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Abstract: Investigating the research trends within a scientific domain by analyzing semantic informa-
tion extracted from scientific journals has been a topic of interest in the natural language processing
(NLP) field. A research trend evaluation is generally based on the time evolution of the term occur-
rence or the term topic, but it neglects an important aspect—research publication latency. The average
time lag between the research and its publication may vary from one month to more than one year,
and it is a characteristic that may have significant impact when assessing research trends, mainly
for rapidly evolving scientific areas. To cope with this problem, the present paper is the first work
that explicitly considers research publication latency as a parameter in the trend evaluation process.
Consequently, we provide a new trend detection methodology that mixes auto-ARIMA prediction
with Mann-Kendall trend evaluations. The experimental results in an electronic design automation
case study prove the viability of our approach.
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1. Introduction

For many scientific, industrial, and economic activities, collecting observations over
time is a common procedure. Such data are generally formalized as discrete time-series,
defined as sequences of observations X; taken at successive points in time ¢. The analysis
of time-series employs carefully selected mathematical models for a two-fold purpose:
(i) to understand the underlying mechanism that produces the observed data sequence
and (ii) to predict future values of a given series based on its past values. This analysis
often focuses on identifying past (or forecasting future) trends within the series of observa-
tions that may efficiently and synthetically characterize the time evolution of the variable
under investigation.

In the natural language processing (NLP) field, trend analysis plays an important role,
a relevant example in this respect being the evaluation of research trends using key term oc-
currences in scientific literature [1]. Due to their reduced sensitivities to outliers [2], the lack
of assumptions concerning the data sample distribution [3] or homoscedasticity [4], non-
parametric trend tests tend to be favored by researchers over parametric methods. In par-
ticular, the Mann—Kendall (MK) test statistic being a robust trend indicator when dealing
with censored data, arbitrary non-Gaussian data distributions or time series with missing
observations [5] have become almost standard methods for NLP applications [1,6-12].

To evaluate topic trends and identify “hot” research topics in two academic fields
(i.e., information sciences and accounting) using paper titles and abstracts, Marrone [1]
employed the Mann-Kendall test with Sen’s slope analysis. In medicine-related NLP
applications, Marchini et al. [6] used the same method to analyze the urologic research
trends described by 12 key terms, Chakravorti et al. [13] employed the MK trend evaluation
method to detect and characterize mental health trends in online discussions, while Mo-
dave et al. [14] evaluated perception and attitude trends in breast cancer twitter messages.
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Moreover, Sharma et al. [7] used the Mann-Kendall test to understand machine learning
research topic trends using metadata from journal papers. In [8], Zou analyzed the journal
titles and abstracts to explore the temporal popularity of 50 drug safety research trends over
time using the MK test, while Neresini et al. [15] used the Hamed and Rao [2] MK variant
to extract trends from correlated time series. All of these papers assess actual research
trends by applying trend evaluation methods directly to key term occurrences in metadata
from published papers without explicitly considering the publication latency.

In our perspective, in evaluating the research trends using information extracted
from published journal articles, an important issue has to be considered: there is a time
lag that may range up to one year or even more from the end of the research work until
the journal paper is published. This delay obviously has an important impact mainly
for fast developing domains [16,17], where the trends abruptly change, driven by rapid
theory or technology advancements. To cover the identified gap, we propose a novel
trend, computing methodology, backed on a new method: n-steps-ahead Mann-Kendall
test (nsaMK). This method is based on auto-ARIMA forecasting, which is coupled with
the Yue-Wang variant of the Mann-Kendall (MK) test. To the best of our knowledge, our
method is the first that incorporates the effects of research publication latency on research
trends evaluations.

The main contributions of this paper are summarized below:

* A novel methodology that includes the new nsaMK method to identify term trends
from metadata from journal paper, when considering the inherent time lag between
the research completion and paper publication date;

¢ A definition of the research publication latency and an empirical formula to derive the
number of prediction steps considered by the proposed method to countermeasure the
effect of the journal review and publication process upon the research trend evaluation;

*  An evaluation of the new nsaMK method in an electronic design automation case
study by comparing it with the classical MK trend test. The superiority of nsaMK is
confirmed by a 45% reduction of the mean square error of Sen’s slope evaluations and
by an increase of correct term trend indications with 66%.

The rest of the paper is organized as follows. Section 2 describes the two algorithms
that represent the pillars on which our strategy is built: auto-ARIMA prediction and the
Mann-Kendall trend test with Sen’s slope estimator. Section 3 presents the proposed
methodology and the new method for term trend evaluation. Section 4 presents an illus-
trative example of using the nsaMK trend test by comparing it with classical MK, while
Section 5 concludes the paper.

2. Preliminaries

This section briefly presents the two algorithms (i.e., auto-ARIMA, MK with Sen’s
slope) that constitute the foundation upon which the proposed nsaMK method is built.

2.1. Time-Series ARIMA Model Prediction. Auto-ARIMA Method

To accomplish the primary goal of time series prediction, to estimate future values
based on past and current data samples, diverse mathematical models can be used. In the
case of a non-seasonal time-series, a widely used class of models is the AutoRegressive
Integrated Moving Average (ARIMA) proposed by Box and Jenkins back in 1970, to extend
the statistical and predictive performances of AutoRegressive Moving Average (ARMA)
models for a non-stationary time-series [18,19].

The ARMA family of models [20], denoted ARMA(p,q), describes stationary stochas-
tic processes using two polynomials, one for the autoregressive part AR(p) and one for the
moving-average part MA(q):

p q
X =) @iXp14 ) 01 +e+c, 1)
i=1 =1
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where p is the autoregressive order, g is the moving average order, ¢; and ; are the model’s
coefficients, c is a constant, and ¢; is a white noise random variable.

The ARMA(p,q) model from (1) can be rewritten in a compact form using the back-
ward shift operator B (BX; = X;_1) as:

@(B)X; = 0(B)es +¢, @)
where the two polynomials in B are:

@(B) =1— 1B — ¢B% — -+ — ¢,BP ®3)

and
0(B) =1+ 61B+ 0,B% + - -+ 0,B. (4)

In practice, the use of ARMA models is restrained to stationary time-series (i.e., time-
series for which the statistical properties do not change over time) [19]. To address this issue,
Box and Jenkins [18] applied a differencing procedure for transforming non-stationary
time-series into stationary ones.

The first difference of a given time-series X; is a new time-series Y; where each
observation is replaced by the change from the last encountered value:

Y =X; — X491 = (1-B)X;. 5)
Generalizing, the dth differences may be formalized as:
Y; = (1-B)"X. ©6)

By applying the generalized differencing process (6) to the ARMA model described by
(2), a general ARIMA(p,d,q) model is obtained in the form [19]:

¢(B)(1—B)"X; = 0(B)e; + ¢, )

where d is the differencing order needed to make the original time-series stationary.

For a specified triplet (p, d, q), the coefficients ¢; and 6; are generally obtained using the
maximum likelihood parameter estimation method [21], while the most suitable values for
the orders p, d, and g can be derived using the auto-ARIMA method [22]. The auto-ARIMA
method varies the p, d, and g parameters in given intervals and evaluates a chosen goodness-
of-fit indicator to select the best fitting ARIMA(p,d, q) model. In our implementation, we
employed Akaike information criterion (AIC) that can be computed by:

AIC = —2log(L) + 2k, 8)

where L is the maximum value of the likelihood function for the model, and k is the number
of estimated parameters of the model, in our case k = p+gq+2ifc #Oandk=p+g+1
if ¢ = 0 [22]. When AIC has a minimal value, the best trade-off between the model’s
goodness of fit and its simplicity is achieved.

2.2. Mann—Kendall Trend Test with Sen’s Slope Estimator

Mann-Kendall (MK) [23] is a non-parametric test, which is widely used to detect
monotonic trends in a time-series. Its robustness against censored and non-Gaussian
distributed data o time series with missing or noisy observations [5] that are frequently
encountered in a term occurrence time series makes MK an almost standard trend test
method in NLP [1,6-12]. A brief description of the MK method is provided below.
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Let us consider a time-series chunk of length 7, denoted by x; withi = 1,2,...,n.
The MK trend test analyzes changes in signs for the differences between successive points
by computing the MK statistic S:

n—1 n
S = Z sgn(x —xk) )
k=1 j=k+1

where sgn(x) is the signum function

1 if(xj—x) >0
sgn(xj—x) =4 0 if(xj—x) =0 (10)
-1 Zf( Xj— xk) <0

For a sufficiently large n (e.g., n < 10), S has approximately a normal distribution of
zero mean and variance V(S) given by:

V(S)zllgln(n—l )(2n +5) — er 1)(2rp+5) |, (11)

where m represents the number of tied groups (i.e., successive observations having the
same value) and ) is the rank of the pth tied group.
The standardized form of the MK z-statistic (Zysx), having a zero mean and unit
variance, is given by:
>l fors>0

Vv V(S)
ZMK = 0 fOTS =0, (12)
S+1
76) for5 <0

a positive value indicates an upward trend, while a negative one describes a down-
ward trend.

The original version of MK test provides poor results in the case of correlated time-
series. In order to solve this issue, Yue and Wang [24], proposed the replacement of the
variance V(S) in Equation (12) with a value that considers the effective sample size n*:

n—1
VH(S) = V(S) = 142 ;u—;)ps v(9), (13)

where ps represents the lag-s serial correlation coefficient for the x; time-series and can be
computed using the following equation:

1 n—s . — ;
. e *[x0 — E(x)][X04s E(xz)]‘ (14)

LT lxo — E(x))

In practice, to evaluate if the z-statistic computed by Equation (12) is reliable, the two-
sided p-value is calculated using the exact algorithm given in [25]. This p-value expresses
the plausibility of the null hypothesis Hj (i.e., no trend in the time series) to be true [26].
The lesser the p-value, the higher significance level of the z-statistic. Thus, if the two-sided
p-value of the MK test is below a given threshold (e.g., p-value < 0.01), then a statistically
significant trend is present in the data series.

Since the z-statistic coupled with the p-value of the MK test can reveal a trend in the
data series, the magnitude of the trend is generally evaluated using Sen’s slope B, which is
computed as the average of the slopes corresponding to all lines defined by pairs of time
series observations [27]:

. Xj— Xj L
B = median = , j>i (15)
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where < 0 indicates a downward trend and B > 0 an upward time series trend.

3. Proposed Research Term Trend Evaluation

This section provides our proposed methodology to identify research term trends
using journal paper metadata and its subsequent method (i.e., nsaMK).

3.1. Proposed Methodology

A paper may be first published in two different forms: (i) as an electronic paper version
published in advance of its print edition (i.e., “online first” or “article in press”); or, (ii) di-
rectly as the final version of the paper included in journal or conference volumes. In both
cases, the time lag between research completion and corresponding paper publication
becomes an important issue when forecasting research trends based on already published
papers. Obviously, in the second case, the time to access the enclosed research may be
considerably increased to one year or even more, making the need for an n-steps-ahead
research trend forecasting even more evident.

Definition 1. publication latency (tpr) is the average time lag from the date a manuscript is
submitted to the date when the resulting paper is first published. The publication latency is specific
to the journal where the paper is published.

The publication latency is practically the mean time to review, revise, and first publish
scientific papers in a specified publication. It can be obtained by averaging the time
needed for individual papers to be published. Since this type of information is generally
not included in paper metadata records, it needs to be manually extracted from the final
versions of the papers.

Definition 2. research publication latency (tgrpr) is the average time lag from the moment a
research is completed to the date when the resulting paper is first published.

In order to compute the research publication latency for a given research trp;, beside
the publication latency tp; induced by the journal, we have to consider the mean time for
paper writing tpy:

trpL = tpL +tpw [years], (16)

The mean time for paper writing tpw is a positive value that can be taken in the
interval between one and eight weeks depending on the type of publication (e.g., for a
paper published as a short communication ¢py has lower values, while for long papers, the
values may be considerably higher). For our evaluations, we considered tpy = 0.1 years.

Our methodology to evaluate research term trends based on information contained in
journal paper metadata consists of three phases:

¢ Phase I: identify the number of steps N to be predicted. This number depends on the
research publication latency and on the moment in time for which the research trends
are computed and can be obtained using the following formula:

N = |trpL + 7] [years], (17)

where |.] is the rounding (nearest integer) function, and 7 is the time deviation from
the moment in time the last value in the annual time series was recorded to the date
for which the research trends are computed. Since the published papers within a year
are grouped in journal issues that are generally uniformly distributed during that
year, we may consider that the recording day for each year is the middle of that year.
Thus, if we want to calculate the research trends on 1 January, 2021, when having the
last time series observation recorded for 2020, T = 0.5 years, while if we calculate the
research trends for 2 July, 2021, T = 1 year.



Mathematics 2022, 10, 233

60f11

¢  Phase II: form the annual time series for a specified key term by computing the number
of its occurrences in paper metadata (i.e., title, keywords and abstract) during each year.
For this, the following procedure can be used: each paper’s metadata are automatically
or manually collected; the titles, keywords, and abstracts are concatenated into a text
document, which is fed into an entity-linking procedure (e.g., TagMe [28], AIDA [29],
Wikipedia Miner [30]), to obtain the list of terms that characterizes the paper; and,
count the number of papers per each year where the key term occurs.

¢  Phase III: apply the proposed n-steps-ahead Mann-Kendall procedure for the annual
time series containing the occurrences of the specified key term.

The proposed nsaMK method is described in the next paragraph.

3.2. N-Steps-Ahead Mann—Kendall Method

In order to evaluate the term trend from the term occurrence time series, we propose a
two-step approach: (i) to the original time-series x; withi =1,2,...,k, we add N predicted
values Xj41, X412, . ., Xk N using the auto-ARIMA method presented in Section 2.1; and
then, (ii) apply the Yue and Wang [24] variant of MK test with the Sen’s slope estimation
described in Section 2.2, to the concatenated time-series x; withi = 1,2,...,k+ N. We term
the resulting trend evaluation method as n-steps-ahead Mann-Kendall (nsaMK).

It is noteworthy to mention that, at the end of first step, all negative predictions
provided by the auto-ARIMA method need to be set to zero since the term occurrences
cannot take negative values.

We use the auto-ARIMA method, considering its efficiency in forecasting large cate-
gories of time-series [18,19,22]. Since this method adds upon the existing serial correlation
of time-series observations, we need to employ an MK test variant that can cope with serial
correlation, namely the variant proposed by Yue and Wang [24]. Using this MK variant,
the statistically significant trends are identified based on z-statistic and two-sided p-value,
while the trend magnitudes are evaluated using Sen’s slope.

4. Experimental Results

We tested our research trend evaluation methodology against the standard Mann—
Kendall test with Sen’s slope method (Yue and Wang variant), using journal paper metadata
from 2010 to 2019, with the observations from 2020 as ground truth. We evaluated the trends
of the main key terms that characterized the highly dynamic research domain of electronic
design automation (EDA) using paper metadata extracted from the IEEE Transactions on
Computer-Aided Design of Integrated Circuits and Systems (TCAD). For this particular
journal, the publication latency, evaluated for the papers published in the first quarter of
2020, is tpr, = 0.55 years. By selecting a time deviation T = 0.5 years that corresponds to
research trend evaluation for 1 January 2021, the number of steps N to be predicted is equal
to one, according to Equation (17).

4.1. Data Acquisition and Preprocessing

For each TCAD paper published in the interval 2010-2020, we extracted the paper
metadata that included titles, abstracts, keywords, authors, digital object identifiers, and
publication year fields, using the IEEEXplore APL

Attempting to summarize, as accurately as possible, the content of each journal paper,
we built a compound abstract by concatenating the title, the keywords, and the abstract of
the given paper. We chose to process each of these compound abstracts using the TagMe [28]
entity linking procedure, with the link-probability parameter set to 0.1, in order to build a
processed abstract, containing a list of encountered key terms.

The main terms that characterize the EDA domain have been identified by evaluating
the normalized document frequency (ndf) [31] for all terms found in the processed abstracts
belonging to journal papers published in 2020, by computing:

df(T,C)

ndf(T,C) = N (18)
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where df(7,C) is the document frequency of term 7 in the collection of documents C,
while N is the total number of documents from the corpus C. After sorting the terms
in descending order of their ndf scores, we retain the first 300 EDA terms, considering
that this number arguably reflects the current status of a domain. Table 1 presents the top
24 terms in EDA based on their normalized document frequency score for 2020.

Table 1. Top 24 EDA terms in 2020 and their normalized document frequency score.

Rank Term ndf Rank Term ndf
1. integrated circuit 0.211 13. neural network 0.064
2. optimization 0.163 14. low power 0.059
3. computer architecture 0.136 15. hybrid 0.055
4. algorithm 0.130 16. system on chip 0.055

. mathematical
5. logic gates 0.125 17. model 0.053
6. computational modeling 0.121 18. power 0.044
7. latency 0.094 19. convolutional 0.044
neural network
8. fpga 0.090 20. logic 0.044
9. task analysis 0.084 21. memory 0.044
management
10. energy efficiency 0.073 22. real time systems 0.042
11. machine learning 0.071 23. cmos 0.042
12 ram 0067 24, nonvolatile 0.041
memory

4.2. nsaMK Method Evaluation

In order to compare our nsaMK method with the traditional MK method, we compute
z-score, p-value, and Sen’s slope for each of the three hundred EDA terms, considering the
corresponding ndf values for ten consecutive years, in three cases:

¢  Using the Yue and Wang variant of MK test for journal papers published between 2011
and 2020 (MK2020). The results of the MK2020 are considered as ground-truth.

¢  Using our nsaMK method when considering journal papers published between 2010
and 2019 and the predicted values for 2020 (nsaMK2020).

e  Using the Yue and Wang variant of MK test for journal papers published between
2010 and 2019 (MK2019).

By this, the results provided by the new method (nsaMK2020) are compared with the
ones offered by MK2019, MK2020 being considered as ground truth.

The parameters for the auto-ARIMA procedure were chosen as follows: the autore-
gressive order p € {1,2,3}, the moving average order g € {0,1,2}, and the differencing
order d € {0,1,2}, while the best ARIMA predictor was automatically selected using the
Akaike information criterion described by Equation (8). Since the autoregressive order p
cannot be equal to zero, the use of the Yue and Wang variant of the MK test is reasonable.

The obtained results for the top 24 terms in EDA are presented in Table 2, where, in
the last column, we use check marks to label all key terms for which our method achieves
superior performance (i.e., the Sen’s slopes offered by nsaMK2020 are closer to the ground
truth than the ones provided by MK2019). We may notice that within the top 24 EDA terms
in 75% of the cases our method is superior, while on the entire 300 term set this percentage
is 66%. Moreover, for the entire set of 300 terms, the mean square error of the Sen’s slopes
for our method is 45% better than the one provided by the classic MK method (5.045 x 10~
vs. 9.041 x 107°), while for the 24 best ranked EDA terms presented in Table 2, the mean
square error is 48% less for our method (2.559 x 107 vs. 5.282 x 10~°). When considering
only the relevant trends according to p-values (i.e., p-value < 0.01), the results are almost
similar: in the 300 terms set, there are 130 terms with identified trends, and for 87 of them
(66.9%), our method yields better performance.
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In Figures 1 and 2, we present two representative examples, namely for the “algorithm’
and ’logic gates’ key terms. The light blue observations (i.e., for 2010-2019) are used to
compute the slope marked with black solid line by MK2019, the last nine light blue obser-
vations, together with the pink-marked auto-ARIMA prediction are used by nsaMK2020 to
evaluate the slope presented with red dotted line, and the last nine light blue observations
together with the dark blue observation for 2020 are used by MK2020 to reveal the real
trend depicted with a blue dashed line (ground truth).

0.14

0.12

0.10 LEGEND:
s I observations 2010-2019
< 0.08 [ prediction 2020
E® EE observation 2020 - ground truth
s
5 - trend with nsaMK2020
£0.06 — trend with MK2019

== real trend

0.04

0.02

0.00

Years

Figure 1. Trend evaluation comparison for the key term “algorithm’.

0.14

0.12
__0.10 LEGEND:
=
° N observations 2010-2019
n 0.08 [ prediction 2020
% Il observation 2020 - ground truth
3 0.06 --+- trend with nsaMK2020
'gﬁ — trend with MK2019
- == real trend

0.04

0.02

0.00

Figure 2. Trend evaluation comparison for the key term "logic gate’.



Mathematics 2022, 10, 233 9o0f11
Table 2. Comparison results of nsaMK and MK methods for the top 24 terms in EDA.
Term nsaMK2020 MK2019 MK2020—Ground Truth

z p-Value Slope z p-Value Slope z p-Value Slope
1 integrated circuit —5.057 42 %1077 —0.008 —2.715 0.00662 —0.005 —4.809 1.5 x 107¢ —0.008 v
2 optimization 8.494 0 0.005 5.964 24 %1077 0.005 10.738 0 0.006 v
3 computer architecture 4.856 1.2 x 1076 0.009 4.059 49 x107° 0.009 6.828 8.6 x 10712 0.012 v
4 algorithm 0 1 —0.000 —2.047 0.04060 —0.002 1.061 0.28868 0.001 v
5 logic gates 0.597 0.54995 0.001 1.257 0.20871 0.002 0.300 0.76357 0.000 v
6 computational modeling 0.590 0.55509 0.001 —0.522 0.60141 —0.000 1.714 0.08649 0.001 v
7 latency 1.459 0.14438 0.001 2.027 0.04261 0.001 4.459 8.2 x 107° 0.004 v
8 fpga 3.910 9.2x107° 0.006 1.842 0.06533 0.003 3.571 0.00035 0.008 v
9 task analysis 1.862 0.06250 0 1.816 0.06932 0 2.031 0.04216 0.001 v
10 energy efficiency 5.235 1.6 x 1077 0.007 4.005 6.1x107° 0.004 4.894 9.8 x 1077 0.007 v
11 machine learning 5.856 47 x107° 0.003 4512 6.3 x107° 0.003 5.025 5.0 x 1077 0.005 v
12 ram 4.346 1.3 x 1075 0.002 4.232 23x107° 0.003 5118 3.0 x 1077 0.004
13 neural network 1.938 0.05250 0.002 0.907 0.36428 0 2.892 0.00382 0.004 v
14 low power 0 1 0.000 1.712 0.08684 0.001 1.910 0.05607 0.001
15 hybrid 3.298 0.00097 0.003 2.580 0.00987 0.002 4.213 25x107° 0.004 v
16 system on chip 3.637 0.00027 0.003 6.111 9.8 x 10710 0.004 3.694 0.00022 0.003 v
17 mathematical model —5.016 5.2 %1077 —0.005 —0.924 0.35519 —0.004 —3.686 0.00022 —0.004
18 power —4.734 21x107° —0.002 —3.678 0.00023 —0.001 —2.532 0.01133 —0.001
19 convolutional neural network 3.842 0.00012 0.001 3.275 0.00105 0.001 3.361 0.00077 0.002 v
20 logic 0.497 0.61901 0.000 —0.685 0.49291 —0.001 2.419 0.01553 0.001 v
21 memory management 5.262 1.4 x 1077 0.003 5.672 1.4 x 1078 0.003 9.513 0 0.004 v
22 real time systems 0 1 0 2.307 0.02102 0.002 1.859 0.06289 0.003
23 cmos 7.518 5.5 x 10714 0.003 7.646 2.0 x 10714 0.004 6.133 8.6 x 10710 0.002 v
24 nonvolatile memory 2.058 0.03958 0.001 2.701 0.00690 0.002 5.340 9.2 x 1078 0.003
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For Figure 1, the best auto-ARIMA prediction for 2020 was obtained when p=1,d =0,
and g = 1, with an AIC score of —38.633. We may observe that the trend changes from
“decreasing” when considering 2010-2019 to “increasing” (ground-truth) and our method
nsaMK offers a more appropriate result than MK2019. In the case depicted in Figure 2 the
auto-ARIMA obtained the best results when p =1, d = 0, and g = 0, where the AIC score
was —35.658. We may observe that the trend provided with our nsaMK method offers a
more suitable result than MK2019.

All methods and experiments were implemented in python 3.8 based on the Mann—
Kendall trend test function yue_wang_modification_test() from pyMannKendall 1.4.2 pack-
age [32], ARIMA prediction function derived from fsa.statespace. SARIMAX() included in
statsmodels 0.13.0 package [33], and CountVectorizer() from scikit-learn 1.0.1 library.

It is worth mentioning that the efficiency of using the nsaMK method strongly depends
on the prediction accuracy provided by ARIMA models. In future work, we intend to
analyze how the trend evaluation performances change when replacing the ARIMA method
in our methodology with exponential smoothing or neural network forecasting. Other
limitations of our method are induced by the use of the Mann-Kendall trend test, which has
poor results when the time series includes periodicities and tends to provide inconclusive
results for short datasets.

5. Conclusions

This paper introduces research publication latency as a new parameter that needs
to be considered when evaluating research trends from journal paper metadata, mainly
within rapidly evolving scientific fields. The proposed method comprises two steps: (i) a
prediction step performed using the auto-ARIMA method to estimate the most recent
research evolution that is not yet available in publications; and, (ii) a trend evaluation
step using a suitable variant of the Mann—Kendall test with Sen’s slope evaluation. Our
simulations, using paper metadata collected from IEEE Transactions on Computer-Aided
Design of Integrated Circuits and System, provide convincing results.
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