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ABSTRACT
Abstractive summarization of podcasts is motivated by the growing
popularity of podcasts and the needs of their listeners. Podcasting
is a markedly different domain from news and other media that are
commonly studied in the context of automatic summarization. As
such, the qualities of a good podcast summary are yet unknown.
Using a collection of podcast summaries produced by different al-
gorithms alongside human judgments of summary quality obtained
from the TREC 2020 Podcasts Track, we study the correlations be-
tween various automatic evaluation metrics and human judgments,
as well as the linguistic aspects of summaries that result in strong
evaluations.

CCS CONCEPTS
• Information systems→ Summarization; Evaluation of re-
trieval results; • Computing methodologies → Natural lan-
guage processing.
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1 INTRODUCTION
A typical podcast episode is about half an hour long, requiring a 
substantial investment of listening time. Surveys show that users 
rely on the written text description of the podcast or episode in 
deciding whether to listen [23]. Podcast summaries could serve as 
the basis for this decision-making, or even stand in as a synopsis
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for the full episode when a listener does not have time for the com-
plete listening experience [35]. Automatic summarization could aid
podcast creators in writing descriptions, serve to augment manu-
ally written descriptions in podcast streaming platforms, or assist
in the construction of audio trailers. Podcast summarization is a
recently introduced task [3, 12, 13] that raises questions about eval-
uation. Which features and metrics characterize good summaries
for podcasts? Are these the same attributes that predict quality of
news article summaries? We study different automatic evaluation
metrics and linguistic features, and explore how they correlate with
human judgments, in order to quantify what makes a good podcast
summary.

2 TREC PODCAST SUMMARIZATION TASK
Our data consists of system submissions for the summarization
task of the TREC Podcasts Track [12] and the associated human
quality judgments provided by the National Institute of Standards
and Technology (NIST)1.

2.1 Podcast Corpus
The Spotify Podcast Dataset [3, 12] consists of 105,360 podcast
episodes, which were designed to be used as training data for the
TREC Podcast Summarization Task. Each episode is associated with
an automatically generated transcript, the audio of the episode, and
its RSS header. The episodes are accompanied by short descriptions
of the episodes written by the podcast creators (also referred to as
the ‘creator’s descriptions’). A ‘filtered’ version of the descriptions
was provided in which extraneous content such as boilerplate, ads,
promotions, and notes that did not directly describe the episode
were removed [31]. An additional 1,027 episodes were released for
the task as the test set with the same metadata.

2.2 Summarization Systems
The stated task was to generate a short, accurate, and grammatically
sound text summary for each podcast episode using the transcripts
of the podcast episodes and/or the original audio. In total, 8 partici-
pants submitted 22 models (Table 1) [12]. Systems largely used ab-
stractive techniques, with the BART transformer model [19] trained
on news summarization2 and fine-tuned using the creator’s descrip-
tions as targets were the most predominant [14, 22, 33, 34, 38]. Two

1http://www.nist.gov
2https://huggingface.co/facebook/bart-large-cnn
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submissions, [26] and U Texas Dallas, used T5 [29] and another one
leveraged GANs [8, 15].

A challenge with podcast transcripts is that they tend to be
long documents. Due to the maximum input length of BART (1024
tokens; about 10 minutes of audio), some systems used extrac-
tive techniques to select the salient sections or sentences from the
podcast transcripts. One team [22] used ensemble models, which

Participant Model method
U New Hampshire unhtrema1 GAN, LSTM, 3 sentences,

long chunks
unhtrema2 GAN, LSTM, 10 sentences,

long chunks
unhtrema3 GAN, LSTM, 20 sentences,

short chunks
unhtrema4 GAN, LSTM, 10 sentences,

short chunks
U Central Florida UCF_NLP1 BART

UCF_NLP2 BART, RoBERTa
U Texas Dallas UTDThesis_Run1 T5, fine tuned on brass set

+ Dialogue Action Tokens
U Glasgow 2306987O_abs_run1 T5, fine tuned on descrip-

tion
2306987O_extabs_run2 15 sentence input, T5
2306987O_extabs_run3 Extractive filtering, Span-

Bert
U Cambridge cued_speechUniv1 BART, sentence filtering, 9

model ensemble
cued_speechUniv2 BART, sentence filtering, 3

model ensemble
cued_speechUniv3 BART, Fine tuned on tran-

script
cued_speechUniv4 BART, sentence filtering,

non-ensemble
Uppsala U hk_uu_podcast1 BART, Longformer, 3

epochs
Spotify categoryaware1 BART, Fine tuned on start

of transcript
podcast category; 1 epoch

categoryaware2 BART, Fine tuned on start
of transcript
podcast category; 2 epochs

coarse2fine BART, Fine tuned on Tex-
tRank center of transcript;
2 epochs

U Delaware udel_wang_zheng1 Start of transcript, BART
udel_wang_zheng2 Select sentences by LDA,

BART
udel_wang_zheng3 Select sentences by

ROUGE, BART
udel_wang_zheng4 Ensemble of 1-3

Baseline bartcnn BART, No fine tuning
bartpodcasts BART, Fine tuned on start

of transcript
onemin 1 minute of transcript
textranksegments TextRank, 50 wd segments
textranksentences TextRank, sentence split

Table 1: Technologies employed by the submitted systems to
the TREC Podcast Summarization Task.

resulted in the highest human evaluation scores compared to the
other submissions, and one team [14] replaced the attention layers
of BART with the attention mechanism used in the Longformer [1]
to extend the input length to 4096 tokens.

The ‘baseline’ models, provided by the organizers [12], consisted
of off-the-shelf techniques including TextRank, the first one minute
of the transcript, and BART, pre-trained and fine-tuned on the
training data. None of the submitted models made use of the audio
directly. An overview of all systems is provided in Table 1. More
details are provided in the Appendix (§A.1).

2.3 Manual Evaluation
NIST assessors judged each summary on a four-point scale (Ex-
cellent, Good, Fair, and Bad) representing how well it conveyed
the main gist of the whole podcast episode. The assessments were
converted into a numerical EGFB score by a weighting scale of
4-2-1-0, with 4 representing. The detailed evaluation scale is in the
Appendix (§A.2).

Furthermore, a set of boolean attributes were assessed; these at-
tributes were derived from a small-scale survey of podcast listeners.
These attributes were; Q1. presence of names of the main people
and characters of the podcast, Q2. presence of biographies of the
people mentioned, Q3. presence of the main topics of the podcast,
Q4. whether the summary indicated the format and style of the
episode, Q5. whether the summary provided context to the title
of the podcast, Q6. whether the summary did not contain redun-
dant information, Q7. whether it was written in good English, and
Q8. whether it started and finished with appropriate and coherent
sentences.

The assessors evaluated the summaries of 179 randomly selected
episodes produced by all 22 submitted systems, and 5 baseline
systems, as well as the 2 human summaries (creator’s original and
‘filtered’ version); giving a set of 5,191 summaries with human
judgments. Each summary received one assessment.

To establish the significant differences between the systems as
judged by human evaluation, we applied a bootstrap sampling pro-
cedure, randomly selecting a sample of 50 summaries, calculating
the mean system EGFB score based on the samples, and ranking
the systems based on the mean, repeated 100 times. Our results (Fig.
1) show that the differences between the systems are significant.
The ranking of systems by EGFB mean scores (Fig. 2) show that the
best performing systems were all built upon BART. Systems that
reduced redundancy through extractive techniques like sentence
or section filtering had high performance in general.

The creator’s written descriptions of their podcasts did not score
as high as some of the automatically generated summaries, even
though creator’s descriptions in the training data were used as
output targets for training the models and, notably, are used as the
ground truth reference for automatic evaluation.3 This observation
suggests that automatic metrics using these descriptions as the
reference are necessarily going to be imperfect.

3This is likely because of the varying quality of the descriptions across different
episodes, and also because descriptions are not necessarily written to serve as
summaries.
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Figure 1: Distribution of system ranks with bootstrapped
sampling showing significant differences between systems

3 FEATURES AND EVALUATION METRICS
We selected the following automatic evaluation metrics and fea-
tures to characterize podcast summaries. Many of the features were
computed with the SummEval library [6] and are detailed in the
Appendix (§A.3).
Syntactic Features: the proportion of different parts of speech in
the summaries.4
Readability: length and various readability and complexity statis-
tics (Flesch-Kincaid grade, SMOG index, and Coleman-Liau scores).5
Semantic Similarity between the summaries and the podcast tran-
scripts. We computed the cosine similarity between the two using
two representations: average word2vec6 [24], and TF-IDF scores
of the words. We also computed measures defined by Grusky et al.
[9]: the ‘extractiveness’ score, and the percentage of n-grams that
are ‘novel’ (n-grams in the summary not present in the transcript)
and ‘repeated’ (n-grams that are present in the transcript).
Reference Comparison Features: where the summary is com-
pared with the ‘filtered’ creator’s written description as the ref-
erence, using several evaluation metrics such as ROUGE [20],
ROUGE-WE [25], BLEU [27],METEOR [18], CIDEr [36], Bert
Score [37], and chrF [28].
4spaCy [11] was used for tagging.
5We computed readability scores with Textstat, https://github.com/shivam5992/
textstat.
6Implementation from Gensim [32].

Figure 2: Human evaluation scores of the summaries aver-
aged across the test set for the summarization models (sorted
by EGFB). See §A.1 for details.

4 RESULTS
Can automatic evaluation metrics predict human judgment?
We used multinomial logistic regression (5-fold cross validation) to
investigate how the automatic features and metrics described in
Section §3 contribute to the predictability of EGFB scores. We first
built a classifier using ROUGE-L7 metrics as features (i.e., ROUGE-L
precision, recall, and f-scores), since ROUGE-L was used for the au-
tomatic evaluation of summaries in the TREC Podcast Summariza-
tion Task. We then used other metrics (individually or combined)
to analyze their impact on the prediction of EGFB score.

As shown in Table 2, BertScore and ROUGE-1 aremore predictive
of human judgments compared to ROUGE-L. Including the mean
EGFB score of each annotator as a feature, representing their bias
(a.k.a. ‘annotator mean’), into the model gives a considerable boost
in predictability. Part of speech features are additionally valuable. A
combination of all features results in a considerable improvement
in AUC (68.61%) compared to ROUGE-L (59.14%). See Table 4 in the
Appendix for more analysis of the features.

While the classifiers are reasonably predictive of human judg-
ments, they may have struggled due to noises in the judgments. As
an example, we identified summaries in the set of 5,191 that were
word-to-word identical with another and found that 337 of the sum-
maries had duplicates. Within this group, 11.97% were annotated
with different EGFB scores, although they were generated from the
same podcast episodes and were evaluated by the same annotator.

Which features are correlated with good summaries?We com-
puted Kendall’s Tau to estimate the marginal correlations between
each of the features and the human judgments.

7The Longest Common Subsequence
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features Precision Recall F1 ROC-AUC
ROUGE-L 41.91 42.56 37.59 59.14
ROUGE-1 43.18 41.98 39.37 60.22
ROUGE-2 40.92 43.69 37.66 58.78
ROUGE-WE-3 41.34 42.37 38.19 58.9
BertScore 46.13 45.95 42.99 62.38
ROUGE-L +
annotator mean 44.86 45.87 44.10 61.28

ROUGE-L +
annotator mean +
length + parts of speech

51.51 49.53 50.10 65.49

all features 56.16 53.73 54.52 68.61

Table 2: Prediction of human EGFB scores using a logistic
regression classifier with different features and metrics

As shown in Figure 3, various flavors of ROUGE and BertScore
are the most correlated with human judgments of quality compared
to the other metrics. This is consistent with previous findings on
news summarization [6]. The presence of proper nouns (‘NNP’ and
‘NNPS’) in summaries appears to be highly correlated as well, as are
adverbs (‘RBS’) and determiners (‘DT’). This finding is consistent
with the strong correlation between EGFB score and Q1. (presence
of names of the main people and characters of the podcast). Verbs
tend to be inversely correlated with quality (‘VBD, VBZ, VBG, VBN,
VBP’, and ‘VB’).

A qualitative review indicates that summaries with many proper
nouns and determiners tend to be information-dense and specific
in contrast to other summaries, particularly those with a prepon-
derance of verbs (Table 3). We also find that extractive density
and the percentage of n-grams repeated from the input are corre-
lated with quality, showing that faithfulness is a significant con-
tributor. Summary length (‘summ_length’) is nearly uncorrelated
with human judgments, except for redundancy (Q6.). The use of
novel n-grams and readability (‘summ_flesch-Kincaid, summ_smog,
summ_readibility, summ_coleman’, and ‘summ_dale’) are corre-
lated with summaries judged to be non-redundant and written in
good English, but not highly correlated with quality.

5 RELATIONSHIP TO PREVIOUS WORK
The question of characterizing or predicting summary quality has
been studied in established domains. Bhandari et al. [2] assess the
reliability of various metrics in evaluating the output of summariza-
tion models using CNN/Daily Mail and TAC 2008+2009 datasets
[4, 5] and show that there is no metric that fits all the models and
datasets. This finding was one of the motivations for our study.
While Kryscinski et al. [16] report that ROUGE only weakly corre-
lates with human assessment, Fabbri et al. [6] benchmark a suite of
models for the CNN/Daily Mail corpus [10], and compare themwith
respect to different evaluation metrics and human judgments. Like
us, they find that ROUGE is more correlated with human judgments
than other metrics. Louis and Nenkova [21] propose reference-free
features of the summary, such as the distributional similarity be-
tween the input and the summary. They find that ROUGE is an
adequate metric, but that in the absence of reference summaries,
semantic similarity features are predictive of human evaluation,

Figure 3: Kendall’s Tau correlation between automatically
computed features and experts’ evaluations of EGFB values
and the 8 boolean attributes described in Section §2.3 (con-
verted to numerical judgments).

consistent with our findings. Grusky et al. [9] analyze the extrac-
tiveness strategies in a corpus of news summaries with various
metrics that we adopted in this paper. Kryscinski et al. [17] de-
sign a weakly-supervised model to classify factual consistency of
summaries. They show that measuring factuality is a challenging
task, and that automated metrics do not correlate well with hu-
man judgments. Falke et al. [7] evaluate the factual consistency of
summaries with crowdsourcing, and find that ROUGE scores fall
short for capturing factual correctness. Since the judgments in our
data did not explicitly capture factuality, the problem of predicting
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EGFB score Summary
Excellent The Nati gang is joined by special guest Tyler Cordy to talk

about the Nati Game, Taylor Swift, and more!

Fair This week, we talk about the upcoming season of The Bachelor.
We also discuss some of the biggest names in sports and what
they are looking forward to for the rest of the year. Enjoy!

Table 3: Two system-generated summaries for the same pod-
cast episode. The first has a high density of proper nouns that
carry specific information, while the second is more generic,
with parts of it applicable to many podcasts.

factuality in podcast summaries is still open. While the problem of
predicting podcast summarization quality has not been previously
studied, there has been work on predicting listener engagement
from linguistic signals such as length, part of speech distributions,
and others [30].

6 CONCLUSION
We present the first analysis of evaluation for podcast summariza-
tion, a domain that is considerably different fromwell-benchmarked
domains like news. We find that high-quality summaries tend to use
proper nouns, determiners, and adverbs, and are less likely to use
verbs. They also contain more segments repeated from the input.
Overall, our results highlight that it is difficult to predict human
evaluations even with a suite of several metrics and features. This is
partly due to the limitations of automatic metrics (especially given
that the reference summaries that are used for metrics like ROUGE
are imperfect). We also note that human evaluations are noisy and
biased, and that multiple annotations may be valuable.

We believe that the EGFB catch-all score does not capture the
nuances of summary quality, and more fine-grained evaluation is
needed to assess factors like faithfulness and conciseness. Finally,
we find that while ROUGE is not a perfect predictor of quality, it has
potential for evaluating podcast summaries and tends to correlate
with human judgments better than other metrics. Our results are
consistent with previous findings on news summarization.

A APPENDIX
A.1 Summarization Systems
U New Hampshire [15] leveraged Generative Adversarial Net-
works (GAN) to propose four models (unhtrema1, unhtrema2, un-
htrema3, unhtrema4) in which the most salient segments with differ-
ent sizes are selected from the transcripts (using a fixed size blocks)
and then summaries are generated using GAN.
U Central Florida [34] proposed two abstractive summarization
models (UCF_NLP1, UCF_NLP2) using BART and leveraged word
saliency to select different segments from the beginning and end of
each transcript to generate the summaries.
U Texas Dallas generated summaries using a T5 model fine-tuned
on the training data.
U Glasgow [26] used T5 to develop three summarization models
(2306987O_abs_run1, 2306987O_abs_run2, 2306987O_abs_run3) in
which different sentence selection pipelines were tested.
U Cambridge [22] submitted four summarization models (cued_
speechUniv1, cued_speechUniv2, cued_speechUniv3, cued_speechUniv4)

in which redundant sentences were filtered from the input tran-
scripts using the attention of a hierarchical model and a fine-tuned
BART and ensembles of three and nine models were used to gener-
ate summaries.
Uppsala U [14] proposed a version of the BART summarization
model (hk_uu_podcast1) by replacing the attention layers with the
attention mechanism used in the Longformer to increase the num-
ber of input tokens.
Spotify [33] proposed three summarizationmodels (categoryaware1,
categoryaware2, coarse2fine) that take podcasts’ genres as well as
named entities into consideration in order to generate summaries
using fine-tuned BART models.
UDelaware [38] proposed an approach by first extracting the most
salient sentences from the transcripts, with respect to the overall
information and topics that they covered. They then used BART
to develop four models (udel_wang_zheng1, udel_wang_zheng2,
udel_wang_zheng3, udel_wang_zheng4) to generate the summaries.
Baseline [12] was provided by the organizers of the TREC Podcast
Summarization Task. The baselines include a combination of extrac-
tive and abstractive models including onemin, bartcnn, bartpodcasts,
textranksentences, and textranksegments.

A.2 Manual Evaluation Scale
Summaries are judged on a four-step scale intended to model how
well a listener is able to make a decision whether to listen to a
podcast or not, conveying a gist of what the user should expect
to hear listening to the podcast. The assessment scale used by the
NIST assessors is the EGFB scale, as per the following instructions:
Excellent: the summary accurately conveys all the most important
attributes of the episode, which could include topical content, genre,
and participants. In addition to giving an accurate representation
of the content, it contains almost no redundant material which is
not needed when deciding whether to listen. It is also coherent,
comprehensible, and has no grammatical errors.
Good: the summary conveys most of the important attributes and
gives the reader a reasonable sense of what the episode contains
with little redundant material which is not needed when deciding
whether to listen. Occasional grammatical or coherence errors are
acceptable.
Fair: the summary conveys some attributes of the content but gives
the reader an imperfect or incomplete sense of what the episode
contains. It may contain redundant material which is not needed
when deciding whether to listen and may contain repetitions or
broken sentences.
Bad: the summary does not convey any of the most important
content items of the episode or gives the reader an incorrect or in-
comprehensible sense of what the episode contains. It may contain
a large amount of redundant information that is not needed.

A.3 Evaluation Metrics
ROUGE [20] compares the produced summaries against the tran-
scripts by measuring the overlap between the n-grams or any other
sequences of words in their texts. Depending on the textual unit that
is used to calculate recall, ROUGE can be in the form of ROUGE-N
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(n-gram), ROUGE-L (the longest common subsequence), ROUGE-
W (weighted longest common subsequence), and ROUGE-S (skip-
bigram).
ROUGE-WE [25], enhances ROUGE by using word2vec embed-
dings [24] to calculate the cosine similarity of the summaries and
references.
BLEU [27] measures the overlap between matching n-grams in the
summaries and reference. This metric leverages a modified n-gram
precision to account for brevity.
METEOR [18] measures the harmonic mean of unigram precision
and recall, accounting for stemming, synonyms, and paraphrase
matching.
CIDEr [36] calculates the co-occurrences of n-grams (n = [1-4])
and the cosine similarity between them in the reference sentences
and summaries after stemming.
BertScore [37], computes the similarity scores between the refer-
ences and summaries by aligning them on a token-level and using
embeddings from BERT.
chrF [28], calculates the n-gram character overlap between the
references and generated summaries.
Semantic Similarity Statistics as implemented by Fabbri et al.
[6] and Grusky et al. [9] compute the ‘extractiveness’ of a summary
with three different statistics: coverage; the percentage of words in
the summary that are from the input, density; the average length
of the fragment to which each word in the summary belongs, and
compression ratio; the ratio of the length between the input and
its summary. They also compute the percentage of n-grams in the
summaries that are not present in the input, and the percentage of
n-grams in the summary that are present.

A.4 Correlations between Metrics and Human
Evaluation

Table 4 shows a detailed regression analysis of how the automatic
metrics and features predict human judgments. Figure 4 shows all
the pairwise correlations between features.
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