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Abstract. Data analytics can support evidence-based decision-making in public policies by en-

abling the identification of patterns, forecasting needs, and prioritizing actions. Consequently, 

data-driven analysis can aid policymakers in redesigning and enhancing educational policies, such 

as textbook distribution for public schools. However, there is no consensus on a structured ap-

proach for descriptive analytics in this context. This study presents a descriptive approach to tex-

tual data analysis aimed at improving policy implementation and monitoring, with a focus on ef-

fort, productivity, and quality of reviews produced by textbook evaluators. Through a case study, 

we apply natural language processing techniques to analyze thousands of answers to rubrics dur-

ing the pedagogical evaluation of a public call for literary works under the Brazilian textbook pro-

gram (Programa Nacional do Livro e do Material Didático - PNLD). The PNLD is one of the most 

extensive textbook policies, impacting millions of students. Our findings shed light on challenges 

related to the effort involved and the quality of written reports in the pedagogical evaluation 

process. Analyzing reports, which reflect some desired and undesired behaviors of evaluators, 

can offer policymakers insights for making informed decisions and improving textbook programs 

worldwide. Our descriptive approach to textual data analysis leverages insights to enhance trans-

parency, inform improvements, and guide policy implementation through real-time monitoring.
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1. Introduction

A data science process consists of descriptive, predictive, and prescriptive steps, supporting the entire cycle
of data-driven analysis and decision-making (Delen, 2019; Sharda et al., 2018). Thus, data-driven analysis has
been recognized as a significant approach for supporting governments and public organizations, for instance,
in developing and improving educational policies (Badrul Hisham et al., 2024; Kulal et al., 2024). Data ana-
lytics enables governments and public organizations to make evidence-based decisions by leveraging large
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volumes of data to identify patterns, predict future needs, and prioritize actions (Kulal et al., 2024). Analyt-
ical techniques, such as those driven by Artificial Intelligence (AI), can impact public resource allocation and
tackle modern governance challenges (Santoso et al., 2024).

In education, data analytics can inform educational policies to reduce inequalities and improve access
(Pencheva et al., 2020). Data-driven analysis can also assist policymakers in redesigning and developing edu-
cational policies (Badrul Hisham et al., 2024). The Brazilian textbook program (Programa Nacional do Livro e
doMaterial Didático - PNLD) evaluates educational materials, including literary works, to ensure high-quality
tools that support learning for millions of public school students. By maintaining a structured pedagogical
and technical evaluation process, the PNLD plays an important role in aligning these materials with national
educational objectives (Sobrinho et al., 2023). The PNLD is an example of an educational public policy that
can benefit from data-driven analysis to enhance monitoring processes and support policy reformulations.

This paper emphasizes descriptive analytics, where we analyze past events to lay the foundation for future
predictive and prescriptive steps. While data-driven analysis has proven to be a relevant approach in sup-
porting educational public policies, such as the PNLD, there is no consensus on a structured approach for
conducting descriptive analytics in this context. More standardized guidelines are needed for integrating data
analysis into policies, resulting in heterogeneous and context-specific approaches (Pencheva et al., 2020). We
contribute to the state-of-the-art by proposing a descriptive approach to textual data analysis that supports
improving policies for distributing educational materials. Our case study focuses on the PNLD 2024 public
call for literary works, analyzed from three key aspects: effort, productivity, and quality. We investigate the
PNLD program by analyzing the evaluation process of educational materials.

Providing well-designed educational materials to every student is a significant need that may influence learn-
ing performance (Liu, 2023; UNESCO, 2016). Public policies related to educational materials such as text-
books and literary works must include robust evaluation processes to ensure content and editorial quality.
The PNLD comprises steps for enrollment/validation, pedagogical evaluation, technical qualification, choice
(by public school principals and teachers), negotiation, acquisition, and distribution of educational materials
(Sobrinho et al., 2023). This paper depicts the pedagogical evaluation process of PNLD, which considers the
quality of contents. We expect that the data analysis from evaluation reports can support policy-makers in
making informed decisions to improve this type of program.

Despite a comprehensive and centralized process, which includes steps to evaluate the educational materials
rigorously, the PNLD program’s pedagogical evaluation process encounters challenges that could compromise
the distribution time of educational materials to students and the process quality (Silva et al., 2024).These
challenges include high evaluator effort, textual inconsistencies, and report quality issues, which can compro-
mise the program’s efficiency and delay the timely distribution of materials. This issue transcends the PNLD
program and potentially has implications in the countries that conduct official evaluations with similar char-
acteristics. In the context of the Brazilian textbook policy, the pedagogical evaluation process is started when
a public call for educational materials is issued, outlining the evaluation criteria to ensure quality. The call
guides a rigorous blind evaluation procedure, where a series of questions and justifications are considered,
leading to a partial report. A pedagogical and technical committee then thoroughly reviews this report to
ensure compliance with the evaluation criteria, culminating in a final report. The evaluation process teams
include five key actors: Evaluator 1, Evaluator 2, Assistant Coordinator, Pedagogical Advisor, and Pedagogical
Coordinator. The involvement ofmultiplematerials and actors adds complexity, mainly due to the hierarchical
evaluation structure extending from the evaluators to the pedagogical coordinator.

We examine the relationships among the documents generated by each participant to analyze issues related
to effort, productivity, and quality. As a case study, we pre-process data and analyze reports from evaluators,
assistant coordinators, pedagogical advisors, and pedagogical coordinators involved in the PNLD 2024 public
call for literary works. We leverage natural language processing techniques, such as text similarity analysis
(Wang & Dong, 2020), to handle thousands of answers to rubrics and gain deeper insights into the challenges
encountered during the evaluation process of this particular public call. Few researchers have thoroughly
analyzed these complexities before textbooks and literary works receive (or fail to receive) official approval
(Clark et al., 2024). Among the potential causes for the lack of data on this processmay be the unavailability of
comprehensive government data since this process might not be digitalized or be restricted to internal stake-
holders. As partners of the Brazilian Ministry of Education, the authors have the authorization to research
and innovate in the platform (PNLD-Avaliação) that supports the official approval of the textbooks.
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2. Methodology

2.1. Descriptive Approach to Textual Data Analysis

We structured our descriptive approach to textual data analysis by defining our goals, Research Questions
(RQs), and metrics to support the answers to the RQs. Our initial goal (Table 1) focuses on comprehending
the report writing efforts of the pedagogical and technical committee. The final report serves as a written
explanation of the committee’s decision regarding the literary works’ approval (or rejection). We identified
six metrics based on text similarity (Wang & Dong, 2020) and text length, aimed at answering three RQs.

Tab. 1 – Goal 1. Understand report writing efforts from analyzing previous works of the assistant coordinator,
pedagogical advisor, and pedagogical coordinator.

Question Description Metric
(RQ1.1)What is the effort level of the assistant coordi-
nator when reusing and editing the peer revision?

(M1.1) Similarity between reports from double-blind revisions and assistant coordinator.

(M2.1) Total length of reports from double-blind revisions and assistant coordinator.
(RQ2.1)What is the effort level of the pedagogical advi-
sor when reusing and editing the report from the assis-
tant coordinator?

(M3.1)Similarity between reports fromtheassistant coordinator andpedagogical advisor.

(M4.1) Total length of reports from the assistant coordinator and pedagogical advisor.
(RQ3.1) What is the effort level of the pedagogical co-
ordinator when reusing and editing the report from the
pedagogical advisor?

(M5.1) Similarity between reports from the pedagogical advisor and coordinator.

(M6.1) Total length of reports from the pedagogical advisor and coordinator.

Our second goal (Table 2) centers on assessing the productivity of the pedagogical and technical committee
during the report writing process. We established three metrics based on the time taken to complete tasks to
achieve this goal, aiming to address three specific RQs.

Tab. 2 – Goal 2. Understand the productivity in report writing from analyzing previous works of the assistant
coordinator, pedagogical advisor, and pedagogical coordinator.

Question Description Metric
(RQ1.2)What is the productivity level of the pedagogical coordinator? (M1.2) The time the pedagogical coordinator completes tasks.
(RQ2.2)What is the productivity level of the pedagogical advisor? (M2.2) The time the pedagogical advisor completes tasks.
(RQ3.2)What is the productivity level of the assistant coordinator? (M3.2) The time the assistant coordinator completes tasks.

Our third goal (Table 3) concentrates on evaluating the quality of partial reports provided by evaluators re-
garding compliance, partial compliance, and non-compliance with evaluation criteria. These partial reports
serve as textual explanations of the evaluator’s decisions. Quality refers to how easy the text is to understand,
providing grammatically correct evaluations. To address the fourRQs related to this goal, we established seven
metrics based on text readability1, complexity2, spelling quality, length, and similarity.

Tab. 3 – Goal 3. Understand the quality of partial reports from analyzing previous works of evaluators.

Question Description Metric
(RQ1.3)What is the writing quality of partial reports? (M1.3) Readability of partial reports.

(M2.3) The spelling quality of partial reports.
(RQ2.3)What is the level of detail in partial reports? (M3.3) The total length of partial reports.

(M4.3) The level of complexity of partial reports.
(RQ3.3)What is the level of uniqueness of partial report contents? (M5.3) Similarity of reports of the same evaluator across different documents.
(RQ4.3)What is the agreement level between evaluators? (M7.3) Similarity betweenpartial reports of two evaluators of the samedocument.

Our fourth and fifth goals (Table 4), respectively, concentrate on the efforts and productivity of evaluators
when writing partial reports regarding compliance, partial compliance, and non-compliance with evaluation
criteria. We consider four levels of effort, which refer to how laborious it is to produce a text based on previous
reports. No effort occurs when no changes are required from the previous reports. For instance, the assistant
coordinator reused all text produced by a specific evaluator (i.e., 100% similarity, the same total length, and
zero difference between the strings). Minor effort occurs when some changes are required from the previous
reports. For instance, the assistant coordinator changed the writing style from the text produced by a specific
evaluator. Major effort occurs when significant changes are required from the previous reports. For instance,
the assistant coordinator changed the report by mentioning specific external documents, such as laws. Full

1Text readability refers to how easily a reader can comprehend a reporting text.
2The complexity of the report text is influenced by external references (e.g., laws and national curriculum).
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effort occurswhen changes in decisions are required from the previous reports. For instance, the assistant co-
ordinator changed the decision from conditionally approved to reproved. Conversely, productivity measures
the value generated per hour worked. To address the two RQs associated with these goals, we established
three metrics based on task completion time, text length, and text complexity.

Tab. 4 – Goals 4 and 5. Understand the efforts and productivity of writing partial reports from analyzing pre-
vious works of evaluators.

Question Description Metric
(RQ1.4)What is the effort level when writing partial reports? (M1.4) Total length of partial reports.

(M2.4) The level of complexity of partial reports.
(RQ1.5)What is the productivity level of the evaluators? (M1.5) The time the evaluator completes tasks.

Our sixth goal (Table 5) centers on assessing evaluators’ quality of question responses regarding compliance,
partial compliance, and non-compliancewith evaluation criteria. This analysis is essential because evaluators
objectively state one of these three fixed possibilities for each evaluation criterion. To address the two RQs
related to this goal, we defined two metrics based on the Kappa index (Cohen, 1960; McHugh, 2012).

Tab. 5 – Goal 6. Understand the quality of questions responses from analyzing previous works of evaluators.

Question Description Metric
(RQ1.6)What is the agreement level between evaluators? (M1.6) Kappa concordance between two evaluators’ answers to

the same literary work questions.
(RQ2.6)What is the agreement level of each evaluator with the pedagogical co-
ordinator?

(M2.6) Kappa concordance between the evaluator’s answer to
questions and the final report.

Our seventh and eighth goals (Table 6) concentrate on evaluating the quality of justifications (associated with
questions from the sixth goal) and the efforts expended by evaluators in writing them, respectively. Each eval-
uator produces a textual justification for the responses to the questions. To address the three RQs associated
with these goals, we established six metrics based on text readability, spelling quality, length, and complexity.

Tab. 6 – Goals 7 and 8. Understand the quality of justifications and efforts in writing them from analyzing
previous works of evaluators.

Question Description Metric
(RQ1.7)What is the writing quality of justifications? (M1.7) Readability of justifications.

(M2.7) The spelling quality of justifications.
(RQ2.7)What is the level of detail in justifications? (M3.7) The total length of justifications.

(M4.7) The level of complexity of justifications.
(RQ1.8)What is the effort level when writing justifications? (M1.8) Total length of justifications.

(M2.8) The level of complexity of justifications.

2.2. Datasets

To answer our RQs, we gathered data from reports submitted during the 2024 PNLD public call for literary
works (focused on the final educational years). Thus, based on the data gathered from the Brazilian Ministry
of Education database, we defined four datasets to conduct our analysis: 2024_3_functions_report dataset
(1450 instances, comprising 396 reports from assistant coordinators, 491 from pedagogical advisors, and
563 from pedagogical coordinators), 2024_3_evaluators_report dataset (927 instances, comprising reports
from 181 evaluators), 2024_3_functions_question dataset (125465 instances, comprising 42226 responses
from assistant coordinators, 34821 from pedagogical advisors, and 48418 from pedagogical coordinators),
and 2024_3_evaluators_question dataset (79838 instances, comprising responses from 181 evaluators).

The original datasets contained more than 30 data fields. However, we reduced this to 15 fields to better un-
derstand the efforts and capacities of evaluators, assistant coordinators, pedagogical advisors, and pedagogi-
cal coordinators. For each dataset, we used the following data fields to conduct our analyses: CO_call (identifi-
cation of the public call),DS_call (description of the public call), CO_object (identification of the object related
to the public call),DS_object (description of the object related to the public call), CO_evaluation_team (evalu-
ation teamalphanumeric code),DS_function (description of function - i.e., assistant coordinators, pedagogical
advisors, or pedagogical coordinators), CO_work (identification of the literary work), CO_form_block (iden-
tification of a block of an evaluation form), CO_form_eval (identification of an evaluation form), CO_question
(identification of an objective question of the evaluation form),DS_question (description of an objective ques-
tion of the evaluation form), CO_question_response (identification of a response to an objective question of
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the evaluation form),DS_question_response (description of a response to an objective question of the evalu-
ation form),DS_question_justification (justification for responding to an objective question of the evaluation
form), and CO_evaluator (identification of the education professional - i.e., evaluator).

2.3. Data Pre-processing and Analysis

Our data pre-processing procedure comprises seven steps (Figure 1): data verification, data adequacy, di-
mensionality reduction, encoding, content verification, justification adjustment, and creation of auxiliary data
fields. These steps were crucial to enable our data analysis.

Fig. 1 – Data pre-processing steps.

We checked if the data conformed to the database structure (Step 1). A missing column label was almost al-
ways, which caused data inconsistency. We identified the issue and added two labels after the CREATED_AT
and UPDATED_AT fields, ensuring the structure is correct (Step 2). Another important task was removing
columnswith zeroornull data (Step3). Weconducted encoding tests tomaintain the standard,which is almost
always UTF-8. However, there were cases where the encoding only worked with Latin1, making it the extrac-
tion encodingused (Step4). Evenwith the correct encoding, somecolumns contained termswith strange char-
acters, whichwere corrected (Step 5). When a questionwas not justified (recorded a single space or a period),
we included a default text: “Justification not recorded by evaluator” (Step 6). Additionally, when a question
was unanswered, we marked it as “Not Answered”. Finally, we included new columns to assist in subsequent
data analyses (Step 7): DS_JUST_CLEAN (contentwithout the tags in caseswhere the justification is in amixed
HTML + STRING format), CHAR_COUNT (number of characters in the justification),WORD_COUNT (number
of words in the justification), SENTENCE_COUNT (number of sentences in the justification),DS_DAYS_SPENT
(a delta between the “UPDATED_AT” and “CREATED_AT” fields, indicating the number of days worked), and
Q_EVALUATIONS_WORKED (number of evaluations the stakeholder worked on in the public call).

Our textual transformation to numeric data relied on the Tfidfvectorizer function from the sci-kit-learn library.
Additionally, we applied the Cosine, Jaccard, Spacy, and SBERT methods to analyze similarities. The Cosine
similarity represents the degree of similarity between two documents (Kwangil Park & Kim, 2020). The Jac-
card similarity represents the ratio of the size of the intersection over union (Verma & Aggarwal, 2020). We
relied on the Cosine and Jaccard as syntactic similarity measures. Conversely, Spacy relies on word vectors to
capture semantic relationships (Honnibal & Montani, 2017). Embedding is usually pre-trained on large cor-
pora, and the Cosine calculates the similarity (Equation 2). Finally, SBERT similarity relies on sentence embed-
dings from a fine-tuned Bidirectional Encoder Representations from Transformers (BERT) model (Reimers &
Gurevych, 2019). Similarly to Spacy, calculating similarity relies on the Cosinemethod. We relied on the Spacy
and SBERT similarities as semantic similarity measures.

3. Results and Discussion

3.1. Effort Levels by Function

3.1.1. Assistant Coordinators

The assistant coordinators review the reports from the blind evaluations conducted by the evaluators. To
understand the similarity between an assistant coordinator’s report and each evaluator assigned to the same
literary work, grouping by conditionally approved and reproved, we applied the Cosine, Jaccard, Spacy, and
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SBERT methods. We also calculated the mean, median, and Standard Deviation (SD) by grouping all assistant
coordinators, considering the public call and evaluation results.

Based onTable 7, the text similarities between assistant coordinators and evaluators’ reports for reproved and
conditionally approved literary works were compared using four different methods. For the Cosine method,
the conditionally approved literary works show a higher mean similarity (0.98) than the reproved literary
works (0.66). The median is also higher for conditionally approved literary works (1.00 vs. 0.67). However,
the SD is lower for the reproved literary works (0.26 compared to 0.13), indicating that, while the mean sim-
ilarity is lower, there is greater variability in the conditionally approved group. For the Jaccard method, the
conditionally approved literary works again show a higher mean similarity (0.99) compared to reproved lit-
erary works (0.83), and the median is significantly higher (1.00 vs. 0.86). The SD is also slightly lower for
conditionally approved literary works (0.08 vs. 0.14), indicating more consistent results in the conditionally
approved group. The Spacy method shows that conditionally approved literary works have higher similarity
metrics, with amean of 0.99 and amedian of 1.00, compared to amean of 0.94 and amedian of 0.97 for the re-
proved literaryworks. Additionally, the SD is smaller for conditionally approved literaryworks (0.04 vs. 0.07),
reflecting a higher consistency in the results. Finally, for the SBERT method, the conditionally approved lit-
erary works exhibit a higher mean (0.99) and median (1.00) compared to the reproved literary works (mean
of 0.91 and median of 0.93). The SD is lower for the conditionally approved literary works (0.05 vs. 0.10),
indicating that the similarities for conditionally approved literary works are not only higher but also more
consistent. Across all methods, the conditionally approved literary works generally show higher and more
consistent similarity scores compared to the reproved literary works.

Tab. 7 – Comparison of text similarities between assistant coordinators and evaluators reports for condition-
ally approved and rejected literary works.

Reproved Conditionally Approved

Metric Mean Median SD Mean Median SD

Cosine 0.66 0.67 0.26 0.98 1.00 0.13
Jaccard 0.83 0.86 0.14 0.99 1.00 0.08
Spacy 0.94 0.97 0.07 0.99 1.00 0.04
SBERT 0.91 0.93 0.10 0.99 1.00 0.05

Weapplied the Student’s t-test to determinewhether there are statistically significant differences between the
Cosine and Jaccard similarities of the reproved and conditionally approved literary works. For the reproved
literary works, we obtained a p-value of 0 for both the Cosine vs. Jaccard and Spacy vs. BERT similarities
at a significance level of 0.05. This indicates a significant difference between the means of the two samples,
suggesting that the observed variations in similarity metrics are statistically significant. The difference in
similarity between the Spacy and SBERT methods can be attributed to two factors. The first is the different
approaches each method uses to calculate text similarity. While Spacy relies on basic syntactic and seman-
tic features of words and sentences, SBERT uses pre-trained sentence representations in high-dimensional
vector spaces, capturing more complex semantic nuances. These differences result in distinct assessments of
how semantically close the texts are, with Spacy perceiving greater proximity and SBERT indicating a more
considerable distance. The second factor is the writing style of the assistant coordinator and the evaluator.

For the conditionally approved literary works, we obtained a moderate p-value (0.4987) for the Cosine and
Jaccard similarities based on the Student’s t-test. This indicates no significant difference between the means
of the two samples for these similarity metrics. Furthermore, the calculated t-statistic value of -0.0156 and
the corresponding t-distribution value of 0.4938 support the conclusion that the observed differences are not
statistically significant. Conversely, the Student’s t-test results, when comparing the Spacy and BERT similari-
ties, presented a high p-value (0.8031), indicating no significant difference between themeans of the two sam-
ples. The calculated t-statistic value of -0.0151 and the corresponding t-distribution value of 0.4940 confirm
that the observed differences are not statistically significant. In general, the high mean values of the seman-
tic similarity metrics indicate relatively high agreement between the assistant coordinators’ and evaluators’
reasoning. We further explored the Cosine and Jaccard results.

We also analyzed the textual differences between the assistant coordinators’ and evaluators’ reports by com-
paring the contents of the reproved literary works. We filtered out literary works with only one evaluation
and removed duplicated reports. Figure 2 illustrates the differences between the assistant coordinators’ an-
swers to rubrics (for specific literarywork) and the evaluators’ during the peer reviewprocess. For 65 literary
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works (Figure 2a), the assistant coordinator either removed ormodified some text produced by the evaluator.

(a) Assistant coordinator vs evaluator 1.

(b) Assistant coordinator vs evaluator 2.

Fig. 2 – Difference between the texts of assistant coordinators and the evaluators for reproved literary works.

The assistant coordinator added new text for 156 literary works by incorporating text from another evaluator
or creating new content. There was no difference in the answers to rubrics for 12 literary works. In contrast,
when considering the second evaluator (Figure 2b), the assistant coordinator removed or modified text from
the evaluator for 76 literaryworks and added text for 147 literaryworks. For instance, for literarywork 4415,
the assistant coordinator reused part of Evaluator 1’s text (resulting in a text similarity of almost 1.0 across
all metrics) while removing or altering some text from Evaluator 2. The texts were also similar.

The previous discussion on text similarities and total length (word count) suggests varying levels of effort by
assistant coordinators in adjusting the evaluators’ answers to rubrics: no effort, minor effort, major effort,
and full effort. However, to increase confidence in answering RQ1.1, it is necessary to investigate specific
instances of literaryworks evaluations to understand betterwhat typically leads to amajor or full effort. Thus,
we conducted an n-gram analysis to guide our investigation, with n up to 7.

Figure 3 combines a Kernel Density Estimate (KDE) plot (center) with a bivariate contour plot (top and
side) for reproved literary works. It displays the joint distribution of two variables: n_gram (X-axis) and jac-
card_sims_ngrams (Y-axis). In the central KDE plot, shades of blue indicate varying density levels, with darker
areas representing higher data point density. The KDE plot reveals a higher density of points within the 0.0
to 0.2 range for Jaccard similarity, regardless of the n-gram.

This suggests a possible discrepancy in reports produced between the assistant coordinators and evaluators
for disapproved works, as the Jaccard similarity is dense. Additionally, a minor density around 1.0 indicates
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Fig. 3 – KDE plot (center) with a bivariate contour plot (top and side) for reproved literary works.

that some reports are similar, with somebeing literal copies. Weused the visualizations presented in Figures 2
and 3 to focus our analysis on specific problematic cases, aiming to understand the evaluation issues better.

We used the same procedure to analyze the conditionally approved literary works. In the same sense as Fig-
ure 2, Figure 4 illustrates the differences between the assistant coordinators’ answers to rubrics and the eval-
uators’ during the peer review process, considering conditionally approved literary works. Some of the assis-
tant coordinators’ reports (49 in total) removed some text produced by Evaluator 1. Similarly, for Evaluator 2,
44 reports had such removals. Considering both evaluators, for 129 reports, there was no difference between
the assistant coordinators’ and evaluators’ answers to rubrics, showing that, in many cases, assistant coordi-
nators reuse all of the evaluators’ produced text. Figure 5 also combines a KDE plot (center) with a bivariate
contour plot (top and side) for conditionally approved literary works.

We used the visualizations in Figures 4 and 5 to focus our analysis on specific problematic cases from the
conditionally approved. For instance, in literary works 4398 and 4449, the assistant coordinator removed
the text from both evaluators and produced new text. The evaluators reproved or approved the literary work.
However, the assistant coordinator reverted thedecision, producing adifferent report (i.e., low text similarity).

Assistant coordinators’ efforts tended to be significant (sometimes full effort) for the reproved literary works,
involving removing or adding text from the evaluators’ reports. Conversely, no effort or minor effort tends to
be required when reusing at least one of the evaluators’ reports for conditionally approved literary works.

3.1.2. Pedagogical Advisors and Coordinators

After the assistant coordinator finished analyzing the blind evaluations, 50 literaryworkswere approved, 233
were reproved, and 180 were conditionally approved. Table 8 compares the similarities of the assistant coor-
dinators’ and pedagogical advisors’ mean, median, and SD. Such results evidence that assistant coordinators
and pedagogical advisors agree in their evaluations, with very few differences in the answers to rubrics.

Moreover, Table 9 compares the mean, median, and SD of similarities between the pedagogical advisors’ and
coordinators’ reports. Similar to the previous case, the pedagogical coordinators usually reuse most of the
text the pedagogical advisors produce, with only a few adjustments. However, the mean similarities of the
reproved literary works slightly decreased for the pedagogical advisors’ and coordinators’ reports.

Thus, these two phases of the evaluation process typically require aminor effort to consolidate the final report
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(a) Assistant coordinator vs evaluator 1.

(b) Assistant coordinator vs evaluator 2.

Fig. 4 – Difference of the answers of assistant coordinators and the evaluators for conditionally approved.

Fig. 5 – KDEplot (center)with abivariate contourplot (top and side) for conditionally approved literaryworks.
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Tab. 8 – Comparison of text similarities between assistant coordinators and pedagogical advisors’ reports for
conditionally approved and rejected literary works.

Reproved Conditionally Approved

Metric Mean Median SD Mean Median SD

Cosine 0.90 1.00 0.18 0.93 1.00 0.20
Jaccard 0.95 1.00 0.08 0.97 1.00 0.10
Spacy 0.99 1.00 0.03 0.98 1.00 0.06
SBERT 0.97 1.00 0.05 0.98 1.00 0.06

Tab. 9 – Comparison of text similarities between pedagogical advisors and pedagogical coordinators’ reports
for conditionally approved and rejected literary works.

Reproved Conditionally Approved

Metric Mean Median SD Mean Median SD

Cosine 0.83 0.90 0.18 0.93 1.00 0.18
Jaccard 0.92 0.95 0.09 0.96 1.00 0.11
Spacy 0.97 0.99 0.04 0.98 1.00 0.05
SBERT 0.95 0.98 0.07 0.98 1.00 0.07

(RQ2.1 and RQ3.1). Only a few specific cases demand a significant effort.

3.2. Productivity Levels by Function

We address RQ1.2, RQ2.2, and RQ3.2 (productivity in report writing) by analyzing the previous works of the
assistant coordinator, pedagogical advisor, and pedagogical coordinators. Thus, we computed the value gen-
erated per hour worked as the ratio of the number of words of reports and the number of worked days. We
analyzed the productivity of the assistant coordinators, pedagogical advisors, and pedagogical coordinators
who worked in the 2024 PNLD public call for literary works. Our datasets contain software logs that record
the coordinators’ access from the first update to the last. The assistant coordinators’ value generated per hour
worked had a mean of 8.32, a median of 2.69, and an SD of 15.01. The pedagogical advisors’ value generated
per hourworked had amean of 4.88, amedian of 1.74, and an SD of 8.33. Finally, the pedagogical coordinators’
value generated per hour worked had a mean of 3.84, a median of 1.43, and an SD of 6.11. We cannot affirm
that such values evidence low productivity. This data does not accurately represent the daily work distribu-
tion. A low output value per hour workedmay indicate that some evaluations are concentrated on answers to
rubrics on specific days by a particular role, which is not the desired behavior (RQ1.2, RQ2.2, and RQ3.2). The
Brazilian Ministry of Education staff oversees the pedagogical evaluation process team and requires frequent
updates from the assistant coordinator, pedagogical advisor, and pedagogical coordinators. Higher-level func-
tions can request the removal of lower-level functions. For instance, a pedagogical coordinator can ask for the
assistant coordinator to be removed. Any function can request to be removed. Duringmonitoring, theMinistry
of Education staff or a specific function decides whether to maintain or remove personnel.

3.3. Writing Quality by Evaluators

3.3.1. Readability

We applied the Flesch and Gunning Fog indexes to understand better the readability levels of the evaluators’
answers to rubrics. The Flesch index indicates reading levels as follows: 5th to 6th grade (scores 5-6), 7th to
8th grade (scores 7-8), 9th to 10th grade (scores 9-10), 11th to 12th grade (scores 11-12), college-level (scores
13-16), and graduate level (scores 17+). In contrast, the Gunning Fog index classifies texts as very easy (scores
90-100), easy (scores 80-89), fairly easy (scores 70-79), standard (scores 60-69), moderately difficult (scores
50-59), difficult (scores 30-49), and very difficult (scores 0-29).

Table 10 presents an overview of our readability analysis results using the above two measures. Values in
parentheses represent the SD, and N is the number of partial reports. The readability of the partial reports
varies significantly, with a difference in complexity levels. For instance, the reports for approved literary
works are relatively less complex, as indicated by their lower Gunning Fog Index (mean = 19.53, SD = 3.43),
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compared to the conditionally approved literary works (mean = 21.61, SD = 3.89). Reports for rejected liter-
ary works show a moderate level of complexity (mean = 16.07, SD = 5.49). This variation suggests that the
less complex reports for approved and conditionally approved literaryworks tend to includemore direct texts
stating the approval, whereas the more complex ones, particularly for conditionally approved literary works,
tend to be longer and include excessive detail that may not add substantial value to the decision-making pro-
cess. Overall, the variation in readability indexes highlights that some texts are more challenging to read than
others. This disparity arises from the inconsistent levels of detail in the reports, coupled with the evalua-
tors’ diverse writing styles. Consequently, this increases the risk of writing answers to rubrics that are less
accessible and harder to interpret, which could hinder the evaluation process and decision-making.

Tab. 10 – Summary of the mean (and SD) readability measures using the Flesch and Gunning Fog indexes.

Result N Flesch Index Gunning Fog Index

Rejected 66 39.6 (19.07) 16.07 (5.49)

Approved 176 34.63 (9.12) 19.53 (3.43)

Conditionally Approved 22 31.9 (19.5) 21.61 (3.89)

When analyzing spelling, the 17 answers to rubrics for approved literary works contained the fewest errors,
with only three punctuation mistakes. The 115 answers to rubrics for conditionally approved literary works
contained 16 errors, averaging approximately 0.14 errors per text: seven orthographic, six grammatical, and
three punctuation errors. The 675 answers to rubrics for rejected literary works exhibited the highest num-
ber of errors, totaling 107 errors, averaging about 0.16 errors per text: 53 orthographic, 32 grammatical, and
22 punctuation errors. While the errors increased with the number of reports, the average errors per text re-
mained low, indicating goodwriting quality in terms of orthographic, grammatical, and punctuation accuracy.

3.3.2. Level of Detail

To enhance our discussion regarding the quality, we used metrics for total length and complexity. Complexity
refers to the number of citations of external documents, such as laws and the national curriculum. The total
length of evaluation reports for approved literary works had a mean of 269.68, a median of 176.00, and an SD
of 350.10. For conditionally approved literaryworks, the evaluation reports had amean of 565.52, amedian of
220.00, and an SD of 1253.28. The evaluation reports for rejected literaryworks had amean of 2656.64, ame-
dian of 1219.00, and an SD of 4098.70. Thus, the evaluation reports for approved literary works are relatively
short. The conditionally approved literary works showmore detailed partial reports than the approved ones,
while the rejected literary works partial reports are longer. This higher level of detail in rejection reports is
expected, as it enhances confidence in evaluators’ decisions and provides robust justification, especially con-
sidering that rejections may be subject to appeals. However, a high total length value may indicate redundant
or less relevant text. We complement this analysis by using the complexity of reports, as the criteria for ap-
provals and rejections rely on different external documents. We used regular expressions to identifymentions
of external documents in the reports, relying on specific keywords (e.g., ABNT NBR) and regular expressions.

The partial reports for approving literaryworks had amean of 0.42, with an SD of 0.50. Conversely, the partial
reports for conditionally approving literary works had a mean of 0.50, with an SD of 0.50. The reports for
rejecting works had a mean of 2.40, with an SD of 3.35. These results suggest that reports for rejecting works
provide higher levels of detail due to their greater total length and number ofmentions of external documents.
Although the conditionally approved generally had longer partial reports than the approved literary works,
they contained fewer mentions of external documents. The results suggest that evaluations could provide
more details on the criteria used to approve, conditionally approve, or reject literary works (RQ2.3).

3.3.3. Level of Uniqueness

We examined the similarities in partial reports provided by the same evaluator across different literary works
(RQ3.3). We organized the reports by grouping those from the same evaluator according to the classifications
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of approval, conditional approval, and rejection. Grouping all reports related to approvals and the evaluators
whowrote them, we observed that reports had amean Jaccard similarity of 0.83, amedian of 1, and a standard
deviation (SD) of 0.29. For conditionally approved, the reports showed a mean similarity of 0.85, a median
of 1, and an SD of 0.28. On the other hand, reports for rejected works presented a mean similarity of 0.48, a
median of 0.45, and an SD of 0.19. Based on the results from the previous RQs, the high similarity in reports
for approvals and conditional approvals was expected, as they typically consist of straightforward statements
of approval or partial approval, with minimal details and nearly identical content. However, the moderate
mean similarity observed in reports for rejections (approximately 50%)was unexpected, as these reports are
generally the most detailed and should be unique, displaying low similarity (RQ3.3).

3.3.4. Agreement Level Between Two Evaluators

Table 11 presents the evaluators’ answers to rubrics similarities for approved, conditionally approved, and re-
proved literary works during the peer review. The metrics indicate that the partial report texts for approved
literary works have varying levels of similarity. The Cosine similarity metric showsmoderate similarity, while
Jaccard, Spacy, and SBERT metrics indicate higher similarities, with Spacy reaching the highest values. The
SD is relatively low for the Cosine, Spacy, and SBERT metrics, suggesting a consistent pattern in the text simi-
larities. This indicates that while the texts may differ in structure or specific terms (Cosine and Jaccard), they
share semantic content (Spacy and SBERT). For conditionally approved literaryworks, the similarity levels are
generally high, with Cosine, Jaccard, Spacy, and SBERTmetrics showing comparable results. The SD values for
Cosine suggest more variation in text structure and specific term usage, but the other metrics indicate consis-
tent semantic overlap across the texts. Regarding reproved literary works, the similarity metrics also show
high levels of agreement for Jaccard, Spacy, and SBERT. The SD values for the metrics suggest consistency
among the reports. Overall, the level of agreement is high during the peer review process (RQ4.3).

Tab. 11 – Evaluators’ answers to rubrics similarities for approved, conditionally approved, and reproved liter-
ary works during the peer review.

Approved Conditionally Approved Reproved

Metric Mean Median SD Mean Median SD Mean Median SD

Cosine 0.65 0.85 0.32 0.67 0.85 0.30 0.48 0.48 0.15

Jaccard 0.82 0.95 0.21 0.82 0.95 0.20 0.75 0.77 0.13

Spacy 0.92 0.97 0.13 0.91 0.96 0.13 0.90 0.93 0.10

SBERT 0.84 0.91 0.15 0.88 0.91 0.14 0.86 0.88 0.11

3.4. Efforts and Productivity of Evaluators

By analyzing evaluators’ previous works, we address RQ1.4 and RQ1.5 (efforts and productivity in writing
partial reports). Thus, we reused the total length and complexity of the partial reports previously discussed
to assess the effort involved in answers to rubrics. The partial reports tend to be brief and less complex for
approved literaryworks. The partial reports for rejected literaryworks are generally longer. Their complexity
is higher than that of approved and conditionally approved literary works. As the evaluation criteria become
more stringent and the need for explanations increases, the partial reports’ length and complexity rise signif-
icantly, indicating a greater effort required from the evaluators.

Moreover, we computed the value generated per hour worked as the ratio of the number of words of partial
reports and the number of worked days. The evaluator 1 presented a mean of 8.30, a median of 2.55, and an
SD of 19.69. The evaluator 2 presented a mean of 9.97, a median of 2.97, and an SD of 23.19. Again, this data
may not accurately reflect the daily work distribution, as evaluators might concentrate tasks on specific days.

3.5. Quality of Questions Response by Evaluators

We address RQs 1.6 and 2.6 (quality in answering objective questions) by analyzing the previous work of
evaluators. We calculated the Cohen’s Kappa index to assess the level of agreement during the peer review
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process. The average Kappa index (with SD) between the first and second evaluators was 0.61 (0.49). We also
calculated the index to evaluate the agreement between the evaluators’ opinions and the final decisions. The
average Kappa index (with SD) between the first evaluators and the final results was 0.70 (0.46). Similarly,
the average Kappa index (with SD) between the second evaluators and the final results for the same literary
work was 0.68 (0.47). These results indicate a reduced level of agreement across the analyses of evaluators
vs evaluators of the same literary work. There is an increase in concordance when considering the evaluators
and the final decision. This finding is consistent with our earlier results, highlighting existing disagreements
in evaluations, such as cases where a rejection was later changed to a conditional approval (or the contrary).

3.6. Quality of Justifications and Effort from Evaluators

We address RQ1.7, RQ2.7, and RQ1.8 by analyzing previous works of evaluators. We analyzed 79,838 ques-
tions across 467 literary works to assess the quality and effort in writing justifications. Among these, 12,363
questions lacked justifications. For approved literary works, the readability of the justifications showed a
mean Flesch index of 42.48 (22.11) and a mean Gunning Fog index of 8.39 (4.59). For conditionally approved
literary works, the readability scores had a mean Flesch index of 25.60 (21.18) and a mean Gunning Fog in-
dex of 9.71 (5.12). For rejected literary works, the justifications had a mean Flesch index of 33.61 (18.59)
and a mean Gunning Fog index of 9.10 (5.15). The readability scores indicate that justifications for approved,
conditionally approved, and rejected literary works are generally complex to read.

When analyzing spelling quality, the reproved literary works related to 2480 questions, with a mean total
length of 283,28 words. The justifications presented 2165 mistakes, of which 1672 were orthographic, 411
were grammatical, and 82 were punctuation. The conditionally approved literary works were related to 307
questions (mean total length of 51,07 words), and the justifications presented 28 mistakes, of which 17 were
orthographic, nine were grammatical, and two were punctuation. The approved literary works related to
more than 63,845 questions, of which we analyzed 10% of them as a significant sample (mean total length
of 109,6 words). The justifications presented 5712 mistakes, of which 4341 were orthographic, 1211 were
grammatical, and 161were punctuation. The number of errors increasedwith the number of questions. How-
ever, similar to our previous results, the number of errors was relatively low, indicating good writing quality
regarding orthographic, grammatical, and punctuation accuracy.

Considering the level of detail and effort, we used total length and complexity. For approved literary works
(48 and 2 outliers), themean total length of the justifications was 152,77words (419.02). These justifications
generally exhibited lowcomplexity,with anaverageof 0.40 (0.49)mentions. For conditionally approvedworks
(181), the mean total length was 140.07 (264,81) words, and the justifications were slightly more complex
than those for approved works, with an average of 0.44 (0,63) mentions. For rejected works (235), the mean
total length of the justifications was 738,68 (1012,39) words. These justifications were more complex than
those for approved and conditionally approved works, with an average of 1.47 (2.69) mentions. The level
of detail and effort in justifications seems to increase as the decision is towards a rejection. However, the
justifications present a few mentions of external documents, which may decrease clarity.

3.7. Threats to Validity

Evaluating the quality, productivity, and effort involved in writing responses to rubrics entails a degree of
subjectivity. To address this problem, we provided clear definitions of these concepts. Productivity is the
most challenging aspect to assess, as measuring value generated per hour—based on the number of words
written—may not fully capture the complexity of evaluators’ behavior. Future research may further refine
these definitions to enhance objectivity. Moreover, generalizing these findings to other contexts requires a
broader range of analyses, including different public calls for educational materials and textbook programs.
As such, some results may not be directly applicable to educational material evaluation programs in other
countries or cultural contexts without a more in-depth analysis that takes local specificities into account.

4. Conclusions

Our descriptive approach to textual data analysis enables valuable insights that can drive innovations in pub-
lic policies and provide strategies to support policymakers in their decision-making processes for educational
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material distribution programs. The insights fall within three key dimensions of analysis: effort, productivity,
and quality of textual productions/evaluations. Answers to rubrics can reveal desirable or undesirable be-
haviors that directly influence the quality and efficiency of educational policies, either positively or negatively.
Thus, the insights acquired from these answers to rubrics help identify critical points in evaluation processes,
enhance transparency, and guide adjustments to improve policy implementation. Additionally, the approach
supports monitoring, providing actionable data to inform improvements. The proposed metrics—focused on
effort, productivity, and quality—support the principles of digital government by enabling real-timemonitor-
ing of the evaluation process through business intelligence tools. This contributes to increased transparency,
data-drivendecision-making, and greater efficiency in themanagement of public educational programs. When
applied to actual policy implementation, our approach can help shape new processes, procedures, and rules
that encourage desired behaviors while discouraging undesired ones.

The case study revealed that the peer review process for evaluating literary works during the 2024 public call
was effective despite reduced agreement levels between evaluators. Assistant coordinators showed slightly
higher alignmentwith evaluators’ reasoning but played a significant role in refining reports for rejectedworks,
often requiring substantial modifications. While productivity levels were challenging to interpret due to un-
even daily work distribution, text readability emerged as a concern, particularly for rejected works, where
diverse writing styles and detailed justifications increased complexity. Reports for rejections were more pro-
longed and more thorough, reflecting the need to enhance confidence in decisions subject to appeals. In con-
trast, less detailed reports for approvals and conditional approvals may risk reducing transparency, a critical
aspect of public policy. Overall, collaboration between roles like assistant coordinators, pedagogical advisors,
and coordinators exhibited high agreement, indicating fewer issues in this level of evaluation.

These findings present new research opportunities for process improvement, human resource training, andAI
applications. For example, policymakers could leverage AI interventions to enhance the capabilities of eval-
uators and other roles while also reducing their workload. Generative AI-based chatbots could assist with
various tasks, from fundamental analyses like spelling checks to providing text suggestions for report writing.
Future research can explore the use of generative AI to improve the quality of evaluation reports.
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