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Abstract
Since knowledge graphs are often incomplete, link prediction methods are adopted to predict missing facts.
Although scalable embedding models are commonly used for this purpose, they lack comprehensibility, which
may be crucial in several domains. Explanation methods address this issue by identifying pieces of knowledge
that support the predicted facts. Regretfully, comparing quantitatively the resulting explanations is challenging
because there are different protocols and no insights on their consistency when evaluating the same explanation
method. Filling this important gap, we measure their consistency particularly as the correlation between the
metrics resulting from evaluating the same explanation methods via different protocols. This requires evaluating
the LP-X method CrossE in terms of a different protocol in addition to the ones introduced specifically for CrossE.
We conduct experiments with different widely known knowledge graphs and embedding models. The outcomes
suggest an overall consistency.
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1. Introduction

Knowledge Graphs (KGs) [1] are formal machine-processable representations of knowledge that conform
to graph-based data models consisting of entities (nodes) and binary relations (edges). KGs deliver
not only facts, but also intensional knowledge, which enables sound reasoning and is typically repre-
sented through ontologies. Despite their proven utility in academic and business [2, 3], KGs are often
noisy and/or incomplete because the activities characterizing their life-cycle are often semi-automatic,
incremental, and distributed [1]. Link Prediction (LP) methods aim at completing KGs by predicting
missing facts and they mostly ground on Knowledge Graph Embedding (KGE) models that lead to
competitive accuracy and scalability [4]. KGE models are representation learning solutions that encode
the elements of a KG as low-dimensional vectors (embeddings), preserving their structural properties,
that can be leveraged for tackling complex downstream tasks, such as LP, using efficient linear algebra
operations. Despite such advantages, these models lack comprehensibility, i.e., are not traceable in
terms of operations on symbolic/explicit knowledge. This problem hampers the use of LP via KGE
models particularly in fields where it is paramount that stakeholders comprehend predictions before
relying on them for making decisions with critical consequences. For example, the prediction of side
effects for a drug can be framed as a LP task [5] but it is crucial that stakeholders comprehend the
predictions before relying on them for making decisions about funding of research on the drug.

LP eXplanation (LP-X) methods [6] address this issue. Specifically, a post-hoc (after the prediction) LP-
X method, works with a generic LP method and explains a prediction by selecting pieces of knowledge
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(e.g., sets of facts) that are associated to the prediction.
Nevertheless, multiple protocols exists for evaluating explanations, making it difficult the comparison

of solutions coming from different LP-X methods. The prominent protocols for evaluating LP-X
methods are re-training, introduced for evaluating Criage [7] and also used for evaluating Kelpie [8]
and Kelpie++ [9], and recall and support, proposed for evaluating CrossE [10] and also used for
evaluating SemanticCrossE [11]. Conducting such evaluations is challenging because there is not yet
consensus on a standard evaluation protocol for evaluating explanations and there are no insights on
the consistency/reliability of the inter-rater (inter-protocol) evaluation, i.e., the evaluation of the same
LP-X method via different protocols. For this purpose, we investigate the following Research Question
(RQ):

Are the evaluation protocols re-training, recall, and support consistent when evaluating the same LP-X
method?

Measuring the consistency between such evaluation protocols requires comparing the values they
produce when applied to the same LP-X method. However, no state-of-the-art LP-X method has been
evaluated with all of the prominent protocols. This is because the lack of a standard evaluation protocol
has led to a proliferation of different ones, sometimes also tailored to the specific LP-X method to be
evaluated. Specifically, in this paper, we address the RQ via evaluating the LP-X methods CrossE and
SemanticCrossE, that can be readily evaluated via recall and support, also via re-training. This results
in an evaluation of the same methods (CrossE and SemanticCrossE) under three different protocols,
thus allowing to answer our RQ particularly by computing the correlation between the metrics resulting
from the different protocols.

The rest of the paper is organized as follows. In § 2, we review state-of-the-art methods for computing
and evaluating explanations. In § 3, we illustrate essential basics. In § 4, we detail the method for
measuring the consistency between the evaluation protocols, while in § 5, we illustrate the experiments.
In § 6, we summarize the achievements and suggest future research.

2. Related Works

This section analyzes the state-of-the-art LP-X methods along with the methods or protocols used for
evaluating their performance. The LP-X methods, that we target because they are generic with respect
to the LP method, explain a prediction by computing pieces of knowledge (e.g., sets of facts) that are
associated to the prediction. The first proposals explain a prediction by returning exactly one fact (within
the KG), as in the case of DP [12], applying perturbations, or Criage [7] computing (approximate)
influence functions. The latter can be restricted to a limited set of facts and to specific classes of KGE
models. More recent methods explain a prediction by returning a set of facts. Kelpie [8] and Kelpie++ [9]
employ a post-training process. KE-X [13] is based on information gain and KGExplainer [14] adopts
greedy search and perturbations. Notably, GEnI [15] returns explanations also including ontological
axioms based on numerical criteria on (specific classes of) KGEs. Conversely, the method introduced
in [16] grounds on abduction via learned rules. The resulting explanations are mainly evaluated by
re-training the KGE model, i.e., by comparing the LP performance of the original model with that of
a model trained on a modified KG where the facts in the explanations have been added, removed, or
isolated.

CrossE [10] and SemanticCrossE [11] explain a prediction by identifying a path between the entities
in the prediction. They rely on similarity measures and evaluate explanations as the number of similar
paths connecting similar entities. Other methods return explanations other than sets of facts or paths.
For example, in [17] logical rules are mined to explain a set of predictions and are evaluated in terms
of classification performance on the explained predictions and synthetic negative (false) facts. With
FeaBI [18], interpretable vectors are extracted from KGEs via feature selection and are compared to those
learned with an interpretable LP method. The evaluation measures the influence of the LP explanations



on the solution of related tasks, without considering the user’s perspective. These evaluation protocols
do not allow comparing the explanations coming from the different approaches.

Another direction for evaluating explanations is to provide datasets containing ground-truth ex-
planations to be compared with the computed ones. FR200K [19], FRUNI and FTREE [20], include
hand-crafted rules that reflect domain knowledge and explain a fact by identifying those facts that un-
derpin the rules generating it. In FR200K each explanation is also rated by users in terms of (subjective)
intuitiveness, whereas in FRUNI and FTREE explanations are assumed to be valuable. Hence, FR200K
enables user guided evaluation; however, its construction process hardly generalizes to large scale due
to the required manual intervention.

A complementary direction is represented by interpretable LP methods, which are LP methods with
a more understandable functioning. A comparison of different interpretable methods would mean to
compare their functioning, and is beyond our purpose.

3. Basics

A KG 𝒢(𝒱,ℛ) is a graph-based data structure, where 𝒱 is a set of nodes representing entities, and ℛ is
a set of predicates, representing binary relations between entities. A KG can be seen as a collection of
triples ⟨𝑠, 𝑝, 𝑜⟩ ∈ 𝒱 ×ℛ× 𝒱 , with a subject 𝑠, a predicate 𝑝 and an object 𝑜, where 𝑠, 𝑜 ∈ 𝒱 and 𝑝 ∈ ℛ.

LP methods calculate a ranking function rank: 𝒱 × ℛ × 𝒱 → N that computes the position of a
given triple ⟨𝑠, 𝑝, 𝑜⟩ in the set of triples { ⟨𝑠, 𝑝, 𝑢⟩ | 𝑢 ∈ 𝒱 } according to the confidence/plausibility
score computed via a KGE model. A triple in the KG 𝒢 is correctly predicted by the LP method if it is
top-ranked. The LP performance is typically evaluated in terms of the metrics:

• 𝑀𝑅𝑅: the average of the inverse of the obtained ranks
• 𝐻@1: the ratio of predictions for which the rank is 1

Next, let 𝑒𝑥𝑝𝑙𝑎𝑖𝑛 : 𝒢 → 𝒳 be the function denoting a LP-X method, where 𝒳 is the set of all possible
explanations. For example, the LP-X methods CrossE and SemanticCrossE that we specifically target,
compute explanations as paths (maximum length 2) connecting the entities in the prediction. There are
6 possible types of path for a prediction ⟨𝑠, 𝑝, 𝑜⟩ ∈ 𝒢:

1. { ⟨𝑠, 𝑝′, 𝑜⟩ };
2. { ⟨𝑜, 𝑝′, 𝑠⟩ };
3. { ⟨𝑢, 𝑝′, 𝑠⟩, ⟨𝑢, 𝑟, 𝑜⟩ };
4. { ⟨𝑢, 𝑝′, 𝑠⟩, ⟨𝑜, 𝑟, 𝑢⟩ };
5. { ⟨𝑠, 𝑝′, 𝑢⟩, ⟨𝑢, 𝑟, 𝑜⟩ };
6. { ⟨𝑠, 𝑝′, 𝑢⟩, ⟨𝑜, 𝑟, 𝑢⟩ }.

where 𝑝′ is a predicate similar to 𝑝, 𝑟 is any other predicate 𝑟 ∈ ℛ, and 𝑢 is any other entity 𝑢 ∈ 𝒱 .
CrossE and SemanticCrossE return the empty set ∅ when they fail to explain the prediction ⟨𝑠, 𝑝, 𝑜⟩.
For computing similar predicates 𝑝′, CrossE adopts the euclidean distance, whereas SemanticCrossE
can adopt either the cosine distance or a semantic similarity measure.

4. The Proposed Approach

In this section, we illustrate the evaluation protocols to be compared, namely: re-training (§ 4.1), recall
and support (§ 4.2), and how we verify the consistency, if any, between them in order to answer RQ
(§ 4.3). We specifically consider and compare explanations only of the 𝑇 ⊂ 𝒢 of correct predictions
made via a KGE model 𝑚, since explanations for wrong predictions may be misleading.



4.1. Re-training

The re-training protocol (introduced for evaluating the LP-X method Criage [7]) measures the impor-
tance of the explanations by measuring the impact of explanations removal from the KG in solving the
very same LP task via a KGE model 𝑚. Specifically, it is based on comparing the LP performance of the
model used for computing the predictions with that of the model trained on a modified KG from which
the triples in the explanations have been removed. If the removal significantly worsens performance, it
indicates that the explanations are important for the predictions and as such they could be considered
in principle as valid explanations.

In the following, we formalize1 the re-training process, by considering a KG 𝒢(𝒱,ℛ). First, let
remove𝒢 : 2

𝒳 → 𝒱 ×ℛ× 𝒱 be the function that removes the triples in each explanation 𝑥 in a set of
explanations 𝑋 from the KG, formally:

∀𝑋 ∈ 2𝒳 ,𝒢′ := remove𝒢(𝑋) = 𝒢 ∖
⋃︁
𝑥∈𝑋

𝑥

Second, let 𝑚′ denote the perturbed KGE model, with the same architecture and hyperparameters as
the KGE model 𝑚, but trained on the modified KG 𝒢′ (instead of 𝒢). MRR𝑚′ and H@1𝑚′ denote the
LP performance metrics of the perturbed KGE model 𝑚′. Since the LP performance metrics MRR𝑚 and
H@1𝑚 of the original KGE model 𝑚 are both 1.0 (since only the correct predictions are considered),
the re-training metrics ΔMRR and ΔH@1 can be computed as follows:

ΔMRR = 1−MRR𝑚′

ΔH@1 = 1−H@1𝑚′

Both fall within the interval [0, 1], where higher values indicate more effective explanations.

4.2. Recall and Support

The recall (introduced for evaluating the LP-X method CrossE) is the ratio of predictions for which the
LP-X method generated an explanation, formally:

∀𝑇 ⊂ 𝒢, recall(𝑇 ) =
|{ 𝑡 | 𝑡 ∈ 𝑇, explain(𝑡) ̸= ∅ }|

|𝑇 |

The support of an explanation for a prediction, introduced for evaluating the LP-X method CrossE, is
the number of supports, i.e., triples in the KG that are similar to the prediction and have an explanation
similar to the one of the prediction. The support is computed whilst computing the explanation
and is returned along with the explanation because CrossE and SemanticCrossE returns solely the
explanations with at least one support. Moreover, different similarity functions are defined in CrossE
(euclidean) and SemanticCrossE (cosine and semantic). In the following, we formalize the support,
considering a KG 𝒢(𝒱,ℛ). First, let neighbors𝑘 : 𝒱 → 𝒱𝑘 be the function selecting the 𝑘 entities that
are most similar to the given entity. Second, let get_sim_triples𝑘 : 𝒢 → 2𝒢 be the function that selects
the triples similar to the given one, via the function neighbors𝑘: ∀⟨𝑠, 𝑝, 𝑜⟩ ∈ 𝒢

sim_triples𝑘(⟨𝑠, 𝑝, 𝑜⟩) = { ⟨𝑛, 𝑝, 𝑣⟩ | 𝑛 ∈ neighbors𝑘(𝑠) ∧ 𝑣 ∈ 𝒱 ∧ ⟨𝑛, 𝑝, 𝑣⟩ ∈ 𝒢 }.

Next, let is_support : 𝒢 × 𝒳 × 𝒢 × 𝒳 → { 0, 1 } be the function that determines whether an
explanation for a given prediction is supported by another explanation for another given prediction.
Formally, given a prediction ⟨𝑠, 𝑝, 𝑜⟩ with its corresponding explanation 𝑥1 and a similar triple ⟨𝑛, 𝑝, 𝑣⟩
with its corresponding explanation 𝑥2, we specify for each possible type of the explanation 𝑥1, when
𝑥2 is a support:

1. 𝑥1 = { ⟨𝑠, 𝑝′, 𝑜⟩ }, 𝑥2 = { ⟨𝑛, 𝑝′, 𝑣⟩ };

1We denote the set of all the subsets of a set 𝐴 as 2𝐴.



2. 𝑥1 = { ⟨𝑜, 𝑝′, 𝑠⟩ }, 𝑥2 = { ⟨𝑣, 𝑝′, 𝑛⟩ };
3. 𝑥1 = { ⟨𝑢, 𝑝′, 𝑠⟩, ⟨𝑢, 𝑟, 𝑜⟩ }, 𝑥2 = { ⟨𝑢, 𝑝′, 𝑛⟩, ⟨𝑢, 𝑟, 𝑣⟩ };
4. 𝑥1 = { ⟨𝑢, 𝑝′, 𝑠⟩, ⟨𝑜, 𝑟, 𝑢⟩ }, 𝑥2 = { ⟨𝑢, 𝑝′, 𝑛⟩, ⟨𝑣, 𝑟, 𝑢⟩ };
5. 𝑥1 = { ⟨𝑠, 𝑝′, 𝑢⟩, ⟨𝑢, 𝑟, 𝑜⟩ }, 𝑥2 = { ⟨𝑛, 𝑝′, 𝑢⟩, ⟨𝑢, 𝑟, 𝑣⟩ };
6. 𝑥1 = { ⟨𝑠, 𝑝′, 𝑢⟩, ⟨𝑜, 𝑟, 𝑢⟩ }, 𝑥2 = { ⟨𝑛, 𝑝′, 𝑢⟩, ⟨𝑣, 𝑟, 𝑢⟩ }.

where 𝑝′ is a predicate similar to 𝑝, 𝑟 is any other predicate 𝑟 ∈ ℛ, and 𝑢 is any other entity 𝑢 ∈ 𝒱 .
Then, let support𝑘 : 𝒢 × 𝒳 → N be the function that measures the number of supports for the

explanation of a given prediction, formally: ∀⟨𝑠, 𝑝, 𝑜⟩ ∈ 𝒢, 𝑥 = explain(⟨𝑠, 𝑝, 𝑜⟩)

support𝑘(⟨𝑠, 𝑝, 𝑜⟩, 𝑥) = |{ ⟨𝑛, 𝑝, 𝑒⟩ ∈ sim_triples(⟨s,p, o⟩)∧is_support(⟨𝑠, 𝑝, 𝑜⟩, 𝑥, ⟨𝑛, 𝑝, 𝑒⟩, explain(⟨𝑛, 𝑝, 𝑒⟩) }|

Finally, let 𝑇 = [𝑡1, ..., 𝑡𝑛] ⊂ 𝒢 be a sequence of predicted triples and 𝑋 = [𝑥1, . . . , 𝑥𝑛] ⊂ 𝒳 be a
sequence of explanations such that ∀𝑖 ∈ { 1, . . . , 𝑛 } explanation 𝑥𝑖 explains prediction 𝑡𝑖 (explain(𝑡𝑖) =
𝑥𝑖), then let average_support : 2𝒳 × 2𝒢 → R be the function measuring the average support of a
sequence of predictions with their corresponding explanations, formally:

average_support(𝑇,𝑋) =
1

|𝑋|

𝑛∑︁
𝑖=1

support(𝑡𝑖, 𝑥𝑖)

Higher values of average support indicate more effective explanations. Specifically, the sequences of
explanations and predictions are partitioned into six disjoint subsets, one for each explanation type.
The average support is then computed independently for each subset.

4.3. Measuring the Consistency between the Evaluation Protocols

To verify the consistency between the protocols, we employ the standard Pearson correlation coefficient,
as it has been used to assess the inter-rater consistency among raters/evaluators using continuous
scales.

The Pearson correlation coefficient 𝜌 measures the linear relationship between two sets of variables
𝐴 and 𝐵 and falls within the interval [−1, 1], where 1 indicates a perfect positive correlation (as 𝐴
increases, so does 𝐵), −1 indicates perfect negative correlation (as 𝐴 increases, 𝐵 decreases), and 0
indicates that there is no linear relationship between the variables.

As for the support protocol, in addition to the average_support for each explanation type, we
compute the total number of supports (#supports) for the set of evaluated explanations, since we
consider the quality of an explanation to be independent of the type of path, and dependent solely on
the number of supports. Hence, we compute the correlation between the following pairs of metrics:

• ΔMRR and recall;
• ΔH@1 and recall;
• ΔMRR and #supports;
• ΔH@1 and #supports.

For each correlation value, we also perform a permutation test that outputs a 𝑝-value intuitively denoting
the probability that the correlation is due to chance: 𝑝 < 0.05 denotes a statistically significant (not
due to chance) correlation.

5. Experimental Evaluation

In this section, we illustrate the experimental setup (§ 5.1) and discuss the results (§ 5.2).



Table 1
KG statistics

Entities Predicates Train triples Valid triples Test triples

DB100K 98776 464 587688 49172 49114
YAGO4-20 96910 70 555182 69398 69398

5.1. Experimental Setup

We performed the study on two publicly available KGs: YAGO4-20, DB100K sampled from DBpedia and
YAGO4, respectively [9]; their statistics are reported in Tab. 1. YAGO4-20 and DB100K contain not only
triples, but also ontological axioms that SemanticCrossE leverages for computing the explanations
via the semantic similarity measure. In addition, we performed the experiments with respect to three
different LP methods. Specifically, we adopted three seminal KGE models, each representing a prominent
family of such models, namely: TransE [21] (translational), ConvE [22] (neural) and ComplEx [23]
(tensor factorization). Moreover, since KGE models are machine learning solutions, the KGs are further
split into a training set, a validation set, and a test set of triples. For each KGE model and KG, we
computed the explanations via CrossE and SemanticCrossE of the triples in the test set that are
(correctly) top-ranked via the LP method. We employ solely CrossE and SemanticCrossE as it is
difficult to evaluate the other SOTA methods, such as Criage and Kelpie, via the recall and support
protocols. The number of explained triples for each KGE model and KG is reported in Tab. 2. All
the code, datasets, and trained models utilized in our study are openly accessible on GitHub2. The
correlations are computed firstly for the complete set of results and then considering separately the
results for each KGE model and each KG.

Table 2
Number of correct predictions

KGE model KG # Correct Predictions

TransE DB100K 8277
TransE YAGO4-20 9288
ConvE DB100K 18848
ConvE YAGO4-20 16655
ComplEx DB100K 19276
ComplEx YAGO4-20 18399

5.2. The Outcomes of the Evaluation

Tab. 3 reports the outcomes of the evaluation of the computed explanations via the protocols re-training,
recall, and support. Based on such values, we computed the correlation coefficients, reported in Tab. 4.
The correlation coefficients suggest a moderate and significant positive correlation for all pairs of
metrics. As for the analysis conducted separately for each KGE model, the outcomes suggest a strong
and significant positive correlation when considering ConvE and ComplEx, but not when considering
TransE. Specifically, considering TransE, the correlation of the re-training metrics with the recall is
close to 0 and not significant, while the one of the re-training metrics with the number of supports is
strongly negative and significant. The low correlation when considering TransE may be due to the
lower performance, in terms of the number of correct predictions in Tab. 2, of such a model compared
to that of the other models. As for the analysis conducted separately for each KG, the outcomes suggest
a strong and significant positive correlation when considering DB100K and a correlation close to 0 and
not significant when considering YAGO4-20. The low correlation when considering YAGO4-20 may be

2https://github.com/LeoSantovito/lpx_evalprotocol_consistency

https://github.com/LeoSantovito/lpx_evalprotocol_consistency


Table 3
Evaluation of the explanations via the protocols re-training, recall, and support

KGE model KG LP-X method Similarity ΔMRR ΔH@1 recall #supports

TransE DB100K CrossE euclidean 0.386 0.522 0.077 12710
TransE DB100K SemanticCrossE cosine 0.363 0.494 0.094 12022
TransE DB100K SemanticCrossE semantic 0.360 0.483 0.098 14706

ConvE DB100K CrossE euclidean 0.746 0.828 0.077 123876
ConvE DB100K SemanticCrossE cosine 0.770 0.844 0.124 159068
ConvE DB100K SemanticCrossE semantic 0.764 0.842 0.147 152723

ComplEx DB100K CrossE euclidean 0.857 0.910 0.241 320007
ComplEx DB100K SemanticCrossE cosine 0.843 0.898 0.326 492067
ComplEx DB100K SemanticCrossE semantic 0.825 0.993 0.305 434052

TransE YAGO4-20 CrossE euclidean 0.489 0.576 0.090 5061
TransE YAGO4-20 SemanticCrossE cosine 0.479 0.571 0.089 7525
TransE YAGO4-20 SemanticCrossE semantic 0.492 0.579 0.104 6761

ConvE YAGO4-20 CrossE euclidean 0.565 0.647 0.001 53
ConvE YAGO4-20 SemanticCrossE cosine 0.575 0.657 0.042 3473
ConvE YAGO4-20 SemanticCrossE semantic 0.642 0.703 0.056 3576

ComplEx YAGO4-20 CrossE euclidean 0.788 0.829 0.061 5761
ComplEx YAGO4-20 SemanticCrossE cosine 0.785 0.827 0.074 6898
ComplEx YAGO4-20 SemanticCrossE semantic 0.794 0.834 0.078 6589

Table 4
The correlations of the different pairs of metrics. Significant correlations (𝑝 < 0.05) are marked with *

Set Metric ΔMRR - recall ΔH@1 - recall ΔMRR - #supports ΔH@1 - #supports

Complete 𝜌 0.491* 0.522* 0.612* 0.649*
𝑝-value 0.038 0.026 0.007 0.004

TransE 𝜌 0.171 0.042 -0.964* -0.945*
𝑝-value 0.746 0.937 0.002 0.004

ConvE 𝜌 0.909* 0.901* 0.961* 0.978*
𝑝-value 0.012 0.014 0.002 0.000

ComplEx 𝜌 0.865* 0.912* 0.864* 0.911*
𝑝-value 0.026 0.011 0.026 0.011

DB100K 𝜌 0.686* 0.668* 0.818* 0.805*
𝑝-value 0.041 0.049 0.007 0.009

YAGO4-20 𝜌 -0.127 -0.147 0.170 0.157
𝑝-value 0.744 0.706 0.660 0.687

due to the low number of supports (compared to DB100K) that in turn may be due to the low number
of predicates in YAGO4-20.

6. Conclusions

We conducted an empirical study of the consistency between the prominent protocols for evaluating
explanation, namely re-training, recall, and support. Specifically, we evaluated CrossE and Seman-
ticCrossE, originally evaluated via recall and support, also via re-training. Hence, we computed the
correlation between the metrics resulting from the different protocols. The outcomes suggest that the
protocols are overall consistent. A current limitation stems from the number of explained predictions



that varies across KGE models and KGs. For the future, we aim not only at conducting a study with a
fixed number of explained predictions, but also at extending the study with other protocols, such as
LP-DIXIT [24], other KGs, including those without schema level knowledge, and other consistency
statistics.
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