGKT[111] Intrinsic ✓ a)
JKT[108] Intrinsic ✓ d), e)
QIKT[102] Intrinsic ✓ IRT a)
Deep-IRT[101] Intrinsic ✓ IRT f), g)
TC-MIRT[103] Intrinsic ✓ MIRT d)
DPFA[90] Intrinsic ✓ PFA a), b)
KTM[89] Intrinsic ✓ d)
LRP-based[97] Post-hoc ✓ c), d)
SHAPley-based[95] Post-hoc ✓ h)
LIME-based[96] Post-hoc ✓ h)

Note: a) Visualization of student knowledge state change over time. b) Mining of exercise relationships. c) Visualiza-
tion of historical interaction influence. d) Mining of concept relationships. e) Mining of relationships between concepts
and exercises. f) Mining of exercise difficulty. g) Mining of student ability. h) Analysis of important features.

5.2.1 Explanation Examples Based Evaluation

These methods utilize easily comprehensible for-

mats, such as visualizations, to present explanations

and evaluate the quality of those explanations based

on certain prior information. For instance, in the con-

text of a classification task, the efficacy of a saliency

map[14–16] is evaluated by ascertaining its ability to ef-

fectively emphasize the relevant portions of the origi-

nal image pertaining to the prediction, as illustrated in

Fig. 2. For prototype-based explanations, Li et al.[66]

employed visualization of learned prototypes to ascer-

tain their alignment with real-world instances. For

concept-based explanations, visualizing learned con-

cepts is a crucial evaluation technique. Kim et al.[44]

organized images based on their relevance to the con-

cept being examined. Then, the most and least similar

images are shown to confirm how well the learned con-

cept aligns with human intuition.

5.2.2 Crowd Sourcing Based Evaluation

These methods evaluate the quality of explanations

by collecting feedback from individuals through proxy

tasks. Ribeiro et al.[34] designed proxy tasks that re-

quire participants to utilize explanations to complete

them. For instance, one task involves selecting the clas-

sifier with better generalization based on the provided

explanations. Parekh et al.[47] conducted a survey in

which participants evaluated how well the visualiza-

tions of explanations aligned with the corresponding

manually generated textual descriptions. Yeh et al.[120]

designed a proxy task in which participants were shown

explanations of a given concept and asked to select the

image that best represented it.

5.3 Objective Evaluation

While subjective evaluation provides direct human

feedback on explanations, it is prone to biases inher-

ent in human judgment[115, 117]. Therefore, objective

evaluation is essential to complement subjective assess-

ment. We categorize existing methods into four cate-

gories: ground truth based, removal-based, proxy task

based, and rule-based approaches.

5.3.1 Ground Truth Based Methods

An obstacle in objectively evaluating explanations

is the lack of access to the ground truth decision pro-

cess of black-box models. This limitation is particu-

larly pronounced in feature-based explanations, where
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determining the true importance of features is often

infeasible[13]. Therefore, ground truth based methods

evaluate explanations based on the utilization of white-

box models or datasets with known feature importance.

The explanation can be quantified by comparing the im-

portant features from the explanation and the ground

truth important features[78].

5.3.2 Removal-Based Methods

In contrast to white-box models or datasets where

feature importance is known, black-box models lack

prior information about critical dataset features or the

features on which the models depend. Removal-based

methods remove critical features highlighted by expla-

nation techniques and measure the resulting perfor-

mance change to assess whether the explanations ac-

curately highlight critical features[26, 72, 78]. However,

solely removing the crucial value introduces ambiguity

as to whether the drop in performance is caused by the

absence of essential information or by the introduction

of anomalies outside the original training distribution.

To eliminate the latter cause, RemOve And Retrain

(ROAR)[121] retrains new models on a modified dataset

where the significant features are removed, ensuring

that all inputs conform to the distribution encountered

by the models. To achieve a more comprehensive evalu-

ation, the progressive perturbation approach[10] gradu-

ally perturbs features from the most to the least impor-

tant, constructing a performance degradation curve. A

smaller area under this curve indicates higher explana-

tion quality.

5.3.3 Proxy Task Based Methods

These methods carefully design proxy tasks to in-

directly evaluate explanation techniques by measuring

their performance on these specific tasks. Shrikumar et

al.[21] designed a task to evaluate whether removing

specific important features identified by explanation

methods results in the reclassification of the instance

into a different class. Zhang et al.[122] introduced the

Point Game as a metric to quantify the localization

accuracy of saliency maps. The process begins by iden-

tifying the highest-scoring point on the saliency map.

A “hit” is recorded when this peak point matches the

annotated labels, while a “miss” occurs when no match

is found. The degree of localization accuracy is then

quantified by the ratio of the number of hits to the

total count.

5.3.4 Axiom-Based Methods

These methods assess explanations by examining

whether interpretable methods adhere to desired prop-

erties. One form of verification involves examining the

theoretical foundations of these explanation methods.

Sundararajan and Najmi[123] discovered that utilizing

SHAP[1] in a multiplicative manner for model explana-

tion leads to the absence of uniqueness in the results.

In response to this issue, they introduced an axiomatic

framework aimed at comparing different methods based

on SHAP. This comprehensive framework incorporates

axioms such as the dummy axiom, efficiency axiom, and

proportionality axiom, among others. Sundararajan et

al.[14] argued that explanation methods must adhere to

the Implementation Invariance axiom, which states that

explanations should remain consistent for two function-

ally equivalent networks, meaning that these networks

produce identical outputs for the same inputs, despite

having distinct implementations.

In conclusion, we highlight the key differences and

similarities among evaluation methods for explanations,

with Table 3 providing a comprehensive summary that

emphasizes the metrics of various evaluation methods.

6 Performance of Explainable Methods on

Knowledge Tracing

In this section, we first summarize the develop-

ment of deep learning based knowledge tracing mod-

els. Then, we evaluate explanation methods on these

knowledge tracing models.

6.1 Deep Learning Based Knowledge Tracing

Initial knowledge tracing models predominantly

rely on probabilistic graphical models or logistic

regression-based techniques, such as Bayesian knowl-

edge tracing[124]. While these approaches offer inter-

pretability, they yield suboptimal performance. With

the progression of deep learning, Deep Learning based

Knowledge Tracing (DLKT) has obtained remarkable

performance[125–127]. The development of DLKT is
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Table 3. Summary of Evaluation Methods

Evaluation Method
Metric

Reference
Accuracy Fidelity Robustness Sensitivity

S
u
b
je
ct
iv
e Proxy task ✓ ✓ [34, 45]

Proxy task ✓ [44, 70, 120]
Survey ✓ [120]
Visualization ✓ [8, 65, 66]

O
b
je
ct
iv
e

Quantitative metrics ✓ [63]
Proxy task ✓ [21, 116, 122]
Proxy task ✓ ✓ [62]
Randomization test ✓ [115–117]
Game theory ✓ ✓ [1]
Theoretical proof ✓ [14]
Quantitative metrics ✓ [72]
Quantitative metrics ✓ ✓ [40]
Quantitative metrics ✓ ✓ [10, 45]
Synthesized dataset ✓ [44]
Synthesized dataset ✓ ✓ [11, 78]

closely related to the advancement of deep learning

technologies. Therefore, we classify and summarize

them based on the deep learning techniques employed

by knowledge tracing models.

Recurrent Neural Network Based Methods. Deep

Knowledge Tracing (DKT)[106] was the pioneering ap-

plication of deep learning models to the knowledge trac-

ing task. It utilizes recurrent neural networks[71] and

their variants as the primary components.

Memory Neural Network Based Methods. Despite

DKT’s notable improvements in predictive accuracy, it

lacks explicit modeling of concept mastery levels, as

it uses a single hidden state to encode all knowledge

states. Inspired by the memory neural network[128],

Dynamic Key-Value Memory Network (DKVMN)[129]

introduces two external memory modules: the key ma-

trix for storing specific concepts and the value matrix

for storing corresponding mastery levels.

Graph Neural Network Based Methods. Given the

relationships between concepts, coursework concepts

can be structured as a graph. Incorporating this graph

structure presents a promising approach to improving

both the performance and interpretability of knowl-

edge tracing. GKT[107] utilizes Graph Neural Networks

(GNN)[130, 131] to incorporate the relationships between

concepts. When an interaction with an exercise involv-

ing a concept is observed, GKT updates not only the

mastery of that specific concept but also that of its

neighboring concepts by leveraging their relationships.

Attention-Based Methods. The Self-Attention

Knowledge Tracing (SAKT) model[86] is an earlier

knowledge tracing model that adopts the attention

mechanism. SAKT employs this mechanism to iden-

tify relevant interactions from a student’s historical

data, thereby predicting knowledge mastery. However,

Ghosh et al.[87] found that SAKT underperforms com-

pared with DKT and DKVMN in their experiments.

In response, they introduced the Attentive Knowledge

Tracing (AKT) model, which utilizes adapted atten-

tion networks to generate context-aware representa-

tions that encompass a learner’s entire practice history.

As a result, AKT demonstrates superior performance

in predicting learner outcomes.

6.2 Experiment

In Subsections 4.3 and 6.1, we summarize the devel-

opment of knowledge tracing and interpretability in this

field. However, most interpretability approaches in this

domain explain only certain parts of a model’s struc-

ture and fail to clarify the rationale behind its decisions.

Furthermore, as these methods are designed for specific

models, their evaluations lack objectivity. Therefore,

in this subsection, we focus on model-agnostic expla-

nation methods from the broader field of explainability
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and analyze their effectiveness in the context of knowl-

edge tracing. To ensure a rigorous evaluation, we selec-

tively identify representative knowledge tracing models

and explanation methods, which are then thoroughly

assessed using public datasets.

Datasets. We assess the performance of knowl-

edge tracing models and interpretable methods using

two benchmark datasets: ASSISTment 2009 1○ and AS-

SISTment 2017 2○. These datasets are gathered from

an online tutoring platform. In the ASSISTment 2009

dataset, records without corresponding knowledge con-

cepts were removed, resulting in 4,151 students, 16,891

exercises, and 110 associated concepts. This processed

dataset contains 325,637 records. The ASSISTment

2017 dataset includes 1,709 students, 3,162 exercises,

and 102 associated concepts, with 942,816 interaction

records for these students.

Knowledge Tracing Models. To comprehensively ex-

amine the landscape of knowledge tracing architectures,

we select four diverse models: DKT, DKVMN, GKT,

and AKT.

Explanation Methods. For explanation methods, we

select FO[22], LIME[34], and KernelSHAP[1] as repre-

sentatives of static explanation methods, while FIT[11],

TimeSHAP[77], and WinIT[13] represent temporal ex-

planation methods. Additionally, we include two other

comparison methods: the Random method, which as-

signs importance to each interaction randomly, and the

LastK method, which assigns importance based on tem-

poral proximity, giving higher importance to more re-

cent interactions. When generating explanations for

knowledge tracing, we treat each interaction as a fea-

ture, which includes exercise, concept, and response.

Evaluation. Due to the lack of ground-truth expla-

nations for real data, we conduct a performance dete-

rioration test to evaluate the quality of explanations

generated by different methods. Specifically, we sys-

tematically remove the top K most important interac-

tions from each student’s sequence. Across all experi-

ments, we report the AUC (Area Under the Curve) drop

and Loss Raise metrics when important features are re-

moved. AUC drop measures the reduction in AUC after

Table 4. Performance of Knowledge Tracing Model

KT Model
ASSISTment 2009 ASSISTment 2017

AUC ACC AUC ACC

DKT 0.8031 0.7536 0.7128 0.6905
DKVMN 0.7941 0.7488 0.7116 0.6902
GKT 0.8099 0.7538 0.7341 0.7022
AKT 0.8266 0.7681 0.7600 0.7131

removing critical features, while Loss Raise quantifies

the increase in loss following their removal.

Result. We first train knowledge tracing models and

select optimal parameters, ensuring their performance

aligns with results reported in the literature. The AUC

and accuracy (ACC) metrics are presented in Table 4.

Subsequently, we evaluate the performance of various

explanation methods across all knowledge tracing mod-

els, as shown in Tables 5 and 6. On the ASSISTment

2009 dataset, KernelSHAP emerges as the optimal ex-

planation method for each model. However, on the AS-

SISTment 2017 dataset, various models exhibit distinct

optimal explanation methods. This suggests that cur-

rent explanation methods face challenges in consistently

achieving high performance across diverse models and

datasets, indicating limited generalization ability. Fur-

thermore, although the WinIT and FIT methods are

designed for temporal models, their performance re-

mains suboptimal across different datasets and models.

One possible explanation is that in knowledge tracing,

temporal dependencies encompass not only the time

interval between interactions but also the relationship

within the knowledge structure across interactions[87].

However, the temporal method TimeSHAP achieved

optimal performance in explaining the AKT model on

the ASSISTment 2017 dataset. We attribute this to

treating the learning record as temporal data with a

single feature, interaction, making TimeSHAP and Ker-

nelSHAP roughly equivalent for interpreting knowledge

tracing models. The key difference lies in TimeSHAP’s

pruning strategy, which accounts for the observed per-

formance variation.

Impact of Hyperparameter K on Explanation Meth-

ods. The hyperparameter K refers to the number of

important features removed. We analyze its impact

1○https://sites.google.com/site/assistmentsdata/home/2009-2010-assistment-data/skill-builder-data-2009-2010

2○https://sites.google.com/view/assistmentsdatamining/dataset

https://sites.google.com/site/assistmentsdata/home/2009-2010-assistment-data/skill-builder-data-2009-2010
https://sites.google.com/view/assistmentsdatamining/dataset
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Table 5. Performance Comparison of Explanation Methods for DKT and DKVMN Models

Method
DKT DKVMN

ASSISTment 2009 ASSISTment 2017 ASSISTment 2009 ASSISTment 2017

AUC Drop Loss Raise AUC Drop Loss Raise AUC Drop Loss Raise AUC Drop Loss Raise

Random 0.05839 1.13105 0.02369 −0.02173 0.04585 0.51124 0.01849 −0.01193
LastK 0.01123 0.30642 0.00104 −0.08331 0.00440 −0.15025 −0.00193 −0.14138
FO 0.06151 1.24116 0.11648 0.77745 0.08913 1.84079 0.11701 0.89226
LIME 0.15655 2.80519 0.10353 0.91514 0.15242 2.53459 0.09436 0.59196
KernelSHAP 0.16921 2.88089 0.10454 0.89383 0.15807 2.54796 0.09421 0.57422
WinIT 0.06761 1.24072 0.06664 0.27384 0.07304 1.09808 0.06667 0.32744
FIT 0.13329 2.25978 0.06968 0.62482 0.13303 2.10574 0.07024 0.57604
TimeSHAP 0.17042 2.78545 0.08585 0.87738 0.14663 2.51450 0.07255 0.62236

Table 6. Performance Comparison of Explanation Methods for GKT and AKT Models

Method

GKT AKT

ASSISTment 2009 ASSISTment 2017 ASSISTment 2009 ASSISTment 2017

AUC Drop Loss Raise AUC Drop Loss Raise AUC Drop Loss Raise AUC Drop Loss Raise

Random 0.01398 0.19819 0.00169 0.08215 0.05170 0.88062 0.01830 0.29936
LastK 0.00925 0.15323 0.00007 −0.01877 0.00999 −0.02646 −0.00114 −0.10900
Attention – – – – 0.10487 1.79133 0.06342 0.65349
FO 0.05867 1.07070 0.00738 −0.00717 0.08017 1.57478 0.08253 0.92799
LIME 0.07496 1.12158 0.03272 0.08212 0.12162 1.92362 0.08598 1.06070
KernelSHAP 0.06756 1.16150 0.03383 0.13265 0.13375 2.21188 0.08883 1.10256
WinIT 0.06008 0.93121 0.00770 −0.05052 0.07008 0.91757 0.05152 0.75612
FIT 0.03095 0.54967 0.00572 0.10161 0.11701 1.85493 0.06791 0.89302
TimeSHAP 0.06325 1.11117 0.00901 −0.04207 0.12170 1.96466 0.09357 1.10640

on the performance of various explanation methods ap-

plied to AKT. In addition to the explainability methods

mentioned earlier, we include the performance without

feature removal as the Baseline method to illustrate

the relative performance of other methods. As shown

in Fig. 7, we observe that, in most cases, other ex-

planation methods generally outperform the Random

method, demonstrating their effectiveness on ASSIST-

ment 2017. However, the LastK method, which can be

considered a feature removal approach based on tem-

poral proximity, performs even worse than the Random

method. This finding suggests that, for knowledge trac-

ing models, temporal proximity is not a reliable mea-

sure of feature importance.

Case Study. We use KernelSHAP and the Atten-

tion method to analyze AKT’s predictions within the

ASSISTment 2009 dataset. As shown in Fig. 8, to sim-

plify the analysis, we present the concepts and their

corresponding responses, omitting the exercise compo-

nent. For example, “87:1” indicates that the student

answered correctly on an exercise involving concept 87,

whereas “87:0” indicates an incorrect response on an ex-

ercise involving the same concept. Additionally, the fi-

nal value of 0.98 indicates the probability that the AKT

model predicts the student will correctly answer the ex-

ercise in the last interaction. The explanation provided

by KernelSHAP aligns with the educational theory, in-

dicating that the model relies on similar interactions to

predict the current one. Conversely, attention-based ex-

planations overwhelmingly emphasize the most recent

interaction, neglecting earlier ones. This observation

suggests that attention weights may not accurately re-

flect the model’s decision-making process[132].
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Fig.7. The performance of explanation methods varies with the increase in K on ASSISTment 2017, where the Baseline refers to the
model performance with no features removed. (a) AUC. (b) Loss.
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Fig.8. Visualization of explanation in knowledge tracing on ASSISTment 2009. (a) KernelSHAP. (b)Attention.

7 Future Research Directions

Despite significant progress in explainable methods

for knowledge tracing, which holds promise for educa-

tional research, several critical challenges remain. This

section explores potential avenues for future research.

Knowledge Structures Enhanced Explanation. Cur-

rently, explanations predominantly rely on raw features

like historical interactions, overlooking the underlying

knowledge structure between exercises. Consequently,

they fail to elucidate the mutual influence between two

different exercises sharing the same knowledge concepts

or problem schemas[111]. Both educators and learn-

ers prefer explanations that incorporate finer-grained

knowledge structures in knowledge tracing. For exam-

ple, when a student provides an incorrect answer to an

exercise, a more insightful explanation would attribute

the error to a lack of mastery in a related concept, go-

ing beyond simply highlighting past incorrect exercises.

Despite these preferences, current explanations primar-

ily depend on raw data, leaving the integration of the

educational theory into the explanation generation pro-

cess largely unaddressed.

Multimodal Data Fusion Enhanced Explanation.

Presently, explanations predominantly rely on inter-

actions between students and exercises, pinpointing

which previous interactions significantly influence cur-

rent predictions. However, the singular sources of these

explanations pose a risk of unreliability. Additional

data, including exercise text, time intervals between

interactions, relationships between exercises or knowl-

edge concepts, and exercise difficulty, all have the po-
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tential to contribute valuable insights. Explanations

sourced from diverse channels can mutually reinforce

each other, thereby amplifying the credibility of the

overall explanations. Consequently, the strategic fu-

sion of multimodal data emerges as a potent approach

to elevating the credibility of explanations.

Evaluation in Knowledge Tracing Explanation. As-

sessing explanations is inherently challenging, primar-

ily due to the lack of a reliable ground truth for a

model’s internal operations. This challenge is particu-

larly pronounced in knowledge tracing, where explana-

tions aim to elucidate the learning process. Even if ex-

planations accurately capture the internal mechanisms

of knowledge tracing models, they may deviate signif-

icantly from human perceptions of learning. This dis-

crepancy complicates objective evaluation, highlighting

the need for robust evaluation methods for explanations

in knowledge tracing.

Recourse for Knowledge Tracing. Recourse[2] de-

scribes a user’s ability to counteract the adverse effects

of model decisions. When a student is identified with

a deficient understanding of certain concepts, current

explainable methods merely offer reasons for these out-

comes. Unfortunately, these reasons are often complex

and not easily comprehensible, failing to guide students

in enhancing their weak knowledge states. At present,

counterfactual explanations are extensively employed

for generating recourse. Hence, it becomes imperative

to incorporate explainable methods to effectively pro-

duce recourse for knowledge tracing.

8 Conclusions

In this survey, we explored explanation methods in

depth. We first provided a comprehensive overview of

the development of explanation methods for static and

temporal models, highlighting key factors driving their

evolution. By analyzing the differences between static

and temporal explanation methods and the unique chal-

lenges each faces, we underscored the necessity of devel-

oping specialized methods for both types. Based on the-

oretical analysis and experimental findings, we observed

the need for explanation methods tailored to specific

tasks. Additionally, existing evaluation methods for ex-

planation techniques remain controversial, making the

establishment and refinement of evaluation frameworks

a crucial area of future research. Such advancements

will contribute to standardizing performance compar-

isons and guiding the selection of appropriate methods.

By outlining future research directions, we aim to in-

spire further advancements and offer readers a valuable

guide to explanation methods and their applications.
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S, Barbado A, Garćıa S, Gil-Lopez S, Molina D, Benjamins

R, Chatila R, Herrera F. Explainable artificial intelligence

(XAI): concepts, taxonomies, opportunities and challenges

toward responsible AI. Inf. Fusion, 2020, 58:82–115. DOI:

10.1016/J.INFFUS.2019.12.012.

[7] Samek W, Montavon G, Lapuschkin S, Anders C J, Müller

K. Explaining deep neural networks and beyond: A re-

view of methods and applications. Proc. IEEE, 2021,

109(3):247–278. DOI: 10.1109/JPROC.2021.3060483.

[8] Choi E, Bahadori M T, Sun J, Kulas J, Schuetz A, Stew-

art W F. RETAIN: an interpretable predictive model for

healthcare using reverse time attention mechanism. In Ad-

vances in Neural Information Processing Systems 29: An-

nual Conference on Neural Information Processing Sys-

tems, Dec. 2016, pp. 3504–3512.

[9] Hardt M, Rajkomar A, Flores G, Dai A M, Howell M D,

Corrado G, Cui C, Hardt M. Explaining an increase in

predicted risk for clinical alerts. In ACM CHIL ’20: ACM

Conference on Health, Inference, and Learning, Apr. 2020,

pp. 80–89. DOI: 10.1145/3368555.3384460.

10.1145/3527848
10.1109/TKDE.2020.2983930
10.1109/TKDE.2020.2983930
10.1109/TPAMI.2022.3204236
10.1016/J.INFFUS.2019.12.012
10.1109/JPROC.2021.3060483
10.1145/3368555.3384460


20 J. Comput. Sci. & Technol., January 2018, Vol., No.

[10] Ismail A A, Gunady M K, Bravo H C, Feizi S. Benchmark-

ing deep learning interpretability in time series predictions.

In Advances in Neural Information Processing Systems 33:

Annual Conference on Neural Information Processing Sys-

tems, Dec. 2020.

[11] Tonekaboni S, Joshi S, Campbell K, Duvenaud D, Gold-

enberg A. What went wrong and when? instance-wise

feature importance for time-series black-box models. In

Advances in Neural Information Processing Systems 33:

Annual Conference on Neural Information Processing Sys-

tems, Dec. 2020.

[12] Ni J, Chen Z, Cheng W, Zong B, Song D, Liu Y, Zhang

X, Chen H. Interpreting convolutional sequence model by

learning local prototypes with adaptation regularization.

In CIKM ’21: The 30th ACM International Conference

on Information and Knowledge Management, Nov. 2021,

pp. 1366–1375. DOI: 10.1145/3459637.3482355.

[13] Leung K K, Rooke C, Smith J, Zuberi S, Volkovs M. Tem-

poral dependencies in feature importance for time series

prediction. In The Eleventh International Conference on

Learning Representations, May. 2023.

[14] Sundararajan M, Taly A, Yan Q. Axiomatic attribution

for deep networks. In Proceedings of the 34th International

Conference on Machine Learning, volume 70 of Proceedings

of Machine Learning Research, Aug. 2017, pp. 3319–3328.

[15] Simonyan K, Vedaldi A, Zisserman A. Deep inside convo-

lutional networks: Visualising image classification models

and saliency maps. In The 2nd International Conference

on Learning Representations, Apr. 2014.

[16] Smilkov D, Thorat N, Kim B, Viégas F B, Wattenberg M.

Smoothgrad: removing noise by adding noise. CoRR, 2017,

abs/1706.03825.

[17] Kapishnikov A, Venugopalan S, Avci B, Wedin B, Terry

M, Bolukbasi T. Guided integrated gradients: An adap-

tive path method for removing noise. In IEEE Conference

on Computer Vision and Pattern Recognition, Jun. 2021,

pp. 5050–5058. DOI: 10.1109/CVPR46437.2021.00501.

[18] Ismail A A, Bravo H C, Feizi S. Improving deep learning

interpretability by saliency guided training. In Advances in

Neural Information Processing Systems 34: Annual Con-

ference on Neural Information Processing Systems, Dec.

2021, pp. 26726–26739.

[19] Lundström D, Huang T, Razaviyayn M. A rigorous study

of integrated gradients method and extensions to inter-

nal neuron attributions. In International Conference on

Machine Learning, volume 162 of Proceedings of Machine

Learning Research, Jul. 2022, pp. 14485–14508.

[20] Bach S, Binder A, Montavon G, Klauschen F, Müller K R,

Samek W. On pixel-wise explanations for non-linear clas-

sifier decisions by layer-wise relevance propagation. PLoS

ONE, 2015, 10.

[21] Shrikumar A, Greenside P, Kundaje A. Learning important

features through propagating activation differences. In Pro-

ceedings of the 34th International Conference on Machine

Learning, volume 70 of Proceedings of Machine Learning

Research, Aug. 2017, pp. 3145–3153.

[22] Zeiler M D, Fergus R. Visualizing and understanding con-

volutional networks. In ECCV, volume 8689 of Lecture

Notes in Computer Science, Sep. 2014, pp. 818–833. DOI:

10.1007/978-3-319-10590-1_53.

[23] Suresh H, Hunt N, Johnson A E W, Celi L A,

Szolovits P, Ghassemi M. Clinical intervention predic-

tion and understanding using deep networks. CoRR, 2017,

abs/1705.08498.

[24] Dabkowski P, Gal Y. Real time image saliency for black box

classifiers. In Advances in Neural Information Processing

Systems 30: Annual Conference on Neural Information

Processing Systems, Dec. 2017, pp. 6967–6976.

[25] Fong R C, Vedaldi A. Interpretable explanations of black

boxes by meaningful perturbation. In IEEE International

Conference on Computer Vision, Oct. 2017, pp. 3449–

3457. DOI: 10.1109/ICCV.2017.371.

[26] Fong R, Patrick M, Vedaldi A. Understanding deep net-

works via extremal perturbations and smooth masks. In

IEEE/CVF International Conference on Computer Vi-

sion, Nov. 2019, pp. 2950–2958. DOI: 10.1109/ICCV.2019.

00304.

[27] Covert I, Lundberg S M, Lee S. Understanding global fea-

ture contributions with additive importance measures. In

Advances in Neural Information Processing Systems 33:

Annual Conference on Neural Information Processing Sys-

tems, Dec. 2020.

[28] Agarwal C, Nguyen A. Explaining image classifiers by re-

moving input features using generative models. In 15th

Asian Conference on Computer Vision, volume 12627 of

Lecture Notes in Computer Science, Dec. 2020, pp. 101–

118. DOI: 10.1007/978-3-030-69544-6_7.

[29] Akhtar N, Jalwana M A A K, Bennamoun M, Mian A.

Attack to fool and explain deep networks. IEEE Trans.

Pattern Anal. Mach. Intell., 2022, 44(10):5980–5995. DOI:

10.1109/TPAMI.2021.3083769.

[30] Ren J, Zhou Z, Chen Q, Zhang Q. Can we faithfully repre-

sent absence states to compute shapley values on a dnn? In

The Eleventh International Conference on Learning Rep-

resentations, May, 2023.

[31] Zintgraf L M, Cohen T S, Adel T, Welling M. Visualizing

deep neural network decisions: Prediction difference anal-

ysis. In 5th International Conference on Learning Repre-

sentations, Apr. 2017.

[32] Fel T, Cadène R, Chalvidal M, Cord M, Vigouroux D,

Serre T. Look at the variance! efficient black-box explana-

tions with sobol-based sensitivity analysis. In Advances in

Neural Information Processing Systems 34: Annual Con-

ference on Neural Information Processing Systems, Dec.

2021, pp. 26005–26014.

[33] Sobol I M. Global sensitivity indices for nonlinear mathe-

matical models and their monte carlo estimates. Mathemat-

ics and computers in simulation, 2001, 55(1-3):271–280.

[34] Ribeiro M T, Singh S, Guestrin C. ”why should I trust

you?”: Explaining the predictions of any classifier. In Pro-

ceedings of the 22nd ACM SIGKDD International Con-

ference on Knowledge Discovery and Data Mining, Aug.

2016, pp. 1135–1144. DOI: 10.1145/2939672.2939778.

[35] Visani G, Bagli E, Chesani F. Optilime: Optimized LIME

10.1145/3459637.3482355
10.1109/CVPR46437.2021.00501
10.1007/978-3-319-10590-1_53
10.1109/ICCV.2017.371
10.1109/ICCV.2019.00304
10.1109/ICCV.2019.00304
10.1007/978-3-030-69544-6_7
10.1109/TPAMI.2021.3083769
10.1145/2939672.2939778


Fan Li et al.: Expl. Methods & Apps in Knowledge Tracing 21

explanations for diagnostic computer algorithms. In Pro-

ceedings of the CIKM 2020 Workshops co-located with

29th ACM International Conference on Information and

Knowledge Management, volume 2699 of CEUR Workshop

Proceedings, Oct. 2020.

[36] Zhou Z, Hooker G, Wang F. S-LIME: stabilized-lime for

model explanation. In The 27th ACM SIGKDD Confer-

ence on Knowledge Discovery and Data Mining, Aug. 2021,

pp. 2429–2438. DOI: 10.1145/3447548.3467274.

[37] Jain S, Wallace B C. Attention is not explanation. In

Burstein J, Doran C, Solorio T, editors, Proceedings of

the 2019 Conference of the North American Chapter of

the Association for Computational Linguistics: Human

Language Technologies, Jun. 2019, pp. 3543–3556. DOI:

10.18653/V1/N19-1357.

[38] Wiegreffe S, Pinter Y. Attention is not not explanation. In

Proceedings of the 2019 Conference on Empirical Methods

in Natural Language Processing and the 9th International

Joint Conference on Natural Language Processing, Nov.

2019, pp. 11–20. DOI: 10.18653/V1/D19-1002.

[39] Serrano S, Smith N A. Is attention interpretable? In

Proceedings of the 57th Conference of the Association

for Computational Linguistics, Aug. 2019, pp. 2931–2951.

DOI: 10.18653/V1/P19-1282.

[40] Alvarez-Melis D, Jaakkola T S. Towards robust inter-

pretability with self-explaining neural networks. In Ad-

vances in Neural Information Processing Systems 31: An-

nual Conference on Neural Information Processing Sys-

tems, Dec. 2018, pp. 7786–7795.

[41] Liu Y, Li H, Guo Y, Kong C, Li J, Wang S. Rethinking

attention-model explainability through faithfulness viola-

tion test. In International Conference on Machine Learn-

ing, volume 162 of Proceedings of Machine Learning Re-

search, Jul. 2022, pp. 13807–13824.

[42] Chefer H, Gur S, Wolf L. Generic attention-model ex-

plainability for interpreting bi-modal and encoder-decoder

transformers. In IEEE/CVF International Conference on

Computer Vision, Oct. 2021, pp. 387–396. DOI: 10.1109/

ICCV48922.2021.00045.

[43] Ron T, Hazan T. Dual decomposition of convex optimiza-

tion layers for consistent attention in medical images. In In-

ternational Conference on Machine Learning, volume 162

of Proceedings of Machine Learning Research, Jul. 2022,

pp. 18754–18769.

[44] Kim B, Wattenberg M, Gilmer J, Cai C J, Wexler J, Viégas

F B, Sayres R. Interpretability beyond feature attribu-

tion: Quantitative testing with concept activation vectors

(TCAV). In Proceedings of the 35th International Con-

ference on Machine Learning, volume 80 of Proceedings of

Machine Learning Research, Jul. 2018, pp. 2673–2682.

[45] Ghorbani A, Wexler J, Zou J Y, Kim B. Towards auto-

matic concept-based explanations. In Advances in Neural

Information Processing Systems 32: Annual Conference

on Neural Information Processing Systems, Dec. 2019, pp.

9273–9282.

[46] Zhang R, Madumal P, Miller T, Ehinger K A, Rubinstein

B I P. Invertible concept-based explanations for CNN mod-

els with non-negative concept activation vectors. In Thirty-

Fifth AAAI Conference on Artificial Intelligence, Feb.

2021, pp. 11682–11690. DOI: 10.1609/AAAI.V35I13.17389.

[47] Parekh J, Mozharovskyi P, d’Alché-Buc F. A framework to
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