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ARTICLE INFO ABSTRACT

Dataset link: github, zonodo The exponential growth of scientific publications has made the exploration and comparative
analysis of scientific literature increasingly complex. For instance, identifying pairs of publica-
tions that diverge on widely accepted concepts within a domain is extremely difficult, if not
impossible, at a large scale. Our work aims to automatically detect such discrepancies using

Keywords:
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Comparative analysis

Tables analysis recent artificial intelligence techniques. Given a particular scientific domain, we propose to
Machine learning capture domain knowledge through the definition of arbitrary functions expressed as relaxed
Counterexample functional dependencies (RFDs), and then focus on the large-scale analysis of tables in the
Polymers publications related to these RFDs.

In this context, we propose a four-step method called Counterexamples to Comparative
Analysis of Scientific Literature (CCASL), which consists of the following steps: (1) Modeling
the domain knowledge with functions expressed as RFDs, (2) Acquiring a corpus of related
publications, (3) Analyzing all tables in the PDF documents and producing a consolidated
table, (4) Detecting counterexamples of the RFDs in the consolidated table and conducting a
comparative analysis of the pairs of papers containing the detected counterexamples.

We have applied CCASL to a subfield of polymer research by identifying an arbitrary func-
tion relating the storage modulus, the polymer structure, and the glass transition temperature.
Based on this function, we implemented the four steps of CCASL for large-scale bibliographic
confrontation in polymer science, which enabled us to detect several counterexamples. After
detailed analysis, these counterexamples were found to originate from two main sources:
typographical errors and methodological inconsistencies. The latter led to an update of the
initial arbitrary function, specifying that it is valid only for fully reacted mixtures.

1. Introduction

The exponential growth of scientific publications has made the exploration and comparative analysis of scientific literature
increasingly complex and challenging. In this continuously evolving scientific landscape, knowledge quickly becomes obsolete,
resulting in publications that may appear to conflict with widely accepted concepts or notions. Detecting counterexamples
in scientific publications is therefore crucial for validating existing knowledge, synthesizing dispersed information, uncovering
exceptions that may inspire new hypotheses, and ultimately supporting both reproducibility and the standardization of scientific
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Table 1
Introduction example.
Index Flow Head Power
a 2.5 10.1 22
b 2.5 10.1 25
c 3.00 15.00 35
d 3.01 15.01 30

research. Moreover, the increasing accessibility of Natural Language Processing (NLP) and other Al techniques now enables the
processing of large volumes of text, making it possible to conduct large-scale knowledge synthesis [1] and meta-analysis [2].

In this context, one of the unique aspects of our study is its focus on the large-scale analysis of tables present in PDF files.
Tables represent valuable sources of structured and numerical information [3] and often contain synthesized knowledge that cannot
be effectively represented in paragraph form due to the presence of multiple instances, such as polymer characterization data
(see example in Fig. 3). This structured information, scattered throughout the scientific literature, encodes a wealth of underlying
knowledge that is not explicitly conveyed through textual semantics.

To capture such structured domain knowledge, we rely on the notion of functional dependencies (FDs), introduced in the 1970s
within the database community [4] as a fundamental constraint of the relational model. Over the years, FDs have proven essential
to database design and data cleaning, while also establishing strong connections with other areas of computer science, including
Galois lattices [5] and probabilistic reasoning [6].

Conceptually, as their name suggests, FDs express the existence of a function from a domain to a co-domain: for any given value
in the domain, there exists exactly one corresponding value in the co-domain. Importantly, this concept does not require explicit
knowledge of the function itself, but rather only the awareness that such a functional relationship exists. In database terms, the
notions of domain and co-domain are captured through a set of attributes on the left-hand side and right-hand side of the FD,
respectively. Consequently, given a specific vocabulary represented by a set of attributes, FDs offer a natural way to encode domain
knowledge as high-level functions, thereby capturing relationships that are otherwise scattered across the literature.

Example 1. In Table 1, we present a relation with three attributes representing measurements from a run-of-river hydroelectric
turbine: the generated power (kW), the corresponding flow (m3/s), and the head (m). Assume the following FD is defined to express
domain knowledge known by experts: flow, head — power, i.e., the power is a function of the flow and the head. Even if we do not
know the function itself, this FD allows us to express its existence. For a given pair of values of flow and head, if two rows share
the same values, then they must have the very same value for power. Otherwise, we have so-called counterexamples of the FD in
the relation (e.g., the pair of tuples (a,b) constitutes counterexamples).

Moreover, FDs have been generalized to handle approximate cases in order to account for dirty or imprecise data. In this context,
strict equality can be relaxed through predicates, leading to relaxed FDs (RFDs). For instance, measurement precision or uncertainties
on attributes such as “flow” and “head” can be taken into account; in this case, the pair of tuples (c,d) would also constitute a
counterexample if 3.00 and 3.01 (and 15.00 and 15.01) are close enough to be considered as equal.

This simple example illustrates how FDs, and their relaxed forms, can be used to encode domain knowledge and detect
inconsistencies in structured data. Building on this principle, our work extends the use of RFDs beyond traditional databases
to the large-scale analysis of scientific literature, where tables can be interpreted as fragments of domain knowledge dispersed
across multiple documents. To the best of our knowledge, there is currently no systematic, data-driven approach for assessing the
consistency of published experimental tables against established domain knowledge. Therefore, our objective is to automatically
identify contradictions among these fragments by expressing domain knowledge through relaxed functional dependencies (RFDs).

Problem statement. Given a specific scientific domain, a collection of related PDF documents, and a set of domain knowledge
modeled as functions and expressed as RFDs, how can we automatically identify pairs of documents that contradict this domain
knowledge? To tackle this question, three interconnected problems must be addressed. First, modeling domain knowledge remains
a long-standing issue in Al Scientific knowledge is often fragmented across multiple sources [7], and the main challenge lies in
developing accurate models that integrate these diverse and evolving pieces of information. Second, analyzing large-scale scientific
literature is increasingly feasible thanks to recent advances in Al [8,9], yet efficiently extracting relevant data from vast and
heterogeneous document collections remains a difficult task. Finally, conducting precise bibliographic confrontation poses significant
difficulties due to inconsistent data reporting, varying terminology, and the sheer volume of available publications [10]. By
addressing these three challenges together, this paper aims to contribute to the development of tools and methodologies that enhance
researchers’ ability to navigate, understand, and leverage the wealth of information contained in scientific literature.

Contributions. The primary contribution of this work is the CCASL method, illustrated in Fig. 1, which provides a comprehensive
solution to the challenges of domain knowledge modeling, large-scale literature analysis, and bibliographic confrontation through
counterexample detection. To achieve this, our contribution is structured around three main components. First, domain knowledge
modeling with arbitrary functions. Unlike ontology-based approaches [11], we propose modeling domain knowledge using arbitrary
functions expressed as RFDs. This formulation enables researchers to formalize and structure complex scientific knowledge, thereby
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Fig. 1. Overview of CCASL.

improving the understanding of domain-specific relationships. Second, we focus on consolidating tables in the selected PDF documents,
developing a dedicated pipeline that combines Al-based methods [12,13] with rule-based approaches [14] to extract and merge
relevant tables from scientific publications. The vast heterogeneity of table layouts and attribute names in PDF documents represents
a major challenge for both extraction and consolidation. To address this, we normalize the extracted tables and align their attributes
with those used to express domain knowledge as RFDs. Specifically, we design a robust rule-based and human-in-the-loop process to
analyze tables with irregular or multi-level headers, thereby preventing potential error propagation during normalization. Finally,
we address counterexample detection and comparative analysis, a process designed to uncover inconsistencies within scientific literature
based on domain knowledge expressed as RFDs. Specifically, when two rows in the consolidated table agree on the left-hand side
of an RFD but differ on the right-hand side, they form a counterexample, indicating a contradiction between the corresponding
publications.

Application to polymers. CCASL is not limited to a specific application domain, as it is based on fundamental, domain-independent
principles. However, applying the method requires data extraction processes that are domain-specific. We illustrate its application
in the specific context of polymer science. We focus on a specific sub-field of polymers called Epoxy-Amine networks (EA) [15].
These materials are commonly used in the composites industry, particularly in aeronautics, transportation, and energy. To the
best of our knowledge, there is no structured, open-source database at a national or international level on EA structures and their
physicochemical properties. This lack of resources significantly hinders the advancement of data science in this field, leaving many
theories based on intuition and experience yet to be rigorously studied. Given that publications related to EAs continuously introduce
new materials (design-characterization), the literature is becoming an important source of data. In collaboration with materials
scientists, we use CCASL to model EA domain knowledge and identify contradictory publications with respect to specific functions,
enabling relevant comparative analyses.

Paper organization. The rest of the paper is organized as follows: Section 2 clarifies the notations used throughout the paper;
Section 3 presents the CCASL method, as illustrated in Fig. 1, including (A) modeling domain knowledge with RFDs, (B) web-
scraping for PDF documents acquisition, (C) consolidating tables in the selected PDF documents, and (D) counterexamples detection
and comparative analysis. Section 4 applies the CCASL method to the polymers scientific domain. Section 5 reviews related work by
comparing CCASL to other approaches regarding relaxed FDs, meta-analysis, information extraction, and schema matching. Section 6
discusses the results, their limitations, and future research perspectives. Section 7 concludes the study by summarizing the main
contributions, and Data and code availability provides details on accessing the data and software developed for this study.

2. Preliminaries

In this section, we provide the notations used in CCASL. It is assumed that the reader is familiar with database notations [16].
Let U, be a set of attributes, D a domain, and V,,;; a set of reference units such that: V,,nV,,;;, =%, V,,,nD =0, and V,,,;,,nD = 0.

Example 2. In line with our example, we say that an attribute (e.g. flow, head and power) is defined over a domain (e.g. real
numbers) with a reference unit (e.g. m>/s, m and kW).

A relation schema R is defined as a nonempty subset of U,,. A tuple 7 over R is a function from R to D. A relation r over R
is a finite set of tuples over R. Let r be a relation over R and X C R. #[X] is the restriction of ¢ to X. The projection of r over X,
denoted 7y (r), is defined as usually 75 (r) = {t[X]|t € r}. We adopt a set semantics for relational algebra expressions. The size of a
finite set E is denoted by |E]|.
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Functional dependencies. Let R be a relation schema, X C R, A € R, and r a relation over R. A functional dependency over R is
denoted by R : X — A. Its semantic is defined as usually: R : X — A is satisfied in r, denoted by r ¥ X — A, if and only if:

Vi 1, €, if VB € X : 1;[B] = 1,[B] then 1,[A] = 1,[A].

A classical measure to approximate the satisfaction of FDs is known as the g; measure [17]. It corresponds to the smallest
proportion of tuples to be removed form the relation r for X — Y to hold in r. More formally, we have:

max(|r'| | ¥ Cr.r' EX — A)

g, X - A)=1-
7|

(€Y

Example 3. Continuing the previous example, suppose the relation in Table 1 contains a total of » tuples (n = |r|). If we consider
that the pair (a, b) is the only counterexample to the FD, then the FD would be satisfied by removing one of the tuples in this pair.
Consequently, the g; measure takes the value:

n—1 1

g X —->A)=1- ==
n n

Predicates to soften equality. A classic approach to relaxing FD is to replace equality with predicates, as proposed in [18-20]. We
suppose to have a set of predicates @, one for each attribute in R. Let us consider A € R such that the domain of A is the real
number. An example of predicate @, is as follows: Given two real values u, v:

TRUE if lu—v| £ €
Dy(u,0) = )
FALSE otherwise

where ¢ is a threshold for @ 4. The satisfaction with predicates is defined accordingly: let (R, ®) be a relation schema with predicates,
r a relation over R and X — A a FD over R. The relation r satisfies X — A with respect to @, denoted by r F, X — A, if for every
pair of tuples (7, 1,) of r, the following formulas holds [21]:

/\ Dp(1,[Bl,1,[B) = @ 4(11[Al 1,[AD
BeX
In the sequel, we refer to such FDs as “Relaxed FDs”. A counterexample of the RFD X — A in r, is a couple of tuples (¢,,7,) € r
such that @(t,[B],1,[B]) is true and @ ,(1,[Al, t,[A]) is false.
The gs-error of an RFD X — A with respect to r, extends as follows:
max(|r'| | ¥ Cr.r Eg X > A)

|7

(3)

gl X > A)=1

Its implementation is available with the open-source code fast g3 [22].

Example 4. Continuing the previous example, consider the RFD with the previously defined predicate on all attributes and ¢ = 0.1.

In this case, in addition to the pair (a, b), the pair (¢, d) is also conflicting, since the “flow” values (]3.00 — 3.01| < 0.1) and the “head”

values (|15.00 — 15.01| < 0.1) are considered equal, while the “power” values (|35 — 30| £ 0.1) differ. The RFD would be satisfied by

removing one tuple from each conflicting pair. Consequently, since there are two counterexamples, the g;p measure takes the value:
n—-2 2

gl X > A=1- ==
- n n

3. CCASL method

As indicated in Fig. 1, the CCASL method can be broken down into four main steps, which are: (A) Modeling domain knowledge
with RFDs, (B) web-scraping for PDF documents acquisition, (C) consolidating tables in the selected PDF documents, and (D)
counterexamples detection and comparative analysis.

3.1. Modeling domain knowledge with RFDs

For a given domain, we propose modeling domain knowledge (DK) as arbitrary functions, formulated by domain experts based
on their knowledge, experience, and intuition. The idea is to let them express their DK as functions over a domain and a co-domain.
Usually, this is done with a specific vocabulary defining variables.

Example 5. In line with the previous example, in fluid mechanics, £low, head, and power constitute a (simplified) specific
vocabulary, from which variables can be easily defined and used for example to express RFDs.

Whenever DK is expressed as a function, it turns out that a FD can be deduced. In database terms, the domain and co-domain of
a function can be represented as a cartesian product of some domains. Let A,, ..., 4, and A be some attributes defined respectively
over the domains D,,..., D, and D,. Moreover, each attribute A; is associated with a reference unit U;, for instance, the flow is
measured in (m? s71).
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Fig. 2. PDF Corpus Acquisition with two techniques.

We denote f as an arbitrary function declared as follows: f : D; x --- X D, — D, where D, X --- X D, is the domain and D, is
the co-domain such that for any value in the domain, there is a corresponding unique value in the co-domain by f. The associated
FD to f, denoted by f,, is easily defined as follows:

fii AL A, > A

We denote by U, = {A,,...,A,, A} as a set of all attributes, and by V,,;; = {u,,...,u,,u} as the set of the corresponding reference
units.

Example 6. Continuing the previous example, the power function f, : RxR — R can be modeled using three attributes: power,
flow, and head, all defined over the domain R. Using the predicate in Eq. (2), we can express the RFD as follows:

de . flow, head — power

3.2. Web-scraping for PDF documents acquisition

We now have to identify some scientific domain literature associated with the specific vocabulary identified to define the
function. In this context, the main difficulty is to acquire relevant scientific documents, that is, papers containing the modeled
knowledge. We use two complementary techniques of web-scraping in the document extraction pipeline.

The first technique focuses uniquely on targeted scientific journals that predominantly deal with the considered scientific domain.
This helps reduce noise by retrieving documents from a specific set of publications. The process is illustrated in Fig. 2a as follows:
(1) First, using the name and prefix of a journal, we target and retrieve its list of Digital Object Identifiers (DOI). (2) Second, by
searching the DOIs in cross-ref libraries we obtain the titles of the publications. (3) Third, using a list of keywords derived from the
attributes U, we filter and download the publications whose titles contain at least one of these keywords.

The second technique leverages the Google Scholar search engine, which aggregates data from scientific publishers’ directories,
academic databases, and university websites. It ranks documents based on several parameters, such as the full text, where they were
published, who wrote them, how often and how recently they have been cited in other scholarly literature [23]. The workflow for
this technique is illustrated in Fig. 2b as follows: (1) First, a query is made on Google Scholar using the keywords composed of
elements derived from the attributes U,,. (2) Second, the result of the query, which is a list of article titles, is retrieved. (3) Third,
these titles allow us to find the DOIs of the publications via Cross-ref, facilitating their download.

Unlike the previous technique, this one retrieves documents that are relevant not only based on their titles but also on their
content. However, given the wide variety of sources, the resulting documents are likely to exhibit more diverse content. At the end
we merge the results of the two techniques.

3.3. Consolidating tables in the selected PDF documents

In scientific publications, it is common practice to record large amounts of results in tables for practical reasons. This observation
leads us to focus on the tables found in these publications. Fig. 3 presents an example of such a table in materials science.

3.3.1. Tables extraction from a PDF file

Image analysis is one of the most commonly used methods for extracting tables from documents, particularly when tables have
heterogeneous formats. For instance, some tables include borders, while others do not, and there are significant differences in layout,
such as varying levels of hierarchical attributes. Furthermore, each author tends to apply their own unique formatting style, which
adds to the complexity of the extraction process.

To address this issue, we have developed a table extraction approach based on [12,13,25], summarized in Algorithm 1, and
described in the following five stages. (1) To standardize the analysis, each page of a PDF file is first converted into an image 1. (2)
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Table 2. Storage modulus, glass transition temperature (T) and flexural properties of epoxy
glass-fiber composites.

Storage Storage Flexural Flexural Strain at
Sample Modulus at Modulus at 200 Tg (°C) Modulus at Strength at Break (%)
40 °C (GPa) °C (GPa) 25°C(GPa) 25°C (MPa)
RT + 70 + 140 13.8+0.1 3.8+03 165 206+ 1.4 354 +17.7 19+0.1
70 + 140 134+ 0.1 37+02 164 20.1 £ 0.6 3504 +35.1 2+02
140 1254+ 0.3 3.6+04 165 202+1.2 343.1 +£41.0 21402

Fig. 3. Example of a table in a materials science (Polymers) publication [24].

Building on this, the LayoutParser [12] model is employed to detect and extract tables within these images. This open-source library
can be applied without additional training on scientific publication pages, as the model is pre-trained on five datasets, including over
one million scientific articles from the PubLayNet dataset [26]. Once applied, the model outputs the coordinates of the borders, and
each table is extracted as a sub-image .S. To assess its performance in our context, we evaluated the model on 20 PDFs containing
51 tables, of which 47 were correctly identified, yielding an accuracy of 92.2%. (3) Following table extraction, a corresponding bag
of words for each table image S is obtained using Pytesseract [25] Optical Character Recognition (OCR). (4) Given that scientific
publications may contain multiple tables, a preliminary keyword-based classification is then applied to retain only the tables whose
bag of words contains at least one term referring to one of the attributes ¥,,. (5) The process concludes with the conversion of the
relevant table images into CSV format using AWSTextract [13], which exhibits a low median error rate of 17.3% [27] on a historical
dataset of 180,000 pages from Old Bailey [28].

Algorithm 1 Table Extraction from PDFs with Keyword Filtering

1: Input:

2: A PDF file P with n pages

3: list_key = U, plus additional terms from the domain expert
4: Output: A set of CSV files {C,,C,,....C,}

s: for pe P do

6: 1 = convert_to_image(p)

7: Bounding_box = Layout Parser(I)

8: for b € Bounding_box do

9: Extract the sub-image S corresponding to b
10: bag_of _words = pytesseract(S)
11: for I € list key do
12: if | € bag_of_words then
13: C = AW STextract(S)
14: Save the CSV file C
15: end if
16: end for
17:  end for
18: end for

3.3.2. Table cleaning

Headers in CSV files can be irregular and multilevel, posing several challenges such as column name identification, different units
for the same information (for example, temperature may be recorded in Kelvin K or Celsius °C), and the presence of domain-specific
metadata.

Part of the techniques to be used are domain-specific and may require assistance of a domain expert, such as providing a set
of relevant synonyms for the attributes. In the sequel, we briefly introduce five functions used in Algorithm 2, which contains the
main steps needed to handle the variety of headers that may occur in CSV files.

The first function, “Keyword_analysis”, performs keyword detection at several scales in our pipeline, considering a detection
valid when the semantic similarity using SpaCy [29] or the character-based proximity with Levenshtein [30] between a keyword
and the target text exceeds a 90% threshold. This function is used in the functions “findHeader”, ‘“decompose ColumnName”,
“attributes schema matching”, and “Standardize DataValues” to search for keywords, disambiguate word variations, correct OCR
errors, and capture synonyms.

The second function, “findHeader” (Algo 2, line 6), is a rule-based method designed to reconstruct irregular and multi-level
headers into a standardized table header consisting of a single, unique row. This function intervenes in two cases: (1) when the
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Algorithm 2 Sketch of the normalization process

1: Input:

2: Alist Cy, of CSV files

3: A set of attributes U, and corresponding reference units V,,,,;,
4: Output: A list C,,_n of normalized CSV files

s: for each file in C,, do

6: file = find Header(file)

7 for each column name col_name in file do

8: Ay, uy,my = decompose_ColumnN ame(col_name)

9 A,u = attributes_schema_matching(col_name, A;, Uy, U,ir)
10: file = file.rename(columns = {col_name : A})
11: file,outliers = Standardize_DataV alues(file, A,u,uy, my)
12:  end for
13: end for

header contains hierarchical and/or merged attributes (Fig. 6b), which often causes issues during OCR reconstruction, as some
column names may get split across different columns, leading to errors; and (2) when headers are transposed vertically or include
both vertical and horizontal headers, which is detected and corrected to create a standardized format with only one single horizontal
header. This rule-based approach is designed to recognize multiple patterns that appear in tables. For example, to identify the header,
we identify all the rows and columns that have the highest ratio of alphabetic/numeric strings. Combining this information with
the presence or absence of measurement units allows us to find the header.

The third function, ‘“decompose_ColumnName” (Algo 2, line 8) addresses the issue that, once the headers of the obtained CSV
files are identified and reorganized, different column names with various units may refer to the same attribute. We propose, for a
CSV file C, to model each column name “col_name” as a triplet (A,,u,, m;), representing, respectively, the detected attribute, unit,
and metadata. Moreover for a given A,, we assume that there exists a corresponding matching reference attribute (4 € V,,) and
an associated unit (u € U,,,;,).

Example 7. Let us suppose there are the following two column names in the extracted CSV files: “flow rate at (m® s~!)” and
“stream x10° (L s~!)”. Their associated triplet would respectively be: (flow rate, m? s~!, 1) and (stream, L s~!, 10°). In this case,

their corresponding reference attribute and unit are: A = flow and u = m® s~!, and the metadata is a multiplicative factor.

The identification of these elements is crucial for schema matching [31] and for subsequently converting the column values to
their reference units. The designed function “decompose_ColumnN ame” identifies the elements of the triplet (A,,u,, m,;) by using
rule-based methods and a set of expected values. For A;, we use keyword-based detection to find, in the column names, the
group of 1, 2, or 3 words that best matches the attributes in V,,. We detect the unit u, and the metadata m, by analyzing
regular expressions. Moreover, the metadata depends on the case study; in materials science applications, it usually corresponds
to experimental conditions mentioned in the column name, which can be detected using keywords, as illustrated by: “Modulus at
12°C” or “Q x10° (L.s~1)”. We also use ChemDataExtractor [32] to extract the meaning of specific symbols and abbreviations used
in the column name and present in the PDF text (e.g., “Q” is the abbreviation for flow).

The fourth function, “attributes_schema_matching” (Algo 2, line 9), has been designed using two approaches. The first one,
a Rule-based approach, consists of replacing the column name “co/_name” in the CSV file with the corresponding reference attribute
A € U,,. The result of this attribute normalization is saved in a file, which is manually corrected by the expert to fine-tune the
results.

Example 8. In the toy example, “flow rate”, and “stream” will be replaced by “flow” in their tables, as they are synonyms.

The second one, a Machine Learning-based approach, consists of using the verified data obtained from the rule-based approach
to create a Recurrent Neural Network (RNN) model that normalizes column names. This model takes as input the list of column
names from each table and outputs the corresponding normalized attributes. However, due to the limited amount of representative
training data, the model initially have lower accuracy than the rule-based approach. For this reason, we propose to combine both
approaches using the rule-based approach with an expert in the loop until sufficient data is acquired to enable reliable machine
learning generalization. The RNN encoding is performed as follows: the attributes are encoded as vectors of 50 dimensions, where
each dimension can take a value between 0 and 165. The vector length is determined by the fact that the longest attribute contains
50 characters, meaning 50 positions. The 166 possible values correspond to all the distinct characters used to write the attributes
(the alphabet, numbers, exponents, space, punctuation, etc.).

The fifth function, “Standardize_DataValues” (Algo 2, line 11), addresses the normalization of data values. For each column,
we first detect the data in the cells, which can be noisy due to extra information such as notes in indices or exponents, uncertainties,
or descriptive annotations (see example in Fig. 6). We then convert these values to the reference unit « using the detected unit u,
and its multiplication factor m,. Furthermore, to incorporate human oversight, we flag outlier data using a quantile-based outlier
detection [33].
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Algorithm 2 presents an overview of our data normalization process. Based on the five functions defined above, each CSV
file first undergoes header reconstruction using the “findHeader” function, which standardizes irregular or multi-level headers to
accurately identify column names. Each column name is then decomposed into its detected attribute, unit, and metadata using
the “decompose_ColumnName” function. This triplet of information is subsequently used for schema matching with the reference
attributes and their corresponding units through the “attributes_schema_matching” function. Once the column names have been
aligned with the reference attributes across the different CSV files, the “Standardize_DataValues” function is applied to normalize
the data values by adjusting their scales, including unit conversions. Finally, an outlier analysis is performed to detect potentially
erroneous or suspicious values, for instance, cases where notations such as “10[3]” might be misread as “10131”. This overall method
has significantly improved the normalization process, and we further discuss its performance in Section 4.3.2.

3.3.3. Building a unique consolidated table from the discovered tables

The overall approach to create a unique consolidated table is presented in Algorithm 3. The integration process consists of
successively merging the normalized CSV files into a single consolidated table D, defined over the reference schema U,,. For each
normalized CSV file C with its set of attributes C,,,, we identify the subset C/ = C,, NV, that corresponds to the attributes shared
with the reference schema. The corresponding tuples C,,,., restricted to these common attributes, are then extracted and appended
to D,.

It is important to clarify that this step depends on the specific case study, as additional rules based on metadata and domain
knowledge have to be defined. We provide specific details in the application to Epoxy-Amine networks in Section 4.3.

Algorithm 3 Integration : creation of a unique consolidated table

Input:
set U, of Attributes.
A list C,, of normalized CSV files.
Output: A unique table Ds.
Create Ds over Up,.
Ds=4.
for each table C € C,, do
C, = set of attributes of C
C:m =C,, NV,  # set of attributes common to C,,, and VU,,.
C,, = tuples from C restricted to C:m # corresponding data.
if C,,,, # 0 then
DS = DS U CCOI"
end if
end for

# merging Ds with the corresponding data.

3.4. Counterexamples detection and comparative analysis

We have obtained so far a unique consolidated table D,. Now we are ready to exhibit counterexample of the function previously
identified. The analysis of these counterexamples is carried out through a comparative process, which may reveal errors in the
publications, such as typographical, methodological, or calculation errors. Alternatively, the process may lead to an update of the
initial function f to better capture domain knowledge.

Example 9. Continuing our running example with f,, : flow, head — power, let us consider the unique consolidated table D given
in Table 2. We suppose that each attribute has a predicate defined in Eq. (2) with a threshold ¢ = 0.1. The following conclusions
can be made:

Clearly, the pair of tuples highlighted in Table 2 with index: (3, 513), contradicts f,, .

There exists at least one erroneous tuple in the conflicting pair. Thus, removing either 3 or 513 from D is sufficient for £, to
be satisfied.

Assuming that only one value needs to be eliminated to satisfy 5o & the value of g; is then si_s i.e 0.2% (see Eq. (3)). The data
scientist may conclude that the domain knowledge remains valid as gg’(D, X —> A)~0.

A comparative analysis between the scientific documents, identified by their Ref: 423374_20_3 and 436737_13_0, is necessary to
understand why they contradict each other. Many reasons may be given, such as: one tuple is erroneous; there is a measurement
error; or it is a typographical error.

The threshold ¢ can be adjusted by the domain expert. As an illustration, in this toy example, the expert can explain the
counterexample as being due to temporary perturbations in the turbine caused by obstacles and decide to raise the threshold.
In this case, if € = 0.2, then one additional conflicting tuple pair, (2, 3), appears.

If too many counterexamples appear and new domain knowledge insights arise, f,, can be updated or the threshold redefined.

This illustrative example demonstrates how CCASL verifies the truthfulness of an arbitrary function f, while proposing
counterexample documents for comparative analysis.
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Table 2

Example of a unique consolidated table D for f, &
Index Flow Head Power Ref
1 2.5 10.1 22.8 234653132
2 2.8 10.4 23.2 236737_43.0
3 2.6 10.4 24.0 423374.20_3
511 3.0 10.2 23.3 234082120
512 2.6 9.1 23.1 13511411 2
513 2.5 10.3 22.9 436737130

AT, AT YY

(a) Example of base resins
NH,

Q=wn=0
_.I
z:
O=w=0
4
-
>=Z

HN
33DDs 44DDS DICY

(b) Example of curing agents

Fig. 4. Example of epoxy and amine prepolymers.

4. Application to epoxy-amine networks

The CCASL method has been applied within the framework of an ongoing project called AMETHYST [34], at the crossroads of
computer science and materials science. In the following, we focus on Epoxy-Amine networks (EA), which are crucial materials
used in structural composites for aeronautics, automobiles, and wind turbines. They are synthesized through the polymerization of
epoxy prepolymer (Fig. 4.a) with a hardener (Fig. 4.b), which can be an anhydride or, more commonly, an amine.

4.1. EA domain knowledge modeling with arbitrary functions

From discussions with domain experts, we highlight a new arbitrary function related to the structural composition of epoxy-amine
(EA) networks, their glass transition temperature (Tg), and their storage modulus (S'M). Let Vi, denote the structural composition of
the EA network. This relationship suggests the existence of a function expressed as T, = f,(Vg,, SM), linking the network structure
to its thermal and mechanical properties. Below, we outline the main concept to precisely define this function.

EA sample nomenclature. We have designed an EA sample nomenclature, denoted as Vj,, detailing the sample composition. This
vector highlights each component C; and its weight p; within the sample. For an EA with n components V, is expressed as follows:

Vea = [Ci(py), Ca(pa), --.Cy(pp)] (©)]

Example 10. For example, an Epoxy-Amine network (EA;) could be represented as:
VEA] =[DGEBA(72,3%), 33DDS(25,7%), Clay(2%)]

Where, DGE BA refers to Bisphenol A diglycidyl ether and 33DDS to 3,3’ diaminodiphenylsulfone. Both are the main EA matrix
components [35], and Clay is the nanocomposite with a weight percentage of 2%. The weight (p;) can be expressed as a percentage
or as the exact value of the weight of the component.

Glass transition temperature (tg). The T, is the temperature at which an amorphous polymer transitions from a hard glassy state
to a soft rubbery state, or vice versa.

Storage modulus (SM). The SM is a mechanical property obtained through the Dynamic Mechanical Analysis (DMA) characteri-
zation method [36]. An example is shown in Fig. 5, where SM is represented as a function of the temperature () [37].
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Fig. 5. Storage Modulus E’ of Sample : DM, PEI, DM5PEI, DM10PEI and DM20PEI [37].

Table 3

Number of PDFs downloads.
Technique-1 Technique-2 Total
3400 682 4055
Common to both 27

Table 4

Confusion matrix.

Relevant Irrelevant

Relevant TP =20 FP=17
Irrelevant FN =2 TN =170

Modeling domain knowledge with a function. As a first attempt, we may sketch a function from Vi, SM to T,. However, from
domain knowledge, it appears that the storage modulus could be decomposed into two parts: before and after the glass transition
temperature. We denote by SM,, and SM,, the storage modulus before and after T,, respectively. The set of relevant attributes
is {Vga» SMy, SM,,,T,}. Their domains are text for Vi, and R for the others. Through one month of intensive collaboration, we
formulated this domain knowledge into a function, expressed as the following relaxed functional dependency:

fea i VeasSMy; . SMyp = T, (5)

4.2. Web-scraping for EA PDF documents acquisition

We have applied the two complementary techniques presented in Section 3.2. Firstly, in technique-a (Fig. 2), we targeted 11
polymer journals containing a total of 158 531 DOIs. We filtered them using the keywords: “epoxy, resin, amine, storage modulus,
and 7,”. As a result, we downloaded a total of 3 400 PDF documents of relevant scientific articles. Secondly, in technique-b (Fig.
2), we used the link generated from the search query “Epoxy amine, T,, Storage modulus” on Google Scholar. Since Google Scholar
restricts access to no more than 1000 results per query, we were able to obtain 682 PDFs, covering 68.2% of the expected total.
The results obtained by both techniques are then merged, giving a total of 4055 PDF, a summary is given in Table 3.

4.3. Building a unique consolidated table from EA tables occurring in the selected EA papers

4.3.1. EA tables extraction from PDF files

We have applied Algorithm 1, to detect, extract, and filter the relevant tables present in the 4055 documents. Based on domain
knowledge, we defined the following keywords used in the algorithm: “Sample, T,, Storage, Modulus, Tensile, E’, G’, Rubbery,
Glassy, MPa, GPa, °C, °K”. The performance of this method was verify on a manually classified subset of 209 table images. Its
accuracy, calculated as TIT)(;;N , and its recall, calculated as %, are both 90.90%. The associated confusion matrix is provided
below in Table 4.

From the 4055 PDFs analyzed, a total of 5000 table images were identified. Among these, the classification process retained
1400 tables, representing 28% of the total. We then processed these images with AWSTextract [13] to obtain their CSV versions.

10
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(@) " , s (b) Storage modulus (GPa)
Composmfm Tg(C) E’gasey E’rubbery Structures ;l’g
Epoxy-Amine (Pa) (Pa) ©C) 20°C Tg+50°C
DGEBA-33DDS 117 1.3.108 1.70.107 DGEBF/DICY 274 19 0.01
DGEBA-DETA 100 1.6.10° 1.28.107 TGMA/33DDS 276 221 0.02
(c.1) Samles Storage modulus Storage modulus (c:2) Samples Tg G’
P (300°C)(MPa) (30°C)(MPa) P ©C) (GPa)
DBDBBB/33DDS 40+ 4 2740+40 DBDBBB/33DDS 274 3.72
DBDBBB/44DDS 41+£3.3 2945+30 DBDBBB/44DDS 276 341

Fig. 6. Example of relevant table structures extracted from PDF documents.

4.3.2. EA tables cleaning

The CSV files are subsequently processed using Algorithm 2 to generate clean tables with normalized headers. The total number
of distinct attributes across all tables before normalization was 2090, and after normalization, it was reduced to 1646, representing
a 21.2% reduction. To achieve this result, we had to customize the algorithm to fit the EA specifications by defining the reference

attribute U7/, and its corresponding reference units V" . as follows:

U, = WVes, SM@), T,}

att

'l/-/

“nit = 19, M Pa, °C}

In this representation, SM(t) is the SM at the temperature (t). Furthermore, we distinguish three specific table layouts that
influenced our normalization process, namely: The first layout concerns tables where the temperature (t) of the SM are indicated,
as shown in Fig. 6b. These attributes are decomposed according to Algorithm 2 into (A, u,, m,), such as: (Storage modulus (20 °C),
GPa, 1) and (Storage modulus (Tg+50 °C), GPa, 1). Based on this information, all values are converted to MPa. The second layout
concerns tables where only extreme values (smallest and biggest) are indicated, as shown in Fig. 6a. In this case, the SM data
recorded in the table are only those before and after T,, identifiable by the keywords (glassy and rubbery), the columns names are
therefore replaced by SM,, and SM,, respectively. The third layout concerns equivalences of quantities. For instance G’ in Fig.
6¢.2 is related to SM, sometimes noted as E’, through the Poisson ratio v, as follows:

E' =2(1+v)G (6)

4.3.3. Building a unique consolidated table

To create a unique consolidated table with Algorithm 3, we define the following reference attributes of fr,, U,
{VEa,» SMy;, SM,;, T,}. However, we need to customize the algorithm to account for domain knowledge at two levels: Firstly, we
use a partial integration approach, as tables from the same document can mutually enrich each other. Therefore, they are merged

before the final integration process.

Example 11. Let us consider the two tables in Fig. 6 (c.1 & c.2) taken from the same document. Their column name “Sample” can
serve as a key to group information, such as the “T,” from c.2 and the corresponding “SM” from c.1.

Secondly, we compare the SM temperatures (t) with the T, to determine whether it is SM,  or SM,,. In cases of multiple
values, the most extreme values are considered. The integration results in the creation of a unique consolidated table Dy, with
510 tuples over U,,,. However, it is a very ambitious and difficult task to gather data from the EA domain due to the lack of
standardization in this field, thus the result has some inconveniences. We count 26,7% of missing cells, accounting for 545 out of
2040 values. These missing values arise from two main factors: (1) not all publications address all the relevant attributes, some may
include only one or two, and (2) in some cases, certain values are not found in tables but occasionally in graphs. After manually
completing the data using additional information from the documents, we select only the best tuples that contain all the required
attributes U, resulting in a final usable subset of Dy, of 198 tuples over 4 attributes. The dataset is provided in Data and code
availability.

4.4. EA counterexample detection and comparative analysis

We have obtained so far the table D, illustrated in Table 5. Let us assume that for each attribute A; of f, whose domain is R,
a predicate can be defined as in Eq. (2). In this formulation, the tolerance e is expressed as ¢ = a - avg(4;), where avg(4;) represents
the average value of the data in the column corresponding to A;, and « € [0, 1] defines the proportion of this average used to set

the tolerance threshold.

11
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Table 5

Relation Dy, for fp,.
Index Via SM,, SM,, Tg Ref
17 [Neat] 2075.32 35 85 [38]
90 [Neat] 2105 27.2 174.9 [39]
28 [DGEBA,DDM] 1620.7 7.6 143 [40]
93 [DGEBA,DDM] 1930 14 -16 [41]

30 [DGEBA,DDM] 2630 43 173 [42]

By setting « = 10%, we have the following thresholds: ¢,, = 330MPa, ¢,, = 8 MPa, and er, = 12°C. We obtain the pairs of
counterexample tuples, indicated by their index in Table 5: (28, 93) and (17, 90). Assuming that only one tuple from each
pair of counterexample tuples has to be eliminated to satisfy fp, over Dp,4, the g; value is %, i.e., 1%, which is significantly
low and reassuring, the domain knowledge is indeed valid. However, let us analyze the counterexamples one by one to conduct a
comparative analysis of the related scientific paper:

Pair (28, 93): We explain the discrepancies between these tuples by the fact that the T, of the sample in the publication
(93) [41] is measured in an unreacted state, in contrast to the sample in the publication (28) [40], which is a reacted sample.
We decide to keep the reacted sample and exclude the other tuple. Furthermore, this counterexample leads us to manually optimize
our initial relaxed FD as follows:

FEa * VEA SMyp, SM,p — Tgp (@)

Where Tgy is the T, of the reacted EA samples.

Pair (17, 90): We explain the discrepancies between these tuples by the fact that the values of their attribute Vj, are
ambiguously stated in their table, where both are V, = [Neat]. In reality, we find that the exact values in their PDF text are,
respectively:

Vi7 = [Bio — based Polymer, Super Sap 100/1000] [38]

Voo = [DGEBA(73%), 33DDS(27%)] [39]

Furthermore, we observe a discrepancy in the publication (90) [39], where the T, is obtained using the DMA technique, which
may introduce a methodological limitation. Thus, we remove the tuple (90) [39] from D, and update the value Vj, of the tuple
(17) [38].

We can detect other counterexamples by varying a«. However, based on our domain knowledge, we assume that 10% of the
average value is a good threshold to capture relevant discrepancies in the data. Moreover, an effective strategy to find more
counterexamples is to raise the threshold on the RFD’s left-hand side attributes and lower or keep the threshold for attributes
on the right-hand side. For example, for: ¢,, = 700MPa, ¢, 7 = 29MPa, and erg = 12°C, the tuple pair (93, 30) becomes a
counterexample. However, based on domain knowledge, the selected thresholds are too high to indicate a meaningful contradiction
between experiments.

We have thus proven that our relaxed FD is very consistent with our data, as the g; value is very low (g3 ~ 0). Moreover, the
comparative analyses conducted on the counterexamples have highlighted, on the one hand, a precision on the characterized sample
and, on the other hand, potential ambiguities that may arise in the papers tables.

5. Related work

This work draws on several research domains, including functional dependencies, meta-analysis, information extraction, and
schema matching. The following review highlights the most relevant contributions in each area, emphasizing their connections and
differences with the proposed CCASL framework.

The use of Relaxed FDs to model domain knowledge has been explored in prior work, notably for handling noisy data and
identifying counterexamples. For instance, [21] formalizes counterexample analysis using the g;-error metric, and provides open-
source implementations in the FASTG3 library [22]. However, most existing works focus on discovering FDs and variants such
as RFDs, top-k FDs from data [43-46], while approaches like CCASL reverses the perspective by starting from a meaningful RFD
derived from expert knowledge, then confronting it with extracted data to identify contradictions.

Analyzing and detecting these contradictions can be framed as a meta-analysis, which is a statistical approach for combining
quantitative data from multiple independent studies that address a common research question, thereby enhancing statistical power
and reliability [2]. The CCASL method follows a similar rationale, aggregating and comparing findings across studies, but does so
at a larger scale and in an almost automated manner. Traditional meta-analyses are often domain-specific and manually curated.
For instance, studies have aggregated medical findings such as diagnostic test accuracy for COVID-19 [47] (16 publications) or
the impact of Zn-doped synthetic polymers on bone regeneration [48] (10 publications). In contrast, our application to polymer
science leverages 4055 publications, far beyond the scope of traditional manual efforts. Other studies perform large-scale text-based
meta-analyses (e.g., ChatGPT’s early impact [49]), yet none exploit structured tabular data, which is at the core of CCASL.

12
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Table 6

Overview of representative works and their relationship to CCASL.
Reference Domain Data type Main insights/Comparison to CCASL
[6,21,22] RFDs analysis Relational data Models uncertainty and detects

inconsistencies./CCASL applies RFDs to
extracted scientific data.

[2,47-49] Meta-analysis Text/numeric Combines results across studies; manual,
domain-specific./CCASL automates large-scale
meta-analysis using tabular data.

[9,50-52] Text-based IE (NLP, LLM) Unstructured text Extracts entities and relations from text./CCASL
uses NLP, as LLMs require large datasets.

[3,26,56] Table-based IE (AI) Structured tables Captures numeric knowledge but requires a
large amount of labeled data./CCASL combines
Al and rules to handle noisy tables.

[31,53-55] Schema matching (LLM, hybrid) Relational schemas Aligns heterogeneous datasets but needs large
training corpora./CCASL uses rule-based
matching for low-resource domains.

In the absence of structured data, extracting relevant information directly from documents becomes essential. Information
extraction (IE) aims to transform unstructured or semi-structured text into structured data [14]. Existing IE methods mainly rely
on three approaches: (i) NLP-based extraction [9,50,51], (ii) table-based analysis [3], and (iii) LLM-based extraction [52]. CCASL
combines (i) and (ii) to jointly leverage textual and tabular data. While LLMs show promise, their effectiveness depends on large
annotated corpora, resources currently unavailable in our experimental domain, hence our reliance on a hybrid AI and rule-based
strategy.

An essential step for integrating the extracted information is schema matching [31], which aligns semantically related attributes
across heterogeneous schemas. Recent studies have leveraged LLMs to improve this task in specialized domains. For example, [53]
experiments with different prompting strategies for schema matching in healthcare, while [54] introduces Matchmaker, a com-
positional LLM-based program. Similarly, [55] proposes Magneto, combining small and large models for cost-efficient matching.
Although effective, these approaches require large supervised datasets for fine-tuning. In contrast, CCASL uses a rule-based and
human-in-the-loop strategy tailored to the polymer (epoxy-amine) domain, ensuring robustness despite limited training data.

In summary, while existing works provide essential building blocks, meta-analysis for cross-study synthesis, information
extraction for data extraction, RFDs for modeling uncertainty, and schema matching for structural alignment, none integrate these
elements into a unified pipeline for large-scale bibliographic confrontation. As summarized in Table 6, each family of methods
addresses a specific aspect of the problem but remains limited when considered in isolation. The proposed CCASL framework
bridges this gap by combining these concepts into a quasi automated approach capable of detecting contradictions across scientific
publications.

6. Discussion

The CCASL method was conceived through close collaboration between epoxy-amine chemists and computer scientists. One of
the main characteristics of this chemical research field is the scarcity of structured and openly available digital data. Experimental
results are typically obtained through “bench-top” processes, with limited attention to systematic digital recording. Nevertheless,
numerous research articles exist, often containing valuable tabular summaries within their bodies. These tables represent a rich yet
unexploited source of structured information.

To address this, we leveraged recent advances in table detection and analysis from the NLP domain to automatically extract and
consolidate tabular data from scientific publications. A major challenge in this process was the alignment of heterogeneous attribute
names across different tables, sometimes even within the same paper, due to the lack of standardized notations and abbreviations
in the chemical literature. Despite these difficulties, the proposed pipeline successfully produced a unified table in the epoxy-amine
domain, consolidating 510 tuples from 4055 PDFs, as detailed in Section 4.

The formulation of RFD allows the identification of counterexamples, i.e., tuples that violate expected relationships between
attributes. To the best of our knowledge, this is the first time that such a relational approach has been applied to scientific literature
to uncover contradictions between independent studies. Our experiments revealed two main categories of counterexamples. The
first one (i) corresponds to typographical inconsistencies, often resulting from notational variations, minor transcription errors,
or ambiguous terminology. These cases can typically be resolved by correcting or harmonizing the extracted data. The second
one (ii) is a more insightful category since it comprises methodological inconsistencies, where conflicting results emerge from
different experimental protocols or analytical methods across publications. Such findings require domain experts to interpret the
discrepancies, which can ultimately lead to refinement or revision of existing domain knowledge. For example, we found that the
RFD we studied for epoxy—amine systems was valid only for Tg measured on already-reacted mixtures. This clarification allowed
us to further refine the established RFD. In this sense, CCASL acts as an Al-based assistant for scientific validation and knowledge
evolution.
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The strength of CCASL lies in its integrative nature: it unifies four traditionally distinct research directions, meta-analysis,
information extraction, schema matching, and counterexample analysis, into a coherent framework for large-scale bibliographic
confrontation. As summarized in Table 6, while prior works focus on isolated aspects (e.g., manual meta-analysis, data aggregation
or structural matching), CCASL bridges these elements into a single, knowledge-driven process capable of detecting contradictions
directly from the literature.

Limitations. The current pipeline requires domain expert involvement at multiple stages: formulating appropriate RFDs, verifying
the data normalization process, and interpreting the detected counterexamples. Although such involvement ensures accuracy and
domain relevance, it restricts full automation. As a result, for a given application, the relevance of the approach depends on both
the quality of the data and the expertise of the domain expert.

Perspectives. Beyond the polymer domain, the proposed approach is generalizable to other scientific fields where domain
knowledge can be expressed as a function, and where relevant tabular data can be retrieved from documents. For instance, CCASL
could be applied in medicine to identify conflicting patient records based on associated RFDs. Future work could explore the
integration of multimodal data (e.g., images, graphs) to extend CCASL’s applicability, as well as the development of semi-automated
RFD suggestion mechanisms to reduce the burden on domain experts.

7. Conclusion

This work introduced CCASL, a novel methodology designed to detect and analyze contradictions across scientific publications
by leveraging structured information contained in tables. Developed through close collaboration between epoxy—amine chemists and
computer scientists, CCASL bridges the gap between domain expertise and automated document analysis. The approach relies on
four main stages: (1) modeling domain knowledge with RFDs, (2) acquiring the related publications, (3) extracting and consolidating
tabular data from those publications, and (4) detecting counterexamples that violate the modeled relationships and enabling
comparative analysis of the corresponding publications.

Applied to the epoxy—-amine domain, CCASL demonstrated its ability to process a large corpus of polymer literature. Based on
an intuitive function modeled as an RFD, more than 4000 PDFs were downloaded, selected from over 158,531 DOIs obtained
from scientific journals. From these PDFs, approximately 5000 tables were detected, of which around 1400 were classified as
relevant, i.e., containing the attributes of interest. This process led to a consolidated dataset of 510 tuples with normalized
attributes. Despite the inherent heterogeneity and incompleteness of the extracted data, CCASL successfully identified pairs of
counterexamples highlighting inconsistencies between studies. These findings, validated by domain experts, revealed two main
categories of inconsistencies, typographical and methodological, confirming the method’s capacity to contribute to scientific
validation and knowledge refinement. Although ambitious and challenging, the approach addresses the difficulties of data acquisition
and normalization from heterogeneous sources, emphasizing the importance of close collaboration with domain experts during table
extraction, cleaning, and schema matching.

Future work will focus on extending CCASL in several directions. We aim to enhance the robustness of table extraction and
schema alignment through multi-modal learning and large language models. In addition, we plan to generalize the approach to
other scientific fields such as medicine or materials informatics, where tabular data and functional dependencies are prevalent.
Finally, we intend to explore the automated discovery of RFDs to reduce dependence on manual expert input and to transform
CCASL into an intelligent assistant capable of uncovering new scientific hypotheses. In summary, CCASL demonstrates how domain
knowledge, when formalized as a function and combined with large-scale document analysis, can reveal both data inconsistencies
and new research insights, marking a promising step toward Al-assisted scientific validation.
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