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Abstract 

Algorithms are essential to the modern transformation of biomedicine, enabling the analysis of large 
and complex biological datasets through computational models, machine learning, and network 
analysis. These indirect methods allow for quick hypothesis generation, discovering potential 
interactions, and gaining insights into biological systems that would be difficult to achieve with 
experimental methods alone. However, relying only on computational predictions can lead to 
misinterpretation and false positives. Therefore, we must combine algorithms with rigorous 
experimental validation to ensure scientific accuracy and reliability. Improvements in algorithm 
efficiency, data integration, and validation strategies continually strengthen their robustness, making 
them vital tools in systems biology. Combining algorithms with experimentation creates a dynamic 
cycle of hypothesis testing and refinement, leading to deeper insights into biological functions and 
advancements in diagnostics and therapeutics. We illustrate, in the text, what happens when 
preventive checks on data reliability are missing. Using STRING and similar resources, we show how 
to apply Popper's Falsification Principle to interactomics, for falsification, not mere exploration. 

Keywords: algorithms; interactomics; experimental methods; big data; computational models; omics 
data; drug repurposing; text mining; STRING; principle of falsification in science      
 

1. The Acquisition of Current Scientific Knowledge in Biomedicine  

In the rapidly growing field of biomedicine, computational algorithms and high-throughput 
data analysis have become essential tools for generating hypotheses and understanding system-level 
processes [1]. However, rigorous experimental validation should complement these powerful 
methods, not replace them [2]. The strength of computational approaches lies in their ability to 
analyze large datasets, identify potential interactions, and suggest new directions for research [3]. Yet, 
without experimental confirmation, such findings remain speculative and vulnerable to false 
positives, oversights, or misinterpretations. 

Recognizing current limitations in data quality, database curation, and interpretive frameworks 
is crucial. Advances are continuously enhancing the reliability and predictive accuracy of 
computational models. Combining these tools with careful laboratory validation grounds our 
hypotheses in biological reality, reducing the risk of mistaking correlation for causation or over-
interpreting indirect associations. The future of biomedicine relies on a collaborative cycle: using 
computational methods to narrow down hypotheses efficiently, then rigorously testing them 
experimentally to verify their biological relevance [4]. This balanced strategy maximizes the strengths 
of both approaches—quick hypothesis generation and solid validation—ultimately producing more 
trustworthy, detailed, and impactful scientific knowledge. 

Today's scientific understanding of biomedicine comes from both direct experimental methods 
and indirect algorithmic analyses [5]. Each approach has its strengths, limitations, and complexities 
in interpretation. To discuss algorithms effectively, we also need to consider the object being studied 
and the experimental data that support it. The more quantitative information available about the 
object, the more likely the algorithm will produce significant and reliable results. This is especially 
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relevant when working with Big Data, a key aspect of systems biology [6]. It is important for 
professionals in the field, whether they use experimental or computational methods, to understand 
the advantages and disadvantages of both, as they can sometimes overlap and cause confusion. 

Systems Biology is revolutionizing our understanding of biology [7]. Its experimental and 
computational methods shed light on the complex and causal layers of metabolism, where groups of 
molecules, especially proteins, work together. Until now, defining these molecular processes and 
their interactions has been challenging because they occur at a microscopic level that is difficult to 
study. Many researchers still adopt a reductionist approach, often producing causal explanations that 
are inaccurate or not supported by their data [8]. As a result, current literature lacks comprehensive 
in vivo data showing the chronological order and specific conditions under which these functional 
relationships occur. While in vitro studies offer valuable insights, they may not fully represent the 
complexities of protein behavior within a living system. For example, many interactions between 
proteins remain poorly understood, and further research using advanced methods is necessary to 
explain the "where," "how," and "when" of these interactions in a physiological context. To 
understand the functional roles of protein interactions, it is essential to define these parameters 
clearly, as current literature often does not adequately address them [9]. Recognizing this context is 
important because proteins can behave differently depending on their cellular environment and other 
molecules. 

Many studies provide valuable initial insights, but they often fail to fully capture the 
complexities of protein interactions within living organisms [10]. By acknowledging these 
complexities and the limitations of our current knowledge in biomedicine, we can present a more 
nuanced understanding of our findings. A "nuanced understanding" goes beyond surface-level 
knowledge, allowing us to recognize and appreciate the intricacies and subtleties of an issue. There 
is a significant need for more comprehensive research that combines advanced experimental and 
computational techniques. This approach would bridge the gap between our current understanding 
and the complexities of biological interactions. It is essential in scientific discourse to recognize the 
limitations of our knowledge [11]. This humility encourages further inquiry and exploration and 
motivates researchers to seek more nuanced answers, rather than oversimplifying complex 
interactions. 

2. The Principles Behind It  

Today, biology is a data-driven science [12]. Systems biology uses massive, complex data models 
that are impossible for humans to analyze. In this, computer science, with its algorithms and large 
storage capacity, assists us. This help, however, progressively detaches the researcher from genuine 
scientific inquiry, potentially leading to negligence of essential research methodologies. For centuries, 
science has served as the foundation of human knowledge and relies on the direct observation of 
natural phenomena [13]. Observation generates the "data," the numerical representation of what we 
observe [14]. Information technology has gradually transformed the words provided into 
information. 

Scientific literature is the most crucial source of human knowledge, generated by the scientific 
community through research. When researchers develop scientific projects, they select and collect 
sources of information that allow them to gather fragments of knowledge and rework them in 
planning hypotheses. However, this process is highly personal, carried out with a unique and specific 
criterion for each researcher, based on their scientific project and the argument they aim to pursue. 
When conducting research, the researcher focuses more on describing the topic than measuring it, 
aiming to develop a logical explanation for the "why" behind the results in that area of human 
knowledge [15]. In doing so, they place less emphasis on statistics and structured data, primarily 
using textual information to gain a deeper understanding of scientific motivations and behaviors 
driven by human emotions. This process involves evaluating opinions, viewpoints, and attributes, 
presenting significantly fewer concrete numbers in graphs or tables. 
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Researchers mainly perform this work today through text mining, or text data mining, which 
automatically extracts information from electronically published scientific publications. Text mining 
uses advanced deep learning algorithms to extract information. This process involves knowledge 
discovery in databases, information extraction, and data mining. Public archives contain large 
amounts of data related to biological systems, and even more data exists in semi-structured form in 
the literature [16]. Therefore, we believe that even experts manually populate databases in a curated 
manner. However, manual curation of literature and its inclusion in databases depend on the human 
characteristics of the editors [17]. Different editors may interpret the text of an article differently, 
mainly because they need to tailor it to the specific purposes of the curated database. The number of 
published articles, which is growing exponentially, makes it practically impossible to examine all of 
them completely and accurately [18]. Undoubtedly, the enormous number of scientific papers 
significantly affects researchers' ability to generate meaningful and testable hypotheses. It creates a 
bottleneck in scientific research processes. However, text mining quickly extracts scientific 
information, which helps develop new scientific hypotheses more easily [19]. Therefore, it is 
potentially an effective system for systematically reviewing a topic through direct and immediate 
observation. 

But one detail eludes us. There is a significant difference between scientific information and data 
[20]. We represent observations with data: concrete and quantitative information, verifiable by coded 
reference quantities, which consistently produce similar results. We use a direct experimental 
approach to solve problems, applying scientific principles for data collection. This is the scientific 
method [12]. It relies on observation and experimentation, measurement, generating results through 
generalization (induction), and confirming them through multiple tests. Information is the 
transmission or reception of a notion or news collected or communicated for practical or immediate 
use, considered valuable or essential for the humanity that receives it [21]. This method employs 
algorithmic techniques to analyze extensive data and information. This method is regarded as an 
indirect analysis approach. 

Scientists need to analyze scientific data, an objective, experimental, and repeatable 
representation of reality expressed through quantitative symbols. This data characterizes observable 
phenomena. Conversely, processing this data (the output) yields information that, through 
communication, creates knowledge about a specific subject. The formulation of a hypothesis, based 
on a scientific theory, occurs before experimental observation. The resulting experimental data serves 
as a verification process to confirm or refute the hypothesis. By using text mining, which relies on 
computer algorithms, we can extract scientific information, as algorithms evaluate the information as 
either true or false. To be considered scientifically valid, experimental data or some means of 
experimental interpretation must support information. This is where the concept of metadata 
becomes important [22]. Metadata, a term from computer science, refers to a set of information that 
describes the characteristics and accuracy of data. In databases, the reliability of this metadata often 
depends heavily on the work of curators [23]. For information to be statistically significant, it needs 
to be highly accurate [24]. Precision, in this context, refers to how consistent or close the results are 
when multiple pieces of information about the same object agree. 

Precision refers to the likelihood of randomly selected information being a true positive [25]. We 
calculate this metric by dividing the number of true positives by the sum of true positives and false 
positives. In simpler terms, we can understand precision as the probability of accurately identifying 
a positive outcome. To compute precision, we divide the number of true positives by the total number 
of items expected, which is the sum of true positives and false negatives. When evaluating 
information in the literature, we often find that its precision is low, showing a high level of 
speculation [26]. Speculation involves curators thoughtfully considering a theoretical area of 
investigation and study, guiding their selection of material (information) to include in databases. It 
is important to remember that curators work for the databases they curate. As a result, curators often 
skip information standardization and normalization processes. This lack of standardization limits 
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our ability to fully understand the extent of experimentally proven structure/function relationships 
(metadata) [27]. 

A systematic analysis of quantitative data (metadata) structured for statistical purposes can yield 
conclusive results and help us achieve our goals. This analysis allows for drawing conclusions and 
making informed decisions regarding a proposed course of action (i.e., the hypothesis we aim to 
prove). Methodologically, it is the most viable way to confirm or refute a predefined hypothesis. 
Researchers often rework and synthesize theories and concepts that others have already developed, 
using information sources to plan their hypotheses [28]. In this context, text mining and databases 
are among the most commonly used methods for documenting and planning scientific projects. 
However, they come with significant challenges. The ongoing risk is that we may contaminate the 
foundations of human knowledge with distorted or meaningless information. 

2. Direct Experimental Method 

Direct experimental methods for generating scientific knowledge rely on observable and 
repeatable laboratory techniques. These techniques include structural and biochemical assays, X-ray 
crystallography, cryo-electron microscopy (cryo-EM), mass spectrometry, and co-
immunoprecipitation. The primary goal of these methods is to clarify specific relationships between 
structure and function, molecular interactions, and mechanistic insights within controlled 
environments. By providing measurable and directly observable data, these methods have 
historically formed the foundation of scientific knowledge, offering the most concrete validation of 
hypotheses. For example, we can directly measure the strength of protein interactions and visualize 
their combined shapes. 

Scientists often use simplified systems for experiments, which may not fully represent the 
complexity of biological processes in living organisms. Proteins can interact differently depending 
on various cellular environments [30]. This variability makes it harder to characterize interactions 
clearly and highlights the need for more advanced and comprehensive study methods. Technical and 
financial limitations can restrict these methods, making system-level application difficult. Structural 
methods can be sensitive to ambiguous data, and phenomena such as epigenetic changes and post-
translational modifications (PTMs) are tough to observe directly in vitro [31]. For example, in 
studying viral-human interactions, high-resolution techniques like cryo-electron microscopy (cryo-
EM) can visualize viral protein binding; however, they might miss transient or context-dependent 
interactions that are crucial for understanding pathogenicity in vivo [32]. Misinterpreting or 
overextending findings from these models can lead to inaccurate conclusions when applied more 
broadly. The costs and long timelines needed to get these results further add to the challenges. 

3. Indirect Algorithmic Analysis  

Systems biology uses algorithmic methods to analyze large amounts of data from different omics 
fields, such as genomics, proteomics, transcriptomics, and interactomics, as well as biological 
interaction databases [33]. By applying machine learning, network analysis, and statistical modeling, 
these methods aim to find patterns, correlations, and possible causative links between biological 
entities without direct experimental validation [34]. Algorithmic approaches help researchers process 
big datasets, identify relationships within complex biological systems, and predict previously 
unknown interactions or functions [35]. This is especially helpful when analyzing thousands of genes, 
proteins, or pathways—information that would be difficult, if not impossible, to gather through 
direct experiments alone. These algorithmic predictions often depend on multiple data sources of 
varying quality, and inaccuracies, including assumptions from literature, can introduce systemic 
biases [36]. As a result, these analyses are indirect and often show observational correlations. Data 
biases or model-specific artifacts, which might be mistaken for real biological phenomena, can also 
influence these analyses. It's important to remember that correlation does not imply causation. For 
example, in interactome studies, a computational model might predict interactions between two 
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proteins based on their co-expression or literature-reported associations. Without validation through 
direct experiments, such predictions can be misleading, potentially representing temporary or non-
functional interactions. These predictions might overstate the importance of specific pathways or 
suggest incorrect biological functions. 

In scientific research, particularly in biology, "indirect" refers to insights and conclusions not 
derived from direct observation or experimentation on the biological system. Computational analysis 
of existing data yields these insights, enabling researchers to make inferences or predictions. 

Reliance on data and models: Algorithms process data such as gene sequences, protein structures, 
and gene expression levels that experiments, observations, or simulations. They then apply 
mathematical models, statistical methods, and computational logic to identify patterns, correlations, 
and make predictions [37]. 

Inference, not direct observation: The algorithm does not "see" a protein interacting with a DNA 
molecule in a test tube, nor does it directly measure a metabolic rate in a cell [38]. Instead, it might 
infer a protein-DNA interaction based on sequence homology, structural predictions, or co-
expression patterns across large datasets. 

Need for experimental validation: Since the analyses are indirect, their results are essentially 
hypotheses or predictions that require further direct experimental testing. For example, an algorithm 
may predict a new drug target. Still, scientists must then test this prediction in the lab through 
biochemical assays, cell cultures, or animal models to verify its practical effectiveness. 

Abstraction and representation: We represent the biological system abstractly in the computer 
using numerical values, graphs, networks, or other data structures. The algorithm operates on these 
representations, not the biological reality itself [39]. 

Complementary, not replacement: Indirect algorithmic approaches are potent for generating 
hypotheses, prioritizing experiments, and identifying potential areas of interest within massive 
datasets [40]. However, they complement, not replace, direct experimental work, which provides the 
ultimate ground truth. 

By using indirect algorithmic analysis, scientists can analyze and interpret large amounts of 
biological data, which helps guide their discoveries that are later confirmed through direct 
experimental investigations. Even though experiments are still the best way to verify how things 
work in biology, modern biology also uses computer models and new methods to study complex 
systems. These models can generate testable hypotheses that inform experimental design and help 
prioritize targets more confidently. Their effectiveness relies on transparent methodologies, high-
quality data inputs, and ongoing refinement through iterative feedback from experiments. 

4. The Role of the Experimental Method in the Era of Big Data  

Experimental validation remains essential as systems biology increasingly depends on high-
throughput data and algorithmic analysis. Algorithms can identify promising targets or pathways, 
but direct methods are necessary to verify the functional importance of these predictions [41]. We 
employ experimental techniques to assess the reliability of algorithmically inferred data. For 
example, co-immunoprecipitation or functional assays can confirm predicted interactions, helping to 
reduce false positives caused by computational assumptions. A balanced approach where 
computational predictions generate hypotheses that are then tested through direct experiments 
results in a stronger scientific foundation. For instance, computational predictions of protein-protein 
interactions in viral-host systems require thorough in vitro or in vivo validation to establish biological 
relevance in disease processes, such as those seen in COVID-19 pathology [42]. 

5. Dubious Interpretations in Literature: Examples of Failures Because of 
Overreliance on Computational Predictions 

Many scientific articles use indirect methods to establish complex biological relationships, 
sometimes leading to conclusions that seem robust but lack experimental support. Key examples 
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include, A) Protein-Protein Interaction Networks (PPINs), where large databases like BioGRID and 
STRING aggregate data from diverse studies, often mixing high-confidence experimental 
interactions with inferred ones [43]. Mixing the data misrepresents transient interactions or context-
dependent associations as stable or universal relationships, thus creating "hairball" networks that 
obscure actual functional relevance [44]. A "hairball," in network visualization, describes a visually 
confusing graph with so many densely connected nodes and edges it is hard to understand. This 
complex network of connections makes it hard to uncover patterns, insights, and specific 
relationships within the data; B) Omics Data Analysis and Biomarker Discovery. Here, high-
throughput omics analyses often identify potential biomarkers or therapeutic targets based on 
differential expression. However, a lack of biochemical validation reveals many of these biomarkers 
as false positives [45]. For instance, biomarkers for cancer diagnostics discovered solely through 
transcriptomic analysis frequently fail clinical validation, as they may reflect tissue-specific noise 
rather than disease-specific changes [46]; C) Drug Repurposing and Target Discovery. Computational 
methods to identify drug targets often rely on correlations in expression patterns or inferred pathway 
links without functional testing [47]. This approach led to initial suggestions that 
hydroxychloroquine might inhibit SARS-CoV-2 based on indirect interactions, which proved 
inaccurate in clinical trials [48]. 

6. Achieving Reliable Scientific Knowledge Through Balanced Approaches   

A realistic approach recognizes that both experimental and computational methods are 
invaluable, but one should not rely solely on either. The synergy between computational predictions 
and experimental validation fosters a cycle of hypothesis generation and testing that leads to more 
grounded, reliable knowledge. Ideally, predictions from Systems Biology should iteratively cycle 
through hypothesis, testing, and refinement [49]. This might mean shifting from one-off validations 
to dynamic updates as models improve or as new experimental findings emerge. Also, experimental 
resources should focus on validating highly affected predictions to balance exploratory science and 
practical verification. Finally, to enhance interpretative clarity, scientific publications should include 
confidence levels of computational predictions, validation statuses, and any limitations specific to the 
datasets or methods used [50]. The lower the confidence level, the larger the interaction until it 
becomes a hairball. In conclusion, as we grapple with Big Data in biology, computational methods 
offer an unprecedented ability to generate hypotheses. Still, they cannot replace direct experimental 
validation's foundational, interpretative clarity. Each approach enriches our understanding when 
balanced by the other, ensuring that scientific knowledge does not remain a hairball [51]. 

What do algorithms do to determine the efficiency in the calculation of interactomes? 
Interactome computational algorithms analyze the interactions of proteins and other 

biomolecules within cells. We can assess the effectiveness of these algorithms in several ways: 
accuracy, computational speed, scalability, resource use, robustness, and interoperability [52]. An 
efficient algorithm should have high accuracy, minimize false positives and negatives, and process 
information quickly, even with extensive datasets. The accuracy of interactome calculation 
algorithms is essential to ensure that predictions are reliable and valuable for biomedical research. 
Here's how experimental data contributes to improving accuracy: 

Model validation: While experimental validation remains a cornerstone of biomedical research, 
the developing field of systems biology increasingly shows that well-designed computational models 
can serve as powerful hypothesis-generating tools, often predicting interactions, pathways, or targets 
that are experimentally testable even before laboratory validation [53]. These models, built on 
integrative, multi-omics data, can guide targeted experiments, saving time and resources, and 
enhancing the iterative cycle of discovery. We must confirm these predictions experimentally to 
establish their biological relevance and accuracy. Experimental data is used to validate predictive 
models of algorithms [54]. Researchers can identify and correct discrepancies by comparing the 
algorithm's predictions with experimental results. 
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Error reduction: Experimental data helps identify and reduce errors in predictive models. For 
example, researchers can revise and improve the model if an algorithm predicts an interaction that is 
not observed experimentally [55]. 

Parameter improvement: Experimental data provide valuable information about biological 
parameters, such as binding affinities and protein concentrations [56]. This information can optimize 
algorithm parameters, improving their accuracy. 

Adaptation to real data: Experimental data represent the conditions under which protein 
interactions occur [57]. Using this data, we can adapt algorithms to reflect real-world biological 
situations better, increasing the' accuracy of predictions. 

Cross-validation: Researchers can use experimental data to perform cross-validation techniques, 
dividing the data into training and test sets [58]. This helps assess the algorithm's accuracy of unseen 
data and prevents overfitting.  

Experimental data is essential to ensure that interactome computation algorithms are accurate 
and reliable. This data allows predictive models to be validated, optimized, and adapted, thus 
improving their usefulness in biomedical research. In addition, an algorithm must work effectively 
with small and large volumes of data, efficiently using computing resources, such as memory and 
processor power. Optimized algorithms minimize resource use without compromising performance. 
An algorithm should possess the ability to maintain high performance even in the presence of noisy 
or incomplete data [59]. Finally, it should be robust enough to withstand data anomalies.  

7. Computer and Automatic Methods in Biology  

In our era, data availability has grown exponentially thanks to computer technologies and text 
mining. It is undeniable that computer science and data mining algorithms have revolutionized the 
way researchers can analyze and interpret large amounts of biological data [60, 61]. This has led to 
increased scientific productivity and opened new avenues for the discovery and understanding of 
complex biological phenomena. However, this growing dependence on computer science distracts 
researchers from the fundamental core of scientific research, the correct method, and in-depth 
understanding of biological phenomena. Automated text analysis may cause a loss of quality and 
precision in extracted information, because algorithm interpretations are susceptible to human 
variability and the specific context of each database [62]. The increasing emphasis on textual 
information can sometimes neglect quantitative and structured data, which is essential for verifying 
and validating scientific hypotheses [63]. Without a solid basis of experimental and quantitative data, 
the conclusions, and hypotheses planned can be fragile and subject to misinterpretation.  

In biomedical sciences, computer methods have become increasingly common and have opened 
new opportunities for analyzing biological data. However, it is important to understand that 
computer science does not fully replace the experimental method, but complements and enhances its 
potential [64]. Laboratory experiments provide concrete and repeatable data that are essential for 
validating scientific hypotheses. Although computer methods can aid in data collection and analysis, 
it is often necessary to confirm and deepen these findings through direct experience [65]. The 
exponential growth of data and the widespread use of computer tools can pose risks of distortion, 
misinterpretation, or even manipulation of scientific information [66]. We can no longer consistently 
rely on a complete understanding of the published literature. Because the exponential trend is 
unlikely to slow down, automatic information retrieval tools, such as text mining, have quickly 
emerged. 

8. The Contribution of AI  

The often-mentioned artificial intelligences, while powerful tools for data analysis and 
information processing, also rely on the quality of the data and information they receive [67]. 
Responsible training and use of artificial intelligences are essential. This includes critically evaluating 
input data, validating sources and methods used in analyses, and ensuring transparency in the 
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decision-making process of artificial intelligences. If data becomes contaminated or distorted, 
artificial intelligences may produce equally unreliable conclusions and answers [68]. 

Artificial intelligence can help address scientific knowledge pollution [69] in several ways. 
Programmers can use AI to identify and filter unreliable or distorted data sources, ensuring quality 
data for scientific analysis. We can train AI systems to evaluate key scientific sources and spot biases 
or discrepancies in data and conclusions. 

Using anomaly detection algorithms [70, 71], an AI can identify discrepancies or anomalies in 
scientific data that may indicate knowledge pollution. It can continuously monitor the quality of 
scientific databases, reporting anomalies or significant changes in archived data. It can assist the peer 
review process by detecting potential weaknesses in a scientific study's methods or findings. The 
reproducibility of the authors' method, assessed through the data presented, could enable quick 
intervention for complex calculations. This should serve as a supplementary tool for reviewers, not a 
replacement. Artificial intelligence can also help develop advanced analytical tools, enhancing the 
quality and reliability of scientific data interpretation [72]. Properly trained AI can help reduce 
pollution in scientific knowledge by providing tools and techniques that effectively identify, filter, 
and analyze data. It can also promote transparency and openness in science by enabling data sharing 
and dissemination of results, ensuring access to trustworthy information.  

9. How to Mitigate Pollution of Scientific Knowledge and Enhance the 
Effectiveness of Computational Algorithms 

To preserve the integrity and reliability of scientific knowledge, especially in complex fields like 
systems biology, it is crucial to implement rigorous data collection, curation, and verification 
procedures. These measures include: 

 Replication of experiments: Repeating studies under varying conditions to confirm findings. 
 Use of Adequate Controls: Ensuring experimental designs account for confounding factors. 
 Transparency: Sharing raw data, protocols, and analysis methods openly for peer validation. 
 Promotion of Data Sharing: Encouraging researchers to deposit datasets in accessible 

repositories facilitates cross-verification. 
 Role of Algorithms in Interaction Networks: Computational algorithms are central to 

constructing and refining interactomes and comprehensive maps of molecular interactions. We 
can evaluate their performance based on several key criteria: 

 Accuracy: Correctly predicting true biological interactions while minimizing false positives [73]. 
 Computational Speed: Rapid processing is vital given the vast size of biological datasets. 
 Scalability: Algorithms should handle increasing data volumes without performance loss [74]. 
 Resource Efficiency: Optimizing memory and processing power to facilitate workable analysis 

[75]. 
 Robustness: Maintaining performance despite noisy, incomplete, or conflicting data [76]. 

It is crucial to recognize that ongoing advancements in algorithms, validation protocols, and 
data integration platforms are actively addressing many current limitations related to data quality 
and interpretative ambiguities [77]. For example, advanced machine learning techniques and 
improved bioinformatics pipelines now include multiple levels of data authentication, cross-
validation, and confidence scoring, which help reduce false positives and assess prediction reliability 
more systematically [78]. These improvements are gradually strengthening the robustness of 
computational predictions, although challenges still exist.  
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10. Practical Approaches 

Here are some practical tips for using various control tools. 
STRING Database and Confidence Scoring: STRING (https://string-db.org/) combines data from 

various sources, including experimental data, curated databases, text mining, co-expression, and 
gene neighborhood, to predict interactions [79, 80]. Algorithms assign confidence scores to these 
interactions; for instance, a high-confidence cutoff (e.g., 0.900) filters out less reliable data but may 
also exclude meaningful yet less-studied interactions. Finding the right balance is essential; overly 
strict filters can oversimplify the extensive networks ("hairballs') and hide biological truths. 

Model Validation Using Experimental Data: Algorithms frequently produce hypotheses about 
protein interactions that researchers need to validate through experiments. For instance, co-
immunoprecipitation assays confirm predicted interactions [81]. Without such validation, 
predictions may include false positives, interactions suggested by algorithms but not occurring 
biologically, leading to misleading "hairball" networks that are difficult to interpret. 

Algorithmic Challenges [82]: 

 Dealing with Noisy Data: Biological datasets often contain experimental artifacts or context-
dependent interactions; algorithms must distinguish genuine signals. 

 Handling Incomplete Data: We do not know all interactions. Algorithms should predict missing 
links without overfitting known data. 

 Resource Management: Developers must optimize advanced algorithms, such as graph-based 
machine learning models, for efficient operation on multi-terabyte datasets. 

Biological datasets often contain experimental artifacts, noise, or context-dependent interactions, 
which can challenge the accuracy of computational models [83]. However, new algorithms 
employing ensemble methods, Bayesian approaches, and integrative platforms can distinguish 
accurate biological signals from such confounders, improving the reliability of interaction predictions 
[84]. 

10. Advances and Future Directions 

Machine learning and artificial intelligence developments have introduced more sophisticated 
algorithms capable of integrating diverse datasets for more accurate interaction prediction. For 
example, deep learning models trained on experimentally validated interaction datasets can uncover 
subtle patterns that traditional methods miss. They remain dependent on high-quality input data and 
transparent methodologies to ensure reliability. Computational algorithms are powerful tools for 
elucidating biological networks, but their success hinges on rigorous validation, careful 
parameterization, and transparent reporting. Ongoing improvements in algorithm design, combined 
with experimental validation, are essential to advancing trustworthy systems biology research [85]. 

We should adopt several preventive measures to maintain the integrity and reliability of 
scientific knowledge and reduce the risk of pollution. Establishing thorough procedures for 
collecting, curating, and verifying scientific data is essential. This might include replicating 
experiments, using proper controls, and ensuring data collection and analysis transparency. We 
should encourage scientists to share their data, methods, and results for verification and replication 
by other researchers [86]. This fosters openness and reproducibility of scientific findings. We should 
also teach researchers the best data handling and research practices. This includes paying more 
attention to statistics and data analysis, and recognizing potential biases and distortions. However, 
scientific institutions and funding agencies must implement oversight and monitoring mechanisms 
to ensure researchers adhere to ethical and scientific standards [87]. Encouraging collaboration 
among researchers and integrating peer review as a key part of the scientific process can help find 
and fix errors or inconsistencies in results. Ongoing investment in developing advanced tools and 
methods for data analysis and interpretation can improve the quality and trustworthiness of scientific 
research. 
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Implementing these measures requires a long-term commitment from the scientific community, 
academic institutions, funders, and government agencies. It is a gradual process that requires time, 
resources, and coordination, but it is essential to ensure that scientific knowledge remains robust, 
reliable, and at the service of human progress. However, we need simple protocols for efficiently 
conducting necessary validity checks, primarily on the data used for planning scientific projects. 

11. The Need for a Control Tool 

Let us illustrate with a practical example from interactomics, a field that heavily depends on 
experimental data. Datasets on protein-protein interactions are manually curated and derived from 
the literature [88]. The systems biology community uses them as the gold standard, and they establish 
practices to extract parameters for mechanistic models from the literature. Sometimes, data extraction 
faces limitations because some journals do not grant access to the full text because of copyright 
restrictions, allowing only access to abstracts and titles. This restricts the use of data and information 
that must be based on experimental results. The frequent presence of datasets on highly studied 
proteins creates a large body of knowledge [89]. However, statistical analysis often dismisses data 
from less-studied proteins as insignificant background noise, leading to their exclusion [90]. 

11.1. Interactomics as a Tool for Controlling Metabolic Analyses 

Recently, researchers published a metabolomic study [91] in the prestigious Nature Medicine. 
This study showed that blood contains metabolites from the breakdown of niacin (vitamin B3), 
mainly when people absorb excess vitamin through dietary supplements. These metabolites strongly 
link to heart attacks, strokes, and other adverse cardiac events. This suggests that niacin 
supplementation, which is very common among humans, may require a controlled clinical and 
quantitative approach. The researchers, therefore, issued a clear warning to the medical community. 
The two metabolites, identified by mass spectrometry as N1-methyl-2-pyridone-5-carboxamide (2PY) 
and N1-methyl-4-pyridone-3-carboxamide (4PY), were associated with the expression of a soluble 
vascular adhesion protein (sVCAM-1). Plasma levels of the two metabolites, end products of excess 
niacin metabolism, were linked to an increased risk of cardiovascular disease (MACE) at 3 years in 
two validation cohorts, in which a genetic variant (rs10496731) appeared to be significantly associated 
with sVCAM-1 levels. The authors also found that 4PY, but not 2PY, was directly responsible for 
inducing VCAM-1 expression in the vascular endothelium in mice, suggesting an inflammation-
dependent molecular causal mechanism related to cardiovascular risk. In functional assays, a 
physiological level of 4PY induced the expression of VCAM-1 mRNA and proteins on human 
endothelial cells. Nicotinamide-riboside and nicotinamide mononucleotide also increased plasma 
levels of 2PY and 4PY. These observations have raised many concerns about using niacin-containing 
supplements in inflammatory processes. The researchers' efforts were significant, as was the 
experimental design they followed.  

A simple way to verify this information is to use interactomics. Interactomics is an analytical 
tool and a true epistemological filter that helps distinguish between speculative hypotheses and solid 
experimental data [92]. A set of principles, methods, and assumptions that shape scientific data 
analysis and, indirectly, the development of reliable knowledge governs it. It acts as a set of 
algorithmic lenses that guide us in selecting, organizing, and interpreting information, influencing 
what we consider valid and meaningful [93].  

The paradox of scientific computing is that the more data we have, the more we risk building 
castles on sand if we don't check the quality of the foundations [94]. Automated analysis can generate 
fascinating networks and correlations, but we cannot attribute certain biological functions without 
experimental confirmation. The algorithm can suggest, but it cannot replace the scientific method. 
Experimental validation remains at the heart of molecular biology. Without it, we risk confusing 
correlation with causality and hypothesis with truth. 

One of the best and most well-known interactome tools is STRING. STRING is a biological 
network analysis system that collects physical and functional biological interactions and uses seven 
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different sources of data and information [62, 63]. Using a low confidence score and all seven open 
channels on STRING [95], we get a statistically significant interactome after enrichment; this 
interactome likely includes all the metabolic implications for the proteins (nodes) found in the 
literature. However, if we increase the confidence score to 0.900 and close the text mining and 
annotated database channels, we can isolate the most significant data. However, we could also 
drastically reduce the number of connected nodes and the number of edges. In that case, we would 
not confirm most metabolic relationships.  

Incorporating interactomics as a verification tool, rather than just for exploration, might initially 
seem unusual. However, using STRING and similar systems to test the robustness of hypotheses 
before developing experimental models can be very helpful. Let's examine how to apply STRING's 
"algorithmic lenses" to validate the findings reported in the article published in Nature Medicine. 

In their research, the authors performed a transcriptomic analysis of human endothelial cells 
exposed to 2PY or 4PY. Their aim was to identify the genes induced and associated with VCAM1 at 
the physiological level of the metabolites. Bioinformatic analyses of differentially expressed genes 
showed an enrichment of various transcriptional regulation and signaling pathways. Along with 
VCAM1, this included genes such as BEST1, WNT, AKT1, MAPK3 (refer to Figures 5 and 8 of the 
article), and ACMSD, which control the de novo synthesis of NAD. 

We used these genes as functional seeds in our interactomics analysis to identify the functional 
relationships they have within the entire human proteome. To do this, we applied an average 
confidence score of 0.400, kept all seven active interaction sources open (Text mining, Experiments, 
Databases, Co-expression, Neighborhood, Gene Fusion, and Co-occurrence), and included 500 first-
order proteins (direct interactions) and 500 second-order proteins (indirect interactions) in the 
analysis. In Figure 1, we show the interactome generated by STRING. 

 

Figure 1. Interactome calculated with functional seeds taken from [91]. 

The interactome, calculated by STRING using data from over 10,000 publications on PubMed 
(freely available), is highly compact, featuring 1,006 nodes and 74864 edges. It has an average node 
degree of 149 and a p-value less than 1.0e-16. Among the most significant hub nodes are VCAM1, 
AKT1, and MAPK3, with 391, 757, and 574 interactions, respectively. The interactome includes 9,107 
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terms across 15 functional categories. The most significant Biological Processes (see Figure 2) include 
all the "functional concerns" identified by the authors. 

 

Figure 2. Significant GO functions from the interactome of Figure 1. 

We observe a link between VCAM1 and AKT1 and cardiovascular conditions (DOID:1287 
Cardiovascular system disease), supported by 110 of 493 relevant genes, a signal value of 2.28, and a 
p-value of 6.37e-32. By focusing on the interactome centered on VCAM1 using STRING's specific 
functionality, we can identify VCAM1's unique interactome, highlighting the functional relationships 
within the human proteome (see Figure 3). 

 

Figure 3. Interactome related to VCAM1 and its specific functional relationships in the human proteome. We 
extracted this interactome from Figure 1. STRING has recalculated this new interactome using the "recenter on 
the node" function. 
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The interactome has confidence 0.400, and all seven channels are open. We get a compact graph 
of 972 nodes, 80,262 edges, 9,051 functional terms, again calculated from PubMed's 10,000 
publications. However, if we pass the confidence score to 0.900 to select the most significant and 
reliable data, eliminating Textmining and Databases, we have (Figure 4) only one node, VCAM1. 

 
Figure 4. The result of the interactomic analysis made with stringent parameters. 

Applying strict criteria (confidence score ≥ 0.900 and excluding text mining and databases), the 
STRING analysis shows that VCAM-1 has no interactions within the human proteome. This finding, 
which conflicts with the current functional consensus, forces us to reassess the translational validity 
of the proposed model. The exportable TVS file from STRING displays the key information. In the 
interactome, VCAM-1 shows 471 functional interactions. Table 1 shows the framework of 
experimentally validated functional interactions. 

Table 1. Experimental validations of VCAM1 interactions. 

Confidence 
score 

Experimental validation % 

0.900 0 0 
0.800 0 0 
0.700 0 0 
0.600 0 0 
0.500 0 0 
0.400 2 0.42 
0.300 7 1.48 
0.200 1 0.02 
0.100 81 17.19 

0<x<0.1 108 22.92 
0 272 57.74 

PubMed lacks vital experimental data on VCAM1 interactions across the human proteome. 
Filling this gap is essential for better understanding the functional relationships discussed by the 
authors of the Nature paper and their implications for human health. It is concerning that, without 
reliable experimental data on any of the 471 VCAM 1 interactions, the information from annotated 
databases and text mining has a confidence score of nearly 0.900. All this raises important questions 
about the trustworthiness of these findings and their impact on our understanding of VCAM1 
functions. Therefore, we cannot definitively assign a function to VCAM1 in humans at this stage. 
Understanding its role depends on identifying its interacting proteins. The cellular systems used as 
models are often based on hypotheses rather than validated experimental evidence. Scientific 
research accuracy and functional analyses directly depend on the reliability of the information used. 
The exponential growth of data from IT and text mining creates a significant challenge, especially 
today. Computer science and data mining algorithms have revolutionized how researchers analyze 
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and interpret large biological datasets. This progress has boosted scientific productivity and opened 
new avenues for exploring complex biological phenomena. However, over-reliance on technology 
risks distracting researchers from core scientific principles, emphasizing proper methods and a deep 
understanding of biological processes. Automated text analysis can sometimes compromise data 
quality and accuracy, as human factors and the specific context of each database influence algorithm 
results. The growing focus on textual data may lead to neglecting quantitative and structured data, 
which is crucial for testing and validating hypotheses. Without a solid foundation of experimental 
and quantitative data, conclusions, and assumptions risk becoming weak and misleading.  

The Nature Medicine study is impressive in its breadth and rigor, but the use of non-
experimentally validated databases for VCAM-1 compromised the robustness of the conclusions. The 
real problem is that, to plan the development of their project, the authors used a set of "information" 
stored in different databases, without carrying out any specific verification to verify whether the data 
of the physical/functional interactions related to VCAM-1 had an experimental, significant, and 
specific origin. 4PY induces VCAM-1 expression in vitro and mouse models. However, the observed 
effect does not guarantee a defined biological role for VCAM-1 in humans without knowing its 
interaction network. A protein's function arises from its molecular context; without interactions, it 
has no assignable function. Functional analysis vs. molecular analysis is asymmetric. Researchers 
investigate various aspects of biochemical and biological interactions. Functional analysis 
emphasizes biological functions, while molecular analysis focuses on chemical and physical 
characteristics of molecules. The methods and tools used in molecular analysis differ from those used 
in functional analysis, leading to distinct approaches in technique and interpretation. Interactomics 
underscores this disparity in biological interactions, where the functions and molecular 
characteristics do not always align. 

In this context, STRING is a testing platform that improves the confidence score while filtering 
out non-experimental sources. It isolates VCAM-1 and shows that there are no confirmed 
interactions, which raises a methodological concern. The paradox of scientific computing is that, 
despite having more data, we risk building theories on unstable foundations if we do not evaluate 
the data quality. Automated analysis can generate interesting networks and correlations, but we 
cannot accurately assign specific biological functions without experimental validation. 

VCAM-1 becomes a prime example: we cannot determine its functions if we do not understand 
its interactions. The definition of VCAM-1's role depends on a methodological approach based on 
interactions researchers have not yet confirmed experimentally. While text mining algorithms can 
provide suggestions, they cannot replace the scientific method. Experimental validation is essential 
to molecular biology; without it, we risk conflating correlation with causation and hypothesis with 
fact.  

Perhaps our major challenge today is incorporating interactomics as a verification tool rather 
than solely for exploration. Using STRING and similar resources to test the robustness of hypotheses 
before creating experimental models could develop into a valuable scientific practice. 

12. Recommendations and Practical Frameworks for Ensuring Balance 

Because of limited resources, researchers can use some practical approaches. 

1. Prioritize High-Confidence Predictions for Validation: Use computational scoring systems (like 
confidence scores in STRING) to select the most promising hypotheses for experimental 
validation. Focus on interactions or targets with high confidence, reducing costs associated with 
testing less likely candidates. 

2. Sequential Validation Strategy: 

 Step 1: Use in silico methods to generate hypotheses [97].  
 Step 2: Apply secondary computational filters (e.g., cross-validation across datasets, orthogonal 

methods) to refine predictions [98]. 
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 Step 3: Experimentally validate only the top-tier predictions, such as through targeted assays or 
minimal confirmatory experiments. 

3. Use Collaborations and Shared Resources: Partner with institutions or consortia that can offer 
access to specialized experimental platforms or datasets, which help to lessen individual 
resource burdens. Taking part in shared repositories or consortium initiatives can make 
validation more cost-effective. 

4. Implement a Hypothesis-Driven Approach [99]: Restrict computational analysis to well-defined 
hypotheses rather than broad exploratory searches. This focused approach minimizes 
unnecessary experiments and maximizes resource efficiency. 

5. Emphasize Open Science and Data Sharing: Share datasets and validation results transparently. 
This prevents redundant efforts, helps refine models collectively, and speeds up validation 
efforts [100]. 

6. Use Computational Validation as a Filter, Not an Ultimate Authority: Recognize computational 
predictions as hypotheses rather than conclusions. Establish a workflow incorporating initial 
predictions, systematic prioritization, and targeted experimental validation. This layered 
approach optimizes resource expenditure. 

7. Incorporate training on data interpretation and biases. Researchers should receive training on 
data interpretation and biases. To avoid misinterpreting computational results, they must 
understand algorithms' limitations and potential biases and interpret findings critically. 

A balanced strategy incorporates computational methods to refine hypotheses, uses objective 
confidence metrics, collaborates to share validation responsibilities, and prioritizes predictions that 
are highly affected and confident for experimental testing. This approach significantly strengthens 
scientific rigor while effectively addressing resource limitations. 

13. Interactomics as a Criterion for Scientific Validation  

Many studies identify metabolites or proteins, or genes related to disease states. Although the 
experimental design is often robust, the molecular model does not rely on experimentally confirmed 
protein interaction data. 

Interactomic verification protocol: from hypothesis to confirmation 
1. Biological Goal Definition: 

 Identify the target protein (e.g., VCAM-1) and pathological/biological context (e.g., vascular 
inflammation). Determine if the proposed function is observed or merely hypothesized. 

2. Extracting interactions from STRING 
First phase (exploratory):  
Low confidence score (≥0.150). 
All active channels (including text mining and predictive sources). 
Aim: to identify potential relationships and functional enrichments. 
Second phase (confirmatory): 
Confidence score, high (≥0.900). 
Experimental channels only (exclude text mining and annotated databases). 
Aim: to validate the physicochemical relationships observed. 
Note: STRING shows how the interactome varies significantly depending on the source and 

confidence score. At lower scores and with active text mining, metabolic networks consistent with 
the hypothesis appear; however, with more stringent criteria, the identified gene, metabolite, or 
protein lacks documented interactions. This creates an epistemological paradox: We only assume the 
protein's biological relevance in permissive computational, not experimental, environments. 

3. Interactome topology analysis 
Verify: 
Key nodes (hubs) and connectivity. 
Enriched pathways (Reactome, KEGG). 
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P-value of significance for the global network. 
4. Cross-check with other sources 
BioGRID, IntAct, Human Protein Atlas. 
PubMed: search for experimental articles (not just reviews). 
Proteome and phosphoproteome in relevant cell/tissue models. 
The casual use of mixed databases can cause the creation of biological models lacking a real 

molecular basis. Accepting interactions predicted or derived from text mining without physical-
chemical verification risks producing an "illusory biology" effect, where nodes appear functional. 
This virtual connection alone can cause such an effect. 

5. Translational validation 
Re-contextualize interactions in biological models: 
Mouse models, human cell lines, and primary tissues. 
To test the effect of metabolites on proteins with confirmed interactions. 
6. Epistemological revision 
Classify your data into three categories: 
Confirmed Experimental 
Predicted computational 
Unverifiable 
Discuss the impact of each on the validity of the hypothesis. 
7 Methodological proposals 
Clearly distinguish the sources of interaction in experimental designs. 
Use interactomics as a robustness test: If a protein lacks confirmed interactions, we cannot 

accurately attribute its function. Re-evaluate the translational validity of cellular models: the induced 
effect (e.g., VCAM-1 expression) does not imply that the protein has a functional endogenous role. 

8. Final Considerations 
Interactomics is a valuable exploration tool and an essential epistemological criterion [101]. In 

network science, a key challenge is not only integrating data and information from various 
experiments involving genes or proteins, but also ensuring the accuracy of these integrations [102]. 
Validated experimental networks are vital for correctly assigning protein functions; biological 
hypotheses remain speculative without them. Preserving the integrity of the scientific method is 
crucial, especially in the era of big data. This structured approach, tailored to needs, could help build 
robust and verifiable biological models. 

So, we use STRING and similar sources as tools for falsification, not just exploration. The 
proposal is to introduce a "molecular verifiability index" in the design of experiments. This aims to 
distinguish functional induction from biological relevance. Computational data is an invaluable 
resource. However, even the most elegant model is unacceptable without experimental verification. 
Recognizing the limitations of predictive interactomics allows us to improve real-world data further 
and develop more robust, humane, and scientific hypotheses. 

14. The Principle of Falsification  

When we speak of a "tool of falsification," we refer to a fundamental concept of the philosophy 
of science, in particular the thought of Karl Popper [103]. For Popper, a scientific theory is only 
scientific if one can falsify it; that is, if one can test it to disprove it [104]. In computational biology, 
researchers often use STRING and similar platforms to explore biological networks; they select 
proteins, expand nodes, search for interactions, and build models. This approach is practical, but it 
has a risk: it can generate speculative networks, also built on predictive sources, text mining, and 
databases, which do not have an experimental basis. When using STRING with stringent parameters, 
for example, a confidence score of ≥0.900 and only experimental sources, we use the tool falsified. 
Not to discover what might be true, but to check if real data supported something. If a protein like 
VCAM-1 does not show confirmed interactions, we cannot attribute a specific molecular function to 
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it. In this sense, STRING becomes a scientific test bed: not to build hypotheses, but to test them 
severely.  

The principle of falsification in scientific review is essential for evaluation. We should not 
penalize bold hypothesis creators; we must make clear distinctions between data and deductions. 
The boundary between observed data and interpreted data is where critical thinking truly emerges, 
based on three methodological principles:  

1. Epistemological clarity: This principle requires interaction. 
2. Conscious use of databases: We should use databases as tools for control, not just for 

justification. 
3. Distinction between induced effects and endogenous functions: The induced effect responds 

to external factors, while the endogenous function describes a dynamic within the system. 
Popper was well aware of all this. He expressed it in these words: "Clinical observations, like all 

other observations, are interpretations in the light of theories; and for this reason alone, they are apt 
to seem to support those theories in the light of which they were interpreted. But real support can be 
obtained only from observations undertaken as tests (by "attempted refutations"); and for this 
purpose, criteria of refutation have to be laid down beforehand; it must be agreed which observable 
situations, if actually observed, mean that the theory is refuted [103]." 
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