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ABSTRACT

While much work on abstractive summarization has been
conducted in recent years, including state-of-the-art
summarizations from GPT-4, extractive summarization’s lossless
nature continues to provide advantages, preserving the style and
often key phrases of the original text as meant by the author.
Libraries for extractive summarization abound, with a wide
range of efficacy. Some do not perform much better or perform
even worse than random sampling of sentences extracted from
the original text. This study breathes new life to using classical
algorithms by proposing parallelism through an implementation
of a second order meta-algorithm in the form of the Tessellation
and Recombination with Expert Decisioner (T&R) pattern, taking
advantage of the abundance of already-existing algorithms and
dissociating  their individual performance from the
implementer’s biases. Resulting summaries obtained using T&R
are better than any of the component algorithms.
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1 Introduction

Text summarization can be either extractive or abstractive.
While extractive summarization picks verbatim, representative
sentences or phrases in the text in context, abstractive
summarization attempts to generate novel sentences that do not
necessarily exist in the text. Extractive summarization results in
a subset of existing sentences or phrases, while abstractive
summarization does not guarantee such a set since the generated
sentences are not directly extracted from the sample. It is not
unusual that words that do not exist in the text appear in the
summary. For better or for worse, extractive methods somewhat
preserve the author’s style while abstractive summarization does
not necessarily do so. Simske and Vans [16] characterize
extractive  summarization as lossless and abstractive
summarization as lossy in reference to the compression that
either of the methods perform.

The objective of this research was to introduce parallelism
through the use of a second-order meta-algorithm referred to as
Tessellation and Recombination with Expert Decisioner [15] to see
if existing methods could be combined to produce better results
compared to their individual outcomes. While [6] argues that
extractive summarization has mostly given way to abstractive
summarization, the authors believe that meta-algorithmic
techniques could be used to continue making advances in the
field and furthermore, be bases for use with new algorithms for
both extractive and abstractive summarization, and even a
hybrid approach wherein both techniques are combined to get
even better results. Additional benefits for extractive
summarization include the retainment of key words and phrases
suitable for indexing and preservation of query behavior [16,18].

2 Research Goals

The overarching goal of this research was to investigate how
meta-algorithmic techniques could be used to improve existing
as well as future component algorithms. In doing so, metrics for
measuring the appropriateness of the generated summaries were
also compared.

3 Process / Tasks

We executed the following process tasks:
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3.1 Data Set Collection

The data used for this study was the Cable News Network (CNN)
set used in [18] and first introduced in [4], a set of 3,000 English
language articles from early 2015 spanning business, health,
justice, living, opinion, politics, showbiz, sports, technology,
travel, US, and world news. Articles contained anywhere from 10
to 197 sentences with a mean of 38.4. The “Gold Standard”
summaries ranged from 4 to 13 sentences with a mean of 7.2.

The data set had been prepared by [4] in XML format which
has the advantage of having many parsers available, including
ElementTree [11], BeautifulSoup [12], and the standard XML
Document Object Model (DOM) API [13]. We opted to use
BeautifulSoup because of its maturity, having been available
since 2004 [14].

3.2 Preparation and Initial Processing

The process of preparing and processing the articles is illustrated
in Figure 1, taking advantage of the results of seven extractive
summarizer algorithms prepackaged in NLTK’s Sumy as well as
an algorithm that simply picks random sentences from the
article. The seven algorithms are described below:

Basic, or SumBasic [8], is the simplest of the algorithms we
used, simply based on the premise that frequently occurring
words are given more weight than those words that are not, and
therefore drive the algorithm to pick sentences that have those
heavily weighted words.

LexRank [3] is a graph algorithm that relies on the similarity
of sentences with others. The idea is that a sentence that has a
lot of similarity to the other sentences weigh more than
sentences that do not have much similarity with other sentences.

The Luhn algorithm [17] is a heuristic extractive
summarization algorithm with its roots in TFIDF (Term
Frequency-Inverse Document Frequency) and, while similar to
SumBasic, discounts words that are too frequent (stop words).

LSA [5], short for Latent Semantic Analysis, is based on the
idea that words that are more closely related to each other (such
as foot and shoe) carry a higher weight than pairs that are
remotely related (such as foot and book) and therefore
semantically more relevant.

The TextRank [7] algorithm is similar to the PageRank
algorithm use by Google and other search engines, with the
difference that instead of web pages, TextRank ranks sentences
based on similarities.

Edmundson [2] is an algorithm that weighs sentences using
word position, word frequency, usage of cue words (e.g.,
superlatives), and document structure (titles, sub-titles, etc.)

KL, or the Kullback-Leibler algorithm [1], picks sentences
based on entropy and can be very computationally heavy.

3.3 Tessellation and Recombination with
Expert Decisioner

The Tessellation and Recombination with Expert Decisioner

pattern (T&R), is a second-order meta-algorithmic pattern that

first utilizes multiple generators (for this research, the
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algorithms identified above), tessellates the results, and
recombines these tessellations into the desired results.
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Figure 1. T&R meta-algorithm applied to the extractive
summarization task

Prior to tessellation, a best component algorithm (BEST_ALG)
is chosen using the training set. This BEST_ALG becomes the
basis by which the other (non-best) algorithms are compared and
later used for the second pass at summarization. The test set is
then evaluated with each of the algorithms and the summaries
are tessellated by breaking them down (except for the random
summary) into their constituent sentences. Because we are
extracting sentences from the articles, there is a good probability
that the sentences extracted (rather than abstracted) using each
of the algorithms have an overlap with each other. In fact, using
BEST_ALG as the primary algorithm, we measured a mean
overlap of 85%, not including random sentence selection. We
took advantage of this and used those overlapping sentences as
part of the final summary.

For summaries that have a 100% overlap, the pattern is
complete, and we are left with the desired summary. For those
that have an overlap less than 100%, we collect all the sentences
that were left over (those that did not match with sentences
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extracted by BEST_ALG) and run them through the BEST_ALG
one last time to generate the remainder of the summary. That is,
since after the first pass, the number of sentences in the
generated summary is less than our required number, we take
the remaining sentences (that were not chosen during the first
pass) and once again run them through our preferred
summarizer (chosen during the first pass) to complete the
summary. Note that we have a guarantee of only requiring a
maximum of two passes for our method.

4 Analysis and Results

4.1 Metric Selection

For comparing the efficacy of the algorithms, we opted to use the
Jaccard index (also called the Jaccard similarity coefficient),
|ANB]|
|AUB]|
words used in the Gold Standard summary and B represents the
words used in the hypothesis summary. The Jaccard similarity
coefficient has been shown to be effective and efficient for
keyword similarity [9] and expanded to measure text similarity
[10]. We have verified its appropriateness by comparing results
to those reported for the BLEU and ROUGE metrics which, for
our CNN set, tended to score random sentence selection
favorably over most of the Sumy algorithms.

For example, while Luhn’s ROUGE recall results were

calculated simply as J(4,B) = where A represents the

superior to all others, Luhn’s precision scores were
unremarkable, weighing down Luhn’s F1 score towards the
bottom, at roughly half of a random selection’s F1 score.
Furthermore, by using the Jaccard similarity coefficient, we were
able to verify Luhn’s advantage is consistent with results from
functional analyses (in the form of querying) performed in [18].

4.2 Analysis

Results of our study are summarized in Figure 2, Figure 3, and
Table 1, which reflect the mean values observed with ten
randomized collections of training and test articles selected from
the set of 3,000.
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Figure 2. Training Results of using T&R
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Using the Jaccard coefficient index, we show that the T&R
approach produces improvements over every component
algorithm, including a 4.9% improvement over Luhn and a 69%
improvement over SumBasic.
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Figure 3. Test Results of using T&R

For comparison, BLEU and ROUGE-1 (unigram) F1 metrics
were computed after performing T&R and obtained the results in
Table 2.

Table 1. Jaccard Similarity Coefficients when using T&R

Algorithm / Jaccard Similarity T&R
Meta-algorithm Coefficient Improvement

Basic 0.1436 0.6877
LexRank 0.2131 0.1376
Luhn 0.2310 0.0492
LSA 0.1741 0.3922
TextRank 0.2168 0.1179
Edmundson 0.2185 0.1093
KL 0.1463 0.6566
Random 0.1599 0.5160
T&R 0.2424 N/A

Table 2. Jaccard Results compared to BLEU and ROUGE-1

Algorithm / Jaccard BLEU ROUGE-1
Meta-algorithm Index Rank Index Rank F1 Rank
Basic 0.1436 9 0.00238 1 0.1499 1
LexRank 0.2131 5 0.00157 5 0.1014 4
Luhn 0.2310 2 0.00126 8 0.0696 8
LSA 0.1741 6 0.00164 4 0.0930 5
TextRank 0.2168 4 0.00122 9 0.0675 9
Edmundson 0.2185 3 0.00182 2 0.0886 6
KL 0.1463 8 0.00143 6 0.1295 2
Random 0.1599 7 0.00174 3 0.1158 3
T&R 0.2424 1 0.00133 7 0.0731 7

A look into these summaries reveal that the BLEU and
ROUGE-1 scores and rankings do not accurately reflect the
relative summary representation of the complete text unlike
those suggested by the Jaccard rankings. This is supported
specifically by the relatively high score of the “Random”
algorithm for both BLEU and ROUGE-1 (Rank = 3 for both). If a
random summarization is evaluated as good or better than most
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of the summarization techniques, there is either something amiss
with the documents or with the evaluation approach. It appears
that BLEU and ROUGE-1 both rank random summarizations too
highly, undermining their overall credibility. This is quite
different from the Jaccard metric.

The apparent accuracy of Jaccard over BLEU and ROUGE
may, ironically, lie in its simplicity. Jaccard looks only at word
sets (minus stop words) and should be considered for evaluating
any summarization technique, perhaps as the main metric, as we
have done, or as a supplement for evaluating the goodness of
summaries. We surmise that since the sentences are extracted,
there is a presumption that the sentences are well-formed and
therefore focusing on word set intersections and unions only (as
in the definition of the Jaccard index) is sufficient in providing
accurate measures.

4.3 Limitations

Because of the way the SECOND_CHANCE_SET is obtained and
tagged at the end of MATCH_SET, there is a probability that the
summary will contain sentences that are not in the same order as
the original text. This phenomenon is most likely to be a
relevant consideration for summarizing timeline-critical corpora
such as novels. News articles, such as in our study, are less
affected by small perturbations in sentence order.

5 Conclusion

We have shown that given existing algorithms, regardless of
their individual efficacy, we are able to obtain a 5% improvement
in summarization results of news articles using the second-order
meta-algorithmic pattern Tessellation and Recombination with
Expert Decisioner.

We have also demonstrated careful consideration to metrics
when evaluating summarization algorithms. Neither BLEU nor
ROUGE-1 F1 results reflected the appropriateness of the
summaries generated by our algorithms. Both BLEU and ROUGE
ranked random selection higher than six of the eight algorithms.
For the CNN corpus, the Jaccard similarity method is posed as a
more germane means of assessment.

6 Future Work

As described above, the readability of summaries could
potentially be improved by accurate ordering and placement of
the SECOND_CHANCE_SET sentences as they relate to the rest
of the generated summary. Since this would not improve the
summary’s Jaccard similarity coefficient as we have used it in
this study, another metric would have to be considered. In
addition, to further verify our findings in this research, we
propose repetition of the functional tests described in [18] to
study the effects of our proposed methods.

GPT-4 was not included in this study as it provides only
abstractive summarization and not extractive without additional
processing. However, the inclusion of modified ChatGPT results
and other summarizers such as BERT may be the subject of an
ensuing paper, with comparisons to T&R.
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