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ABSTRACT

Keyphrases are expressions allow to identify the topics, or the ideas addressed in a document.
Various natural language processing (NLP) applications have employed these phrases to
improve their performance. Several research papers have been published in recent years
that focus on keyphrases extraction or generation approaches. Various techniques are
used to evaluate the performance of these methods. These techniques can be classified into
three main categories: lexical similarity, rank-based, and semantic similarity techniques. This
paper presents a comprehensive review of these techniques, with a particular focus on the
major challenges encountered during the evaluation process. Also, this review underscores
the need for more robust and rigorous evaluation techniques to improve the reliability and
effectiveness of keyphrases prediction approaches. This review will contribute to understand-
ing the different keyphrases evaluation techniques, the main challenges they face, and future
research directions related to keyphrases prediction evaluation.
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1  INTRODUCTION

The huge amount of text data produced daily makes it very difficult to analyze.
Therefore, to identify the main topics and ideas of a text, it is necessary to find smart
solutions. Keyphrases are one of the solutions used to improve the performance
of natural language processing (NLP) applications [1]. Keyphrases prediction in a
document is based on two mechanisms, extraction and generation [2]. Keyphrases
are extracted either using supervised models based on machine and deep learning
algorithms, or using unsupervised methods based on statistics, graphs and sentence
embedding techniques [3]. These methods are commonly evaluated using lexical
similarity measures, rank-based comparisons, and semantic similarity techniques.
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However, each of these evaluation techniques faces challenges that can affect the
accuracy and consistency of the results.

This paper aims to review the techniques and processes currently used to
evaluate keyphrase extraction or generation methods. The review seeks not only to
classify and describe the various evaluation techniques, but also to critically exam-
ine their strengths, weaknesses, and applicability across different contexts. This
review serves as a foundation for identifying directions for future research in the
keyphrase prediction field, including the development of effective assessment proto-
cols that emulate human evaluation.

The remainder of this paper will include a section introducing the most important
keyphrase prediction methods. Section 3 will analyze the evaluation of keyphrase
prediction models. Section 4 will discuss the results of this comprehensive review
and the challenges posed by the current evaluation of these models. The paper
will conclude by proposing future research directions to overcome the current
challenges.

2  KEYPHRASES PREDICTION MODELS

Keyphrases prediction, whether using extraction or generation mechanisms, is
a natural language processing task used in many applications such as text summa-
rization, information retrieval, text clustering, and recommendation systems. Many
studies [2], [4], [5], [6] classify keyphrases into present keyphrases that appear in the
document and absent keyphrases that are automatically generated. In this section
we will present the most important approaches of keyphrases prediction, which
adopted the extraction mechanism or the generation mechanism.

2.1 Keyphrases extraction approaches

The keyphrase extraction task is to identify the phrases in the document that
express its main content [7]. Several works have concerned a review of keyphrase
extraction [8] focused on errors during the evaluating keyphrase extraction
process. While [9] investigated the effect of text preprocessing on key phrase
extraction. [10] examined different types of features, training and evaluation
datasets associated with keyphrases extraction. The authors of [11] gave a general
introduction to the field of keyphrases extraction by analyzing the advantages and
disadvantages of keyphrases extraction methods. We also accomplished in [3] a
systematic literature review of keyphrases extraction methods published between
2015 and 2022.

o Keyphrases extraction process: Several methods have been proposed to
extract keyphrases, supervised and unsupervised. According to previous stud-
ies [10], [12], supervised methods perform better than unsupervised methods.
However, they remain less popular because they require provide training data.
We will introduce the various techniques used in each category, as well as the
evaluation measures and datasets used for training and evaluation.
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Fig. 1. The keyphrases extraction process

The keyphrases extraction process involves several stages [13]. Document
preprocessing is the first step in which non-text data and stop words are
removed [14]. The second step aims to identify the set of candidate phrases. In the

the availability of a dataset for learning. Figure 1 present the stages of keyphrase
extraction process.

Unsupervised approaches: Unsupervised methods adopt the principle of rank-
ing the set of candidates keyphrases, according to one or more weighting coeffi-
cients. The candidates keyphrases with a weight value greater than the minimum
are the keyphrases set. PC = {P,, P,, .., P } is the candidate keyphrases set of a
document D. W(P,) the weight of candidate P. The keyphrases set of document D,
corresponds to the following formula (1):

S, = J{P:WE)>min} (1)

kp
P, ePC

Where: S, is the set of keyphrases from document d. According to several
reviews [3], [10]. Unsupervised methods can be classified into three categories:
1. Methods based on statistical models: These methods exploit statistical fea-

tures in the document to calculate the scores for candidate keyphrases [15],
[16], [17].

2. Methods based on Graph: Most of these methods rely on the co-occurrence
relationship between document phrases [18], [19] while other methods try to
add phrase position, syntactic and semantic relationship between phrases to
improve keyphrase extraction [20], [21].

3. Methods based on sentence embedding techniques: The candidate keyphrases
and the document are represented based on one of the words or sentences
embedding techniques [22], [23], [24].

Unsupervised keyphrase extraction methods exploit several techniques, such
as statistic features, graph representation, words and sentences embedding.
Generally, unsupervised methods follow the principle of ranking candidate
keyphrases according to their importance degree for the document. Identifying
the number of key phrases in a document remains a weak point for these
methods. Despite this, most of these methods are not affected by the language of
the document and do not require a corpus for training.
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Supervised approaches: Most supervised approaches learn to classify candi-
date phrases into “keyphrases” or “non-keyphrases.” The keyphrases extraction
via supervised approaches is treated as a classification problem [25] using a
binary classification function (2):

LR — {1,-1} 2)

Where: f is a function that takes as argument a features vector V(P,(f,(P)), ...
f.(Py). freturns a value of 1 if the candidate P, is a keyphrase in document i and
a value -1 if it is non-keyphrase. The keyphrases of a D, document can be repre-
sented by formula (3).

M= {p,: 1) =1 (3)

Pi] €D,

Generally, supervised methods require a large amount of training data.
Providing this data requires a lot of effort. However, many supervised methods
have been proposed. We have classified them according to the learning algo-
rithm used.

o Naive Bayes (NB) algorithm is a probabilistic machine learning model for
binary classification. NB has been adopted by many keyphrases extraction
methods such as KEA model [26], Nguyen model [27] and CRF model [28].

o Support vector machine (SVM) algorithm is based on the creation of a decision
boundary capable of separating the space into classes in order to place the
data to be classified in the right category. This algorithm has been used in
many methods to identify keyphrases [29], [30].

o Neural network models are models used more in keyphrases generation, but
we also find methods that used these techniques in keyphrases extraction,
such as [31], [32].

The keyphrases extraction via supervised approach is a classification task.
These approaches are affected by the domain of the document and the language
in which it is written. This problem requires having a training corpus whenever
the domain and language in which the document is written change. Redundancy
in the extracted keyphrases is another problem with supervised methods.

2.2 Keyphrases generation approaches

Several studies [12], [33], [34] have confirmed that there are two keyphrases types,

present and absent keyphrases. It is not possible to identify absent keyphrases using
the extraction mechanism. The development of Seq2Seq techniques [35] proposed
the KeyPhrase Generation (KPG) rather than their extraction. KPG is an automatic
prediction of phrases that highlight important information in a document [36]. The

importance of KPG also lies in their contribution to improving the performance of
natural language processing tasks [37]. In the literature, many KPG methods have

been proposed. According to several studies [2], [4], keyphrases are generated using
three training models, One20ne [12], One2Seq [38], and One2Set [39].

Training paradigms: Three main models are used to train the KPG approaches,
One20ne, One2Seq and One2Set. These models are based on the Seq2Seq model.
This paradigm has been described in [35], [40]. KPG is a process similar to
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language prediction. Each keyphrase is a short sequence of tokens. To generate
keyphrase based on Seq2seq model, the source text is used as the input sequence
for the encoder which collects the important information in the context vector.
The decoder uses this vector to generate multiple sequences of tokens, each
sequence is a keyphrase. Figure 2 introduces the process of keyphrases genera-
tion based on Seq2seq model.

Intermediate
Representation

Keyphrases

KP1=W11 Wi2...

$ Decoder ¢ KP2=w2y W2s...

Source text

Wy W2 W3 W4 Wg Wg ... f> ’ Encoder E>

KP3=W31 W32...

(000000

Fig. 2. Keyphrases generation process based on Seq2seq model

Most KG methods are based on the seq2seq model, which is exploited via a

training model. The main difference between these models is how they handle
multiple target keyphrases. To understand how keyphrases are generated, we will
first present these models.
One20ne model: One20ne [12] is the first training model proposed for KPG.
The One20ne training paradigm is based on compressing the overall source text
content into a hidden context vector using an encoder. The decoder generates
keyphrases based on the context vector. Generally, a training set consisting of
N data. Each data sample (X%, P%) contains one source text X? and K target key-
phrases PO = (ptv, pi2 . ptk)) where x(i) source text and the p®’ keyphrase are
sequences of words:

(i) — (1) @ (i)
X _{x1 XX }
4)
L . L o)
p(l,]) — {W(ll,])’w(zl,])’ .. .,W 1] }

Where:
o L ,:The number of words in the sequence X.

) me): The number of words in the sequence ptb.

Each data simple (X, P%) contains a set of target phrase sequences and a source
text sequence. Using the RNN encoder-decoder requires the conversion of (X®, P%)
into text-keyphrase pairs that contain only a source sequence and a one-phrase
sequence. The split of the data sample (X?, PY) is represented by formula (5).

(X, PO (X, POD), (X0, PI2), .., (X0, P} (5)

Where:
o L:The number of targets keyphrases in the data sample (X?, P®)

After splitting the sample data, the Encoder-Decoder model is ready to learn the
mapping from the source text sequence to the target sequence. Figure 3 shows
an example.
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Fig. 3. An example of KPG according to the One20ne training model

Methods that adopt the One20ne training paradigm compress the overall

source text content into a hidden context vector using an encoder. The decoder
generates one keyphrase in each sequence. To improve the performance of KPG,
some methods added other mechanisms during training. CorrRNN [41] uses
the coverage and review mechanisms to cover all parts of the document. While
ParaNet [42] used encoders to compress words and POS tags to overcome over-
lapping keyphrases being generated.
One2Seq model: One2Seq [38] is the second proposed training model for KPG.
Such as One20ne, One2seq is based on the principle of Seq2Seq. To create the
training set, the One2Seq model combines all p, target keyphrases into a single
sequence. P=<bos>p,<sep> ... <sep>p <eos>. The sequence is prefixed by <bos>
and terminated by <eos>. Between each two target phrases, a <sep> is inserted.
Thus, only one data point (t; P) is formed. The One2Seq model was trained to
predict a single sequence containing all target phrases. Which contributed to
avoid generating similar keyphrases. Figure 4 provides an example of data point
construction.

keyphrase extraction methods <sep> machine learning

Encoder

Decoder

J0J23A IXU0D

Fig. 4. An example of KPG according to the One2Seq training model

For the present keyphrases they are ordered in P sequence according to the
order of their appearance in the source text. Absent keyphrases are appended at
the end of the sequence. This helps the model to learn the dependencies between
the keyphrases. Also, it specifies the number of target phrases in the source text.
However, during training in the One2Seq model, the decoder takes a sequence
of keyphrases as the target. Training to generate keyphrases in a single sequence
is often affected by the order of these phrases in the sequence. This may create a
false bias, which was confirmed by the empirical study published in [43].
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One2Set Model: The ONE2SET model [39] considers that training to generate one
keyphrase at a time or a single sequence of keyphrases introduces a wrong bias.
To resolve this problem, it treats the keyphrase generation as a set generation
task. That is, predicting target keyphrases in parallel as a set as shown in Figure 5.

deep learning <sep> topic model <eos>

X xi o  xiox

\ v v v \ \
topic model <sep> deep learning <eos>

(@) ONE2SEQ

deep learning <eos> topic model <eos>

\
WARY)
\

- a & A Ta . T
topic model <eos> deep learning <eos>
(b) ONE2SET

Fig. 5. An example comparing the KPG between ONE2SEQ and ONE2SET model [39]

The sample data used for training consisted of (t, Y) pairs. t represents the source
text, and y represents a set of target keyphrases as indicated by the formula (6).

Y={yi},i=1;..;|Y| (6)

Where:
oyt ith target keyphrase
o ]Y] is the number of targets keyphrases

Thus, the sample data used for training is compatible with the target sample
data, which helps to bypass problems related to partitioning in One20ne model or
sequencing in One2Seq model. Also, the One2Set model adopts the Transformer
[44] as the encoder and decoder framework. Most of the models that gener-
ate the keyphrases are supervised. Which requires the provision of large and
diverse datasets for training. Also, its performance varies according to the topics
and the size of the document. Unfortunately, there is a dearth of unsupervised
models. AutoKeyGen [45] is currently the only unsupervised method to generate
keyphrases.

2.3 Discussion

Keyphrase prediction relies on two mechanisms: extraction and generation.

Extraction approaches consist of identifying text segments already present in the
source document. These segments are selected using various techniques (statistical,
syntactic, or semantic). These approaches identify lexically present keyphrases in
the document. However, they are not capable to generate keyphrases not mentioned
in the document. They also suffer from the problem of redundancy and phrases
overlap. Conversely, generation approaches allow the production of keyphrases
that are not necessarily present in the source text. They are generally based on
sequence-to-sequence (seq2seq) models. These approaches have the ability to pro-
duce keyphrases more consistent with human annotations, but still require large
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volumes of annotated dataset for training. They also suffer from the problem of
redundancy and overlap and can produce irrelevant keyphrases. Generally, there
are still challenges common to both mechanisms, such as:

e Redundancy: Many models fail to filter out semantically overlapping keyphrases.

e Language sensitivity: The syntactic diversity of some languages can reduce the
effectiveness of the approaches, especially in unsupervised models.

e The optimal number of keyphrases: Most methods rely on fixed thresholds or
heuristics, which may not match the actual information density of the document.

In many studies [6], [46], the two mechanisms can be complementary. Extraction
can serve as a first step to identify candidate phrases, while generation can
reformulate or enrich these phrases.

3  KEYPHRASES PREDICTION EVALUATION

The evaluation process of keyphrases prediction helps to measure its perfor-
mance for extraction or generation the most representative phrases for a document.
In this section, we will introduce the different keyphrase prediction evaluation
processes that were adopted. In addition, we will present the metrics and datasets
that exploited these processes.

3.1 Evaluation process

According to many reviews [3], [8], [10], [47], most keyphrase prediction methods
rely on performance evaluation by testing these methods on datasets that include files
containing keyphrases manually identified by authors or readers. The performance
of these methods is calculated by a set of metrics that compare automatically pre-
dicted keyphrases to manually selected keyphrases. Figure 6 present the evaluation
process of keyphrases prediction appoaches.

2
v}
--------------- KeyPhrase Prediction ===--—---&) =———
| e————— )
! Model ;7%
! @
! Predicted
! KeyPhrases
| |
: |
Q= ®
o Evaluation
Input | _____ D= ———————————— D= ] Metric
Text Q= ®
8 ——
®
Ground truth Comparison
Keyphrases ¥

Performance Comparison with
Score other models

Evaluation
Dataset

Analysis & Model Improvement

Fig. 6. Evaluation process of keyphrases prediction approaches
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To analyze the evaluation process and identify their challenges, we will first
study the datasets used in the evaluation. We will also study the different evaluation
metrics used to calculate the keyphrase prediction performance, and the comparison
of the evaluated model with other methods.

3.2 Evaluation datasets

Reference datasets selection is the first step in the evaluation process of keyphrases
prediction methods. Each model tries to choose the appropriate datasets to achieve
the best performance. Therefore, in Table 1 we will detail the features of different
datasets in order to facilitate the selection of dataset during the evaluation process.

Table 1 shows that the datasets used to evaluate keyphrases predictions vary
between academic and scientific datasets containing scientific papers such as
SemEval-2010, NUS and Krapivin, or scientific abstracts papers such as Inspec,
KP20k and KDD. Also, there are datasets containing diverse documents, such as DUC
2001, which contains general documents abstracts, and OpenKP, which contains
annotated web pages. Also, WikiNews which contains diverse news articles. Table 1
also displays some features of each dataset, including language, number of docu-
ments, and keyphrase annotation. It also displays the average number of keyphrases
and words number per document.

Table 1. Keyphrases prediction: Features of evaluation datasets

Nature Dataset Lang  #Docs (test) Identification #keyphrase Wé)‘;'%ls
PubMed [48] En 1320 (1320) Authors 5.5 5300
£ SemEval [9] En 100 (244) Authors/Readers 15 8000
535 NUS [27] En 211(211) Authors/Readers 11 8400
% Citeulike-180 [49] En 182 (182) Readers 5.5 8600
3 ACM [50] En 2304 (2304) Authors 5.5 9200
CSTR [51] En 630 (500) Authors 5.5 11500
Inspec [52] En 500 (1500) Indexers 10 140
g [wwwiss) En | 1330(1330) Author 5 160
% TermITH-Eval [54] Fr 400 (400) Indexers 12 170
% KP20k [12] En | 20000 (547090) Authors 5 180
3
32 KDD [53] En 755 (755) Authors 4 190
TALN-Archives [55] | En/Fr 521/1200 Authors 4 120/140
® Wikinews-Kp [18] Fr 100 (100) Readers 9.5 320
g 110-PT-BN-KP [56] Pt 10 (110) Readers 275 440
?OJ 500N-KPCrowd [57] | En 50 (500) Readers 46 470
g | pucao0o (sg) En | 308(308) Readers 8 850
= KPTimes [59] En | 20000 (279923) Editors 5.0 920
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The features analysis of the datasets used to evaluate keyphrase prediction
methods revealed several challenges that affect the evaluation results. They will be
discussed in Section 4 by presenting the results of the review.

3.3 Evaluation metrics

To measure the performance of keyphrase prediction methods, several evaluation
metrics are used [Papajeroo]. These metrics measure the accuracy and coverage of
predicted keyphrases and analyze their relevance to a reference dataset. According
to several studies [3], [60], the most common measures are precision, recall and
F-measure. Mean Reciprocal Rank (MRR) and Average Precision (MAP) are exploited
by other keyphrases prediction methods [61], [62] as evaluation metrics. There are
also some works [60], [63] that have proposed measuring the semantic similarity
of predicted keyphrases. In this review, we have classified evaluation metrics into
three types based on the method of calculating performance:

e Lexical similarity metrics
e Ranking metrics
e Semantic similarity metrics

In this part, we will explore how to use evaluation metrics and their importance
in the evaluation process according to each type.

o Lexical similarity metrics: Many works have used lexical similarity measures
[64]. Some keyphrase prediction methods have also used them to measure their
performance [2], [46], [65]. These metrics consider a predicted phrase a keyphrase
if it exactly matches a manually selected keyphrase. While these metrics ensure
evaluation accuracy, they ignore semantically close predictions.

The precision metric evaluates the model’s ability to reduce errors in keyphrase
prediction results. The precision score is calculated using formula (7). The closer
this score is to 1, this model has increased accuracy.

#Correctly predicted key phrases

7
#Total predicted keyphrases )

Precision =

However, this metric remains limited in effectively evaluating the model
because it does not consider unpredicted keyphrases. Therefore, it cannot be
adopted without using other metrics such as recall and F-measure.

The recall metric is used to measure a model’s ability to predict the majority of
the annotation keyphrases, which is important in tasks that require information
retrieval. To calculate the recall value, the formula (8) is used.

#Correctly predicted keyphrases

Recall =
#Total of manually annotated keyphrases

(8)

However, this value is insufficient to judge the precision of the results, as gen-
erating a large number of keyphrases impacts this precision. Therefore, although
the recall metric is important, it is not sufficient to fully evaluate the model.

When the precision model is used as an evaluation metric, it may overlook
some keyphrases, and when the recall model is used as an evaluation metric, it
may generate many false keyphrases. To achieve balance, the F1-score is defined
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as the harmonic mean between precision and recall. This metric is calculated
using Formula (9).
Precision x Recall

F1-Score =2x — 9)
Precision + Recall

The F1-Score is a useful metric for creating a balance between precision and
recall, although a high F1-Score does not necessarily mean that the model is
performing well.

In the keyphrases prediction task, the generated keyphrases are often not
identical to the reference keyphrases. Therefore, using the Recall-Oriented
Understudy for Gisting Evaluation (ROUGE) metric [66] enables the calculation of
the partial similarity between the predicted keyphrase and the manually selected
keyphrases based on the overlap of words or word groups. To calculate the
ROUGE metric scores, we use the ROUGE-N (based on n-grams) variant, which is
calculated using formula 10, or ROUGEL, which is calculated using formula (11).

Count Ngrams
ZNgramsereference match( 8 )

Count(Ngrams)

Ngramsereference

(10)

ROUGE,, =

Where:
o Count_ . (N grams): The number of times the common n-gram appears in the
predicted and reference keyphrase.
o Count_, . (Ngrams): The numberof occurrences of the n-gram in the reference.
To calculate the ROUGEL variant, the longest common subsequence (LCS) is
used, with the same order in both phrases.

2xLCS

ROUGE. =
L P+R

(1D

Where:

o LCS: Length of the longest common subsequence between the predicted and
reference keyphrase.

o P:Length (in words) of the predicted keyphrase.

o R:Length (in words) of the reference keyphrase.

Although the ROUGE metric features the ability to calculate the partial simi-

larity between a predicted keyphrase and annotated keyphrases based on word
overlap, its adoption in keyphrase prediction methods [67], [68] is still very lim-
ited compared to other metrics.
Rank-based metrics: Rank-based metrics not only evaluate the performance
of models to predict keyphrases, but also measure the model’s ability to rank
predicted phrases according to their importance [60]. Some of the most import-
ant rank-based metrics include MRR, normalized discounted cumulative gain
(NDCG), and mean average precision (MAP). These metrics helped improve
prediction of top-ranking keyphrases, which is essential for natural language
processing applications.

The MAP metric [69] is one of the metrics used to evaluate the performance of
keyphrase prediction models. MAP measures the model’s predictions for a list of
keyphrases ranked by importance. It thus assesses the model’s ability to correctly
classify keyphrases. MAP is calculated by averaging the average precision (AP) of
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a set of documents. Formula (12) is used to calculate MAP. Formula 4 is used to
calculate mean average precision.

1o .
MAP = EZAverage_Precmoni (12)

Where:
K: Total number of documents.
Average_Precision;: Average precision of the i document. It is calculated using
formula (13).

o O

P
Average_PreCisioni = % X ZPrecision@j x @(j) (13)

j=1

Where:

P: Total number of correct keyphrases

Precision@j: Precision calculated up to position j

¢(j): Equals 1 if the prediction at j is correct, otherwise 0.
A MAP value close to 1 means that most correct predictions are perfectly placed
at the top of the list. Conversely, a low MAP indicates that most correct predictions
are ranked at the bottom of the list. Correct keyphrases with lower rankings affect
the MAP value and, consequently, the evaluation score. MAP is also affected by
considering all correct keyphrases of equal importance. It is also affected by the
size of the dataset. MAP achieves better results on larger datasets. The overlap
between keyphrases also affects the MAP value. Therefore, to obtain a more
comprehensive evaluation of keyphrase prediction performance, other metrics
should be used in conjunction with the use of mean average precision.

The MRR metric [70] is based on the ranking of keyphrases to evaluate the
performance of prediction models. MRR measures the ranking of a predicted
keyphrase in a sorted list of pre-selected phrases. The higher the rank of the pre-
dicted phrase, the higher the MRR. It is measured using formula (14).

1 < 1
MRR==Y —— 14
R ; rankp(Di) (14)

O O O

Where:
o R:Number of dataset documents
o rank,(D): Position of the first predicted keyphrase in the predictions list of the
kth document

Mean Reciprocal Rank is the average of the inverse ranks of the first correct
keyphrases for a set of documents. If all predicted keyphrases are not found in
the list, the value of rank, is set to infinity. The MRR value is close to 1, meaning
that the model predicts important keyphrases. Conversely, a low MRR value con-
firms the model’s inability to predict important keyphrases. In contrast, MRR only
considers the first predicted keyphrase, while ignoring the other keyphrases in
the list. Therefore, this metric cannot judge the model’s effectiveness in predict-
ing multiple keyphrases. Therefore, MRR is often used in conjunction with other
metrics to comprehensively evaluate a model.

Normalized Discounted Cumulative Gain [71], is a metric used to evaluate
the quality of keyphrase prediction rankings by giving more weight to phrases
that appear higher in the list of predicted keyphrases. To calculate NDCG, the
Discounted Cumulative Gain (DCG) and Ideal DCG (IDCG) are first calculated using
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formulas (15) and (16). DCG is calculated based on the relevance scores of the
predicted keyphrases. A logarithmic function is used to reduce the importance of
low-ranking phrases.

N

_ TV
DCG@N = k; log,(k+ 1) (15)

Where:
o N: The number of keyphrases considered
o rv,: The relevance of the predicted keyphrase at position k

IDCG is the DCG value that would be obtained if the relevant keyphrases were
perfectly ranked at the top of the list.

|
1
IDCG@P=Y — (16)
; log, (k+1)

Where:
) |H P|: number of relevant phrases among the first P results

The NDCG allows us to measure how well predicted phrases are ranked,
compared to the ideal ranking. NDCG is calculated by formula (17).

DCG@N

NDCG =——
IDCG@P

a7

The NDCG value ranges from 0 to 1. A value close to 1 means the model opti-

mally ranks all relevant keyphrases at the top of the list. The model is therefore
considered very effective. The closer the value is to 0.5, the more keyphrases the
model predicts, but they are ranked lower in thelist. Asthe NDCG approaches 0, this
confirms that the model predicts almost no relevant keyphrases. NDCG stands out
from other metrics. It not only measures how well a model predicts keyphrases,
but also whether it intelligently ranks them at the top of the list.
Semantic similarity metrics: BERTScore [72] and BLEURT (BERT-based
Language Evaluation Understandable by Radiant Teachers) [73] are text similar-
ity metrics. They are used to compare model-predicted keyphrases to manually
annotated keyphrases to assess the precision of keyphrase prediction models.

To evaluate the performance of a keyphrase prediction model, the BERTScore
metric is based on comparing the semantic representation of the words that
make up the predicted keyphrase and the reference keyphrase, using the BERT
embedding technique or one of its derivatives. This is to make the evaluation
result closer to human evaluation. BERTScore is calculated by the formula (18):

BERTScore = ﬁ[z max sim(v, w) + ervla}:x sim(w, V) (18)

veP weR

Where:
o P: the word vectors of the predicted keyword phrase
o R:the word vectors of the reference keyword phrase
o sim(v, w): the cosine similarity between the vectors
Although BERTScore uses semantic similarity, it faces some challenges, includ-
ing the associated cost, especially with large datasets. Also, the contextual
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representations of phrases may vary, as each word is aligned with the most
similar word.

BLEURT is also a metric used to evaluate keyphrase prediction models.
BLEURT is based on semantic similarity using a pre-trained BERT model based
on manually selected reference phrases from a dataset, making it more consis-
tent with human evaluations. Unlike BERTScore, which represents the words of
a phrase independently, BLEURT encodes the phrase and represents it with a
single vector. There is no mathematical formula for calculating BLEURT because
it relies on deep learning model. However, it can be calculated as follows:

BLEURT (P, R) = MLP(BERT,, . ([P; R])) (19)

CLS ([
Where:
R: the reference keyphrase
P: the predicted keyphrase
MLP(-): A multi-layer neural network that takes the BERT encoding as input
and produces a continuous score representing the semantic similarity
between R and P.
o BERT, ((): The function encodes the reference keyphrase R and predicted key-
phrase P in BERT model, where [P; R] is the concatenation of the two phrases.

The BLEURT score is calculated by a neural network trained on manually
keyphrases. It does not rely on symbolic comparisons like n-grams, but rather
on deep contextual representations. The higher the BLEURT score, the closer the
prediction model is to the reference in terms of content and meaning.

On the other hand, BLEURT’s reliance on BERT model requires large amounts
of text, which limits its ability to adapt to technical or domain-specific keyphrases.
Furthermore, evaluating each pair (reference, prediction) independently limits
the assessment of the diversity of the predicted keyphrase set. Moreover, it is
considered one of the most expensive evaluation metrics.

O O O

4  RESULTS AND DISCUSSION

Although keyphrase prediction methods employ various NLP techniques,
making them better to extract or generate keyphrases. The results of our review of
the performance evaluation model for these methods show that this model cannot
reliably judge the performance of keyphrase prediction methods or that the pre-
dicted phrases are semantically equivalent to the references. The review identified
a set of challenges facing current evaluation model. This section will address these
challenges, both related to datasets or evaluation metrics.

4.1 Dataset Challenges

An analysis of the datasets characteristics used to evaluate keyphrase prediction
methods revealed several challenges that impact the results obtained during the
evaluation process. In our review, we identified five major challenges when using
these datasets: Data credibility, data diversity, size and coverage, linguistic complexity
and rank keyphrases. The table provides a description of each of these challenges.
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Table 2. Description of datasets challenges in the keyphrases prediction evaluation

Challenge Description

Data credibility Manual prediction of keyphrases is often influenced by subjective biases, making it difficult to judge the results
of automated prediction.

Data diversity Some datasets are restricted to a single domain. Also, a large number of datasets are in English, which limits the evaluation.

Size and coverage Datasets are small to accurately assess the effectiveness of the model. Also, in other datasets, keyphrases are predicted
for only a portion of the document, which can distort the evaluation.

Linguistic complexity | The semantic multiplicity meanings and grammatical structures in dataset texts creates complexity for prediction methods.

Rank keyphrases Manually selected keyphrases are not ranked by importance in the dataset. Therefore, the model may predict
important keyphrases, but it may not be the most accurate.

These challenges make it difficult to adopt a viable benchmark for evaluation of
keyphrases prediction methods. Therefore, it is necessary to create datasets with
diverse annotations tailored to the evaluation needs.

4.2 Metrics challenges

Using precision, recall, and F1-scores to evaluate keyphrase predictions poses
several challenges. The most significant of these is that non-identical sentences are
considered different despite their semantic similarity. Phrases that are only partially
identical to a keyphrase are ignored. Evaluation results are also affected by the use
of capitalization and grammatical structures. The inability to weight keyphrases
according to their importance can result in a model being considered underperform-
ing, even if it predicts important keyphrases. These challenges affect the evaluation
results obtained using these metrics, especially for keyphrase generation models.
Table 3 presents the evaluation results of some keyphrase prediction methods using
the precision, recall, and F1-score evaluation metrics.

Overall, there are several advantages to using precision, recall, and F1-scores to
evaluate keyphrase predictions, but these challenges require complementing the eval-
uation with more realistic and accurate metrics. The ROUGE metric, affected by the
strictness of word order, receiving lower scores if the order is different. It is also biased
toward phrases that are more frequent in a text. The length of phrases also affects the
ROUGE metric. This metric cannot identify the most important phrases in a text.

Table 3. Evaluation results of some keyphrase prediction methods using lexical similarity metrics

Kripivin SemEval KP20K

P A P .\ P A
CopyRNN [12] 028 | 005 | 027 | 006 | 024 | 011 0.21 004 | 027 | 013

CorrRNN [41] 025 | 004 | 026 | 006 | 024 | 011 | 022 | 0.04 | 026 | 011
ParaNet [42] 035 | 005 | 035 | 006 | 028 | 012 | 031 | 0.04 | 028 | 013
CatSeq [74] 029 | 003 | 035 | 0.04 | 027 | 007 | 030 | 003 | 027 | 0.06
GAN,, [75] 027 | 001 | 037 | 003 | 026 | 0.04 | 025 - 025 | 0.03

SETTRANS [39] 021 | 002 | 028 | 004 | 021 | 005 | 024 | 003 | 024 | 004
WR-One2Set [76] | 025 | 003 | 029 | 0.06 | 023 | 006 | 026 | 004 | 025 | 0.05

AutoKeyGen [77] | 035 | 002 | 016 | 0.02 | 023 | 003 | 024 | 001 | 025 | 0.02

Notes: P: Present keyphrases; A: Absent keyphrases.
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Ranking metrics only consider the first predicted keyphrases, and ignore correct
keyphrases with lower rankings. Therefore, these metrics cannot evaluate the
model’s effectiveness for multiple keyphrases prediction. Also overlap between
keyphrases also affects the evaluation result. Therefore, to obtain a more compre-
hensive evaluation of keyphrase prediction performance, other metrics should be
used in conjunction with these metrics.

Ranking metrics only consider the first predicted keyphrases, and ignore correct
keyphrases with lower rankings. Therefore, these metrics cannot evaluate the
model’s effectiveness for multiple keyphrases prediction. Also overlap between
keyphrases also affects the evaluation result. Therefore, to obtain a more compre-
hensive evaluation of keyphrase prediction performance, other metrics should be
used in conjunction with these metrics.

Semantic similarity metrics also have some challenges. They require large amounts
of text, which limits their ability to adapt to technical or domain-specific keyphrases.
Furthermore, evaluating each (reference, prediction) pair independently limits the
ability to evaluate the diversity of the predicted keyphrases. Moreover, these metrics
are considered one of the most expensive evaluation metrics.

The results presented in the table 4 show that not all the metrics used to evaluate
keyphrases prediction models enable a comprehensive evaluation, as they all face
certain challenges. Therefore, in order to accurately evaluate the performance of key-
phrases prediction models, solutions must be found to overcome these challenges.

Table 4. Strengths and challenges of Keyphrases prediction evaluation metrics

Type Metric Strengths Challenges
Lexical — Precision | - Easy to calculate — The semantic meaning of keyphrases
similarity | — Recall — (lear interpretation — Paraphrasing
— F1-Score — Lexical overlap — Keyphrases ranking quality
— ROUGE — More useful for short
keyphrases
Ranking | - MAP — Quality of keyphrases — Difficulty ranking keyphrases in
- MRR ranking long texts
- NDCG — The importance of predicted | — Difficulty of interpretation
keyphrases — Ignoring correct keyphrases at the
bottom of the list
— Ignoring semantic similarity
Semantic | — BERTScore | — Contextual Meaning — Overlapping keyphrases
similarity | — BLEURT Evaluation of keyphrases — Sensitive to keyphrase length
— Phrasing Variations — High cost
— Similar to Human Evaluation | — Difficulty in interpretation

4.3 Discussion

The evaluation of keyphrase prediction models is the important step to measure
their performance and improve them to ensure the quality of their results. However,
this current evaluation highlights several challenges related to linguistic diversity,
the predominance of human subjectivity in texts, and the keyphrases specificity
in specialized texts such as biomedical documents, humanities, and computer
science, etc. Therefore, the evaluation process is not just about counting the num-
ber of matching keyphrases. For the performance of the evaluated approach to be
reliable, it must make an evaluation that measures the performance on three axes:
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taxonomic, lexical, and semantic, which is not available through current metrics.
Linguistic challenges, the size, and specificity of the texts included in the datasets
used in the evaluation process must also be considered. The evaluation results are
influenced by the diversity of domains and text types (tweets, abstracts, articles, etc.).
Model performance is often evaluated on datasets that allow comparisons with other
methods to determine which model performs best relative to others. Therefore, the
choice of metrics should be thoughtful and ideally supported by human evaluations
where possible to ensure a balanced and valid evaluation that will allow the model
to be adopted in various NLP tasks such as information retrieval, indexation, text
classification, and text summarization.

In general, when using these metrics to evaluate keyphrases prediction methods,
the following aspects should be considered:

e Linguistic challenges: Linguistic complexity and domain-specific terminology
can significantly impact evaluation accuracy.

e Multidimensional evaluation: Relying on a single metric is insufficient. Therefore,
a multidimensional evaluation framework should be considered that considers
lexical diversity and the semantic similarity of keyphrases.

These additions will help provide a more balanced and comprehensive under-
standing of the evaluation field and address the fundamental limitations associated
with current evaluation metrics.

5 CONCLUSION

The development of techniques used in NLP field, especially deep learning models
and transformer models, has contributed to the proposal of many keyphrases predic-
tion models. In contrast, evaluation methods have not improved, making it difficult
to compare the performance of these models. This paper provides a comprehensive
review of the approaches to evaluating keyphrase prediction models by analyzing
the different evaluation datasets. Also, the evaluation metrics used, classified into
three types according to the principle adopted, and the interpretation of the results
obtained. Our review found that current evaluation processes lack contextual sensi-
tivity, especially when applied across diverse domains and languages. Therefore, to
address these problems, we propose several practical directions for future research,
such as developing diverse, domain-specific datasets that enable more represen-
tative benchmarks, evaluation techniques that integrate lexical-semantic metrics.
Also, the future research should focus on standardizing evaluation protocols, and
integrating contextual knowledge to improve the relevance of predicted keyphrases.
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