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Abstract

Automatic text summarization is increasingly explored to manage the large
influx of resumes in recruitment, potentially aiding downstream tasks like job
category classification. While quantitative evaluations offer insights into
summarizer performance, they often do not fully explain why certain methods
excel or falter in preserving category-distinguishing information. This paper
presents an in-depth qualitative analysis of summaries generated by representative
extractive (Reduction, Random) and abstractive (BART, PEGASUS) techniques
for resume analysis. We meticulously examine how well crucial information such
as specific skills, job titles, and industry-related terms is retained or lost in the
generated summaries, and how these characteristics correlate with the
performance of a downstream job category classifier. Through illustrative
examples and analysis of misclassification patterns, our findings reveal distinct
strategies of information preservation and common pitfalls, offering a nuanced
understanding beyond aggregate metrics. This qualitative perspective underscores
the importance of information fidelity for specific downstream applications and
provides actionable insights for selecting or developing summarization tools for
effective resume processing in e-recruitment systems.

Keywords: E-recruitment, extrinsic evaluation, information retrieval, natural
language processing, qualitative analysis, resume analysis, text summarization.

1 Introduction

The proliferation of online job portals has led to an overwhelming volume of resume
submissions, posing a significant challenge for human resource departments [1], [11].
Manual screening is time-consuming, costly, and prone to human bias [2], [12]. Automated
e-recruitment systems [13], often employing text summarization, aim to streamline this
process by condensing resume content [3], [14]. These summaries can then serve as input
for downstream tasks such as candidate screening or job category classification [4], [15].

Text summarization techniques broadly fall into two categories: extractive methods, which
select salient sentences directly from the source text, and abstractive methods, which
generate novel sentences to convey the core meaning [5], [16]. Modern abstractive models
are often based on the powerful transformer architecture [17]. Previous work has
quantitatively evaluated various summarization techniques for resumes using downstream
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classification tasks [6, 30], highlighting performance differences in terms of accuracy and
efficiency. For instance, certain extractive methods and some transformer-based
abstractive models like BART showed promise, while others, notably PEGASUS pre-
trained on general news, struggled to preserve critical information, a finding consistent
with observations in similar studies [6, 30].

However, aggregate metrics such as F1-score or accuracy, while useful, do not fully
elucidate the underlying reasons for these performance disparities. A crucial question
remains: how do different summarization approaches affect the retention of category-
distinguishing information within resumes? While quantitative studies tell us which
models perform well, they do not explain why. This explanatory gap is the primary
motivation for our work. This paper, therefore, seeks to answer: How do different
summarization paradigms qualitatively alter the informational content of resumes, and how
do these alterations directly impact the accuracy and error patterns of a downstream
classification task?

To address this question, this study makes the following contributions:

o Demonstration of Information Fidelity as the Primary Determinant of Success: We
establish a direct qualitative link between the preservation of specific entities (job
titles, skills) and the performance of a downstream classifier, providing qualitative
evidence consistent with plausible causal mechanisms.

o Identification of Failure Modes in Abstractive Summarization: We provide a clear
diagnostic analysis of why a domain-mismatched abstractive model (PEGASUS)
fails catastrophically, attributing it to over-abstraction that erodes category-
distinguishing information—a critical insight for practitioners.

e Characterization of Summarizer-Specific Error Patterns: We illustrate how
different summarization strategies (e.g., extractive vs. abstractive) lead to distinct
and predictable error patterns in classification, providing a nuanced understanding
beyond aggregate accuracy scores.

e A Framework for Qualitative, Extrinsic Evaluation: We present and apply a
methodology for evaluating summarizers that prioritizes their utility in a specific
application, offering actionable guidance for selecting models for real-world e-
recruitment systems.

By moving beyond purely quantitative assessments, we aim to provide a richer
understanding of the interplay between summarization strategies and their utility in real-
world resume processing scenarios.

The rest of this article is organized as follows. Section 2 reviews the related literature on
automated resume analysis, text summarization in recruitment, and evaluation
methodologies. Section 3 details our methodology, including the dataset, the selection of
summarization models for analysis, and the qualitative evaluation procedure. In Section 4,
we present our qualitative findings, providing an in-depth analysis of the summaries
generated by each model. Section 5 discusses the implications of these findings,
highlighting key patterns and practical takeaways for e-recruitment systems. Finally,
Section 6 concludes the paper with a summary of our contributions and suggestions for
future research.
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2  Related Work

Our research is situated at the confluence of three key domains: automated resume analysis,
the application of text summarization in recruitment, and methodologies for NLP model
evaluation.

2.1 Automated Resume Analysis and Screening

The automation of resume analysis has evolved from rudimentary keyword matching to
NLP-driven pipelines that parse, represent, and classify full documents. Early work
emphasized information extraction using rule-based or statistical techniques to pull
structured fields (e.g., contact details, education, work history) from free text [26]. At the
classification stage, representing the entire resume—rather than only extracted fields—has
proven important for capturing role-specific semantics; for example, Zaroor et al. [1]
highlight challenges and design considerations for job—resume classification at scale.

Recent work in representation learning and search has been complemented by feature
selection (FS) and optimization methods that improve downstream model efficiency and
generalization. In particular, Mustafa et al. introduce the Chernobyl Disaster Optimizer
(CDO), a meta-heuristic designed for feature selection across high-dimensional problems,
reporting competitive selection of informative subsets for classifiers [28]. While CDO is
not resume-specific, such FS techniques are directly applicable to resume pipelines that
rely on high-dimensional lexical or embedding features, where reducing redundancy can
speed training/inference and mitigate overfitting. In our study, we similarly target efficient
downstream processing, but we focus on summarization as a content-level reduction step:
instead of selecting features after vectorization, we investigate whether condensing the text
itself can preserve category-diagnostic content while reducing noise for the classifier.

Our contribution therefore complements prior resume analytics by examining
summarization not as an end in itself, but as a strategic preprocessing stage that trades
length for information fidelity—crucial for job-category prediction.

2.2 Text Summarization in Recruitment

Applying text summarization to resumes aims to reduce recruiter workload and accelerate
automated screening without sacrificing essential signals. Both extractive and abstractive
paradigms have been explored. Zaroor et al. [1] provide an early comparative perspective
showing the viability of summarization in recruitment contexts. With the advent of
Transformer models, more recent efforts have examined modern abstractive systems: for
instance, Mercan et al. [2] evaluate BART/T5-style models for resume summarization, and
general abstractive frameworks based on deep learning and semantic content control have
been studied in broader settings [27]. Despite encouraging aggregate metrics, an enduring
gap is qualitative understanding—which pieces of category-distinguishing information are
preserved or lost, and why particular models fail in downstream tasks.

Complementary lines of research outside summarization can still inform recruitment
workflows. Mustafa et al. propose a multi-objective memetic differential evolution method
for text clustering, optimizing multiple criteria to improve cluster quality [29]. While
clustering is unsupervised and not a summarization technique, its objectives—qgrouping
documents by latent structure—are relevant for pre-clustering resumes, organizing skill
taxonomies, or sampling representative documents for human review. Such clustering can
be paired with summarization: clusters help discover structure and coverage, while
summaries make cluster exemplars digestible for both humans and simple classifiers.
Positioned against this landscape, our work contributes a qualitative, extrinsic evaluation
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of representative extractive and abstractive summarizers on resumes, explaining failure
modes (e.g., over-abstraction) and linking information fidelity to job-category
classification performance.

2.3 Evaluation of Text Summarization

The evaluation of summarization systems is traditionally bifurcated into intrinsic and
extrinsic methods [16]. Intrinsic evaluation assesses the inherent quality of a summary
(e.g., fluency, coherence) and its faithfulness to a human-written "gold standard"” summary,
often using n-gram overlap metrics like ROUGE [23]. While useful for general-purpose
summarization research, this approach is often impractical in specialized domains like
recruitment, where reference summaries are scarce or non-existent. More importantly,
intrinsic scores may not correlate with a summary's usefulness for a specific goal [24].
Extrinsic evaluation resolves this by measuring a summary's utility on a downstream task,
such as classification, question answering, or information retrieval [25]. This task-based
paradigm has gained prominence as it provides a practical, goal-oriented measure of a
model's real-world value. Our study wholly embraces an extrinsic and qualitative
evaluation framework. By focusing exclusively on the impact of summarization on a
downstream classification task, we assess the models based on their direct utility. Our
qualitative deep dive complements this by dissecting the error patterns, providing a richer,
more practical assessment of model suitability for deployment in high-stakes e-recruitment
pipelines.

3  Problem Formulations and Methodology

3.1 Dataset and Preprocessing

The study utilizes a dataset comprising 2484 resumes, sourced from Kaggle [10]. While
the original dataset provides resumes in raw PDF format, this research used the pre-
extracted text available in the accompanying CSV file as the primary input for all
summarization methods. This decision ensures consistency in the source text provided to
each summarizer, removing variability that could arise from different PDF-to-text
extraction processes. The CSV file contains columns for a unique ID, the resume text
(Resume_str), and the ground truth category (Category), with 24 distinct job category
labels (e.g., HR, Finance, IT, Sales). A sample structure is shown in Table 1. The absence
of human-authored reference summaries for these resumes motivates the primary focus on
extrinsic, task-based evaluation.

Table 1: Sample structure of the resume dataset CSV file.

ID Resume_str (Excerpt) Category
16852973 HR ASSOCIATE Summary HR Administrator... HR
22323967 HR SPECIALIST Summary Dedicated... HR

11847784 HR ASSISTANT Summary Resourceful... HR

3.2 Underlying Quantitative Study Context

Our qualitative analysis builds upon experimental frameworks and quantitative findings
from prior work on extrinsic summarization evaluation [6, 30]. For context, the underlying
quantitative stage informing this work evaluated seven extractive methods (including
classical approaches like Luhn [18] and graph-based methods like LexRank [19] and
TextRank [20]) and five abstractive, transformer-based methods (such as BART [8],
PEGASUS [9], and variants of T5 [21]). The primary extrinsic evaluation involved training
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a TF-IDF and Logistic Regression classifier to predict the job category based solely on the
generated summary. To formalize this process, Algorithm 1 outlines the standardized
extrinsic evaluation pipeline used to generate such quantitative results. This pipeline
systematically assesses the utility of summaries produced by different models for the
downstream classification task. For each summarization model, the algorithm first
generates a complete set of summaries from the original resumes. These summaries are
then converted into numerical feature vectors using the TF-IDF representation. Finally, a
Logistic Regression classifier is trained and evaluated on these vectors, yielding a
performance score (e.g., F1-score) that quantifies how well the information preserved in
the summaries serves the classification goal. This systematic approach produces the
quantitative scores (as seen in Table 2) that form the basis for our subsequent qualitative
investigation into why certain models perform better than others.

Algorithm 1: An Exemplar Extrinsic Evaluation Pipeline
Input: Resumes R = {11, 12, ..., In}
Input: Summarizer Models M = {my, ..., my}
Initialize: Results dictionary 'Perf’
for each model m;in M do
Initialize summary set S;= @
for each resume r; in R do
Generate summary s; = mj(r;)
Add s;to S;
end for
Vectorize all summaries in S; using TF-IDF
Split vectorized summaries into Train/Test sets
Train Logistic Regression classifier on Train set
Evaluate classifier on Test set to get performance p;
Store p; in 'Perf' for model m;
end for
Output: 'Perf' containing performance for each model

To provide a concrete basis for our qualitative analysis, Table 2 presents illustrative
quantitative results, reflecting typical performance patterns observed in such studies [6,
30]. Key findings indicate that extractive methods like Reduction and the abstractive
BART model often achieve high accuracy, while models like PEGASUS (XSum) perform
poorly.

Table 2: lustrative Quantitative Results for Downstream Classification.

Input for Classifier F1-Score (Macro) Accuracy
Full Resume (No Summary) 0.96 96.2%
Reduction Summary 0.94 94.5%
BART Summary 0.93 93.8%
Random Summary 0.45 46.1%

PEGASUS (XSum) Summary 0.12 15.3%
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3.3 Selection of Summarization Models for Qualitative Analysis

For this qualitative analysis, we selected a representative subset of models that reflect the
performance spectrum observed in quantitative studies [6, 30] to cover a range of
performance and approaches:

Reduction: A graph-based extractive method from the 'sumy' library [7],
consistently among the top performers in classification accuracy.

BART (facebook/bart-large-cnn): An abstractive transformer model [8], which
also performed well in the classification task.

PEGASUS (google/pegasus-xsum): An abstractive transformer model [9]
specifically pre-trained for summarization, but which showed very low
classification accuracy on resume summaries.

Random: An extractive baseline that selects sentences randomly, serving as a
lower-bound reference.

Summaries for extractive methods were typically set to 3 sentences, while abstractive
summaries were generated with a maximum length of 150 tokens, consistent with common
experimental setups. The selection is designed to cover the full spectrum of performance,
from top-tier to baseline, as summarized in Table 3.

Table 3: Performance Tiers of Selected Models for Qualitative Analysis.

Model Type Tier Rationale
Represents top-performing,

Reduction Extractive High computationally  efficient  extractive
methods.

BART Abstractive  High Represents effective, modern abstractive
approaches.

Random Extractive Low

PEGASUS Abstractive

Serves as a simple, non-semantic baseline
for comparison.

Very Illustrates pitfalls of domain mismatch in
Low abstractive models.

3.4 Qualitative Analysis Procedure

Our qualitative analysis involved the following steps:

1. Sample Selection: We randomly sampled a subset of 20 resumes from various job

categories where classification outcomes diverged across models. For each
sampled resume, we examined the summaries generated by the four selected
models, focusing on instances where the classifier made correct predictions for
some summaries and incorrect ones for others derived from the same source.

Content Review: Each summary was manually reviewed against its original
resume text. We focused on:

o Keyword Preservation: Presence or absence of critical job titles (e.g.,
"Software Engineer,” "HR Manager"), technical skills (e.g., "Java,” "SQL,"
"Agile™), soft skills, and industry-specific jargon.

o Information Distortion/Loss: Identification of instances where key details
were omitted, overly generalized, or (in the case of abstractive models)
potentially hallucinated or misattributed.
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o Clarity and Coherence: General readability, although this was secondary
to information preservation for the classification task.

3. Correlation with Classification Outcome: We linked the observed summary
characteristics to the success or failure of the downstream job category classifier.
For misclassified summaries, we sought to understand how the summary's content
(or lack thereof) might have led the classifier astray. For instance, if an IT resume
summary omitted all technical keywords, it might be misclassified as a generic
administrative role.

4. Pattern Identification: Across multiple samples, we looked for recurring patterns
in how each summarization method handled resume content and how these patterns
related to overall classification performance trends observed in similar quantitative
evaluations.

3.5 Downstream Classification Task Formalization

The extrinsic evaluation pipeline can be formally described. For each summary, a feature
vector was created using the Term Frequency-Inverse Document Frequency (TF-IDF)
method. The TF-IDF score for a term t in a summary s from a collection of summaries S is
given by:

TF-IDF(t, s, S) = tf(t, s) x idf(t, S) (1)

where tf(t, s) is the frequency of term t in summary s, and the inverse document frequency
is:

idf(t, S) = log(|S|/ (1 +|{s' € S: t € s'}]) )

Each summary s; is thus represented by a vector x; of TF-IDF scores. These vectors are
then used to train a Logistic Regression classifier. The classifier predicts the probability of
a summary belonging to a specific category c using the sigmoid function:

P(y =c|xi; We) =1/ (1 + e {-(we' xi + bo)}) 3)

where wc and b are the weight vector and bias for category c, learned during training. This
formalization highlights the classifier's direct dependence on term frequencies (Eq. 1),
underscoring why the preservation of discriminative keywords is paramount for its
performance.

4 Qualitative Findings and Analysis

This section details our qualitative observations on how different summarization methods
impact the preservation of category-distinguishing information in resumes. To illustrate
these patterns while preserving anonymity, we present representative, synthesized
examples that reflect the observed phenomena.

4.1 Reduction (High-Performing Extractive)

The Reduction method, which aims to select representative sentences while minimizing
redundancy, generally produced summaries that retained crucial keywords and phrases.

e Observation: Summaries often included sentences directly stating job titles, key
responsibilities, or core skills. This direct extraction proved effective for the TF-
IDF based classifier. Example (Conceptual - Original: IT Resume):

e Original Snippet: "... extensive experience as a Senior Java Developer. Led a team
in developing microservices using Spring Boot. Proficient in SQL, Docker, and
AWS.."
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Reduction Summary: "Extensive experience as a Senior Java Developer.
Proficient in SQL, Docker, and AWS."

Impact on Classification: High accuracy. The presence of terms like "Java
Developer,” "Spring Boot,” "SQL," "Docker," and "AWS" strongly signals an IT-
related category.

Misclassification Insight: When misclassifications occurred, it was often due to
the resume itself being ambiguous, or the top 3 sentences selected missing a more
dominant categorical signal present elsewhere in the resume. However, information
loss due to the summarization process itself was less frequent compared to poorer
performing models.

4.2 BART (High-Performing Abstractive)

BART, being an abstractive model, rephrased content rather than extracting it verbatim. It
often managed to capture the essence of the resume effectively.

Observation: BART summaries were generally fluent and could synthesize
information from multiple parts of the resume. They often retained key professional
roles and skill areas, albeit sometimes in a more generalized form. Example
(Conceptual - Original: HR Resume):

Original Snippet: "Managed full-cycle recruitment for technical and non-
technical roles. Developed and implemented HR policies. Conducted employee on-
boarding and performance reviews."

BART Summary: "Human resources professional experienced in recruitment,
policy development, and employee relations."

Impact on Classification: Good accuracy. The summary, while abstractive,
clearly points to "Human resources."

Misclassification Insight: Occasionally, BART's abstractions could lead to a loss
of specificity that might be crucial for distinguishing between closely related job
categories (e.g., "Marketing Specialist” vs. "Digital Media Manager") if the
generalization smoothed over unique identifiers. There's also a minor risk of slight
factual drift if not well-calibrated, but this was not a dominant issue in the extrinsic
task.

4.3 PEGASUS (Low-Performing Abstractive)

PEGASUS (XSum variant) consistently struggled to produce summaries useful for the
classification task, a finding strongly supported by gquantitative results from prior work [6,
30]. Our qualitative analysis reveals why.

Observation: PEGASUS summaries were often extremely short and highly
abstract, frequently omitting almost all specific keywords, job titles, skills, or
quantifiable achievements. This is likely due to its pre-training on the XSum
dataset, which favors very brief, single-sentence summaries of news articles.
Example (Conceptual - Original: Finance Resume):

Original Snippet: "Chartered Financial Analyst with 8+ years in investment
banking. Specialized in M&A, financial modeling, and equity research. Proficient
in Bloomberg Terminal.”

PEGASUS Summary: "This article is about a financial professional.” or "An
experienced professional shares their career journey."
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e Impact on Classification: Very low accuracy. Such generic summaries provide
virtually no discriminative features for the classifier. The term "financial
professional” might offer a slight hint, but often summaries were even more
generic.

o Misclassification Insight: The extreme level of abstraction and information loss
is the primary reason for PEGASUS's poor performance. It effectively strips the
resume of its unique identifiers, making it impossible for the classifier to assign it
to a specific job category. The confusion matrices for PEGASUS in similar studies
typically show widespread misclassifications across all categories.

4.4 Random (Baseline Extractive)

The Random baseline, as expected, showed poor performance, but its failure mode was
different from PEGASUS.

o Observation: Randomly selected sentences sometimes, by chance, picked up
relevant keywords. However, more often, they selected generic introductory or
concluding sentences, or sentences detailing less critical aspects of the resume.
Example (Conceptual - Original: Sales Resume):

e Original Snippet: "Dynamic Sales Executive with a proven track record of
exceeding targets. Skilled in B2B sales, negotiation, and CRM software. Seeking a
challenging role..."

« Random Summary: "Seeking a challenging role. My hobbies include hiking.
References available upon request."

o Impact on Classification: Low accuracy, though typically better than PEGASUS
because there's a chance of hitting useful sentences.

« Misclassification Insight: The inconsistency of information capture is the main
issue. The summaries lack a coherent focus on the most relevant aspects of the
resume.

5 Discussions

Our qualitative analysis complements the quantitative findings from prior extrinsic
evaluations [6, 30] by providing a deeper understanding of how different summarization
strategies impact the representation of resume content for a downstream classification task.

Information Fidelity is Key: The primary differentiator between high-performing and
low-performing summarizers in this context was their ability to retain specific, category-
distinguishing information. Extractive methods like Reduction, by their nature, preserve
original phrasing, which is beneficial when keywords and exact job titles are critical.
Abstractive models like BART can also perform well if their abstraction process correctly
identifies and rephrases these core concepts without significant loss.

The Perils of Over-Abstraction: The case of PEGASUS (XSum) starkly illustrates the
danger of applying a summarization model trained for one type of text and summary style
(very short news headlines) to a vastly different domain (semi-structured resumes requiring
detail preservation). The resulting over-abstraction rendered summaries almost useless for
distinguishing job categories. This highlights the critical importance of model-task
alignment or domain-specific fine-tuning for abstractive summarizers [22].

Nature of "Good" Summaries for Classification: For the TF-IDF and Logistic
Regression classifier used, a "good" resume summary is one that is rich in specific nouns
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and verb phrases that act as strong categorical indicators (e.g., "Java," "financial
modeling,” "recruitment process”). While intrinsic metrics like ROUGE [23] measure
fluency and overlap with reference summaries, they may not correlate well with
performance on downstream tasks. This highlights the broader challenge in summarization
evaluation, where intrinsic and extrinsic performance can diverge [24], [25].

Implications for E-Recruitment Systems:

e When selecting a summarizer for resume preprocessing, especially for tasks like
initial categorization, methods that prioritize factual and keyword integrity (like
top-tier extractive approaches or carefully chosen/tuned abstractive models) are
preferable.

e Off-the-shelf abstractive models, particularly those pre-trained for high
compression on dissimilar domains, should be used with caution and rigorously
evaluated for information loss.

« Efficiency remains a crucial factor. The high information fidelity of methods like
Reduction, coupled with their computational efficiency, makes them strong
candidates for high-throughput systems. BART offers good fidelity but at a higher
computational cost inherent to large transformer models [8].

This qualitative analysis, while insightful, is based on manual inspection of a subset of
summaries. The interpretation can have a degree of subjectivity. A larger-scale human
evaluation or more sophisticated automated methods for analyzing information loss could
further substantiate these findings.

6 Conclusion

This paper provided a qualitative analysis into how different text summarization
techniques affect the utility of resume summaries for job category classification. By
moving beyond aggregate performance metrics, we have illuminated the specific ways in
which high-performing methods like Reduction and BART preserve critical category-
distinguishing information, and how low-performing methods like PEGASUS (XSum) fail
due to excessive abstraction and information loss. Our findings underscore that for tasks
like resume classification, the fidelity of the summary in terms of specific keywords, job
titles, and skills is paramount. While abstractive summaries can offer fluency, their
tendency to generalize or omit crucial details (if not appropriately tuned or selected) can
be detrimental. Extractive methods, by their nature, often provide a more reliable
representation of these key elements.

This qualitative understanding is crucial for practitioners in e-recruitment when choosing
or developing summarization tools. It highlights the need for careful consideration of the
trade-offs between summary style, information preservation, and the specific requirements
of downstream NLP tasks. In the future work, we aim to explore hybrid summarization
approaches or fine-tuning strategies for abstractive models specifically aimed at optimizing
the retention of key entities within resumes.

Data availability

The resume dataset supporting the findings of this study is openly available on Kaggle.
The dataset can be accessed via the link provided in reference [10].
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