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Abstract In recent years, knowledge graph technology has emerged in bioinformatics, providing new ideas for the study of
interaction relationships at the molecular level. This research focuses on the construction and analysis of the "Molecular Interaction
Knowledge Graph", including the integration and preprocessing of data sources, the construction methods of the knowledge graph,
the representation and analysis techniques of the graph, as well as the case study and system implementation of the protein-protein
interaction knowledge graph. The research first sorted out the current application status of knowledge graphs in bioinformatics, and
clarified the background significance and innovation points of constructing molecular interaction knowledge graphs. Subsequently,
the standardization and entity semantic normalization strategies for multi-source biological data were discussed, and the modeling
methods for entities and relationships as well as the automated construction process were proposed. In terms of graph analysis, key
technologies such as knowledge representation learning, network topology analysis, semantic reasoning and relationship prediction
are reviewed. Through the case of protein-protein interaction mapping, the specific process of mapping construction, visualization
results and biological verification are presented, and the biological significance of the conclusions obtained is discussed. Finally, the
current challenges in the field of molecular interaction knowledge graphs, such as data heterogeneity, model interpretability and
knowledge uncertainty, are summarized, and the future development directions are prospected. The research work is expected to
provide a solid knowledge support for promoting the systematic analysis of complex molecular networks and biomedical discoveries.
Keywords Molecular interaction; Knowledge graph; Bioinformatics; Protein-protein interactions; Knowledge representation
learning

1 Introduction

The normal operation of biological systems largely depends on the intricate connections among molecules -
protein interactions, gene regulation, metabolic reaction pathways. They are like intricate networks.
Understanding these relationships is not merely about "clarifying the principles", but also about knowing why
diseases occur and how drugs work. However, in the past, experiments were conducted one by one to verify,
which was time-consuming and costly, and it was often difficult to see the whole picture clearly. Later, with the
advent of big data and artificial intelligence, a method called "knowledge graph" was used to connect these
scattered pieces of information (MacLean, 2021). It doesn't focus on fancy algorithms. The core is actually very
simple: drawing all kinds of molecules, genes and their relationships into one diagram, so that the machine can
understand "who is related to whom". Nowadays, many studies have found that such maps can be useful in drug
discovery, target prediction, and even side effect analysis - it's equivalent to adding "common sense" to the model
(Zhou et al., 2024). Therefore, constructing and researching knowledge graphs of molecular interactions not only
enables us to have a more comprehensive understanding of life systems, but also provides new ideas and support
for new drug development and disease diagnosis and treatment.

At first, the concept of "knowledge graph" did not emerge in the field of scientific research, but originated from
the technology that Google used to improve search results. Unexpectedly, a few years later, it shone brightly in
biomedical research and became an important tool for integrating complex data and assisting in analysis
(Nicholson et al., 2020). Nowadays, almost all research directions related to biological data are attempting to use
it to sort out those seemingly disordered information. Some researchers use it to integrate information such as
genes, proteins, and compounds from different databases onto a single large graph. For instance, RNA-related
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knowledge graphs almost cover all known RNA interactions. Some people also use it to explore new uses of drugs.
By connecting drugs, targets and disease nodes, algorithms can discover potential new relationships (Zhou et al.,
2024). In clinical diagnosis, it can also help doctors quickly match symptoms with diseases, improving the
efficiency of diagnosis and treatment. A more complex approach is to weave multi-layer data such as genomes
and proteomes into heterogeneous networks, use maps to analyze key regulatory relationships, and even
automatically absorb knowledge from literature through text mining. Although knowledge graphs have been
widely applied, their construction efficiency, update speed and scalability are still insufficient. These problems are
precisely the key issues that need to be overcome in the future.

Although knowledge graphs have achieved a lot in bioinformatics, when it comes to molecular interactions, there
are still quite a few problems. Data comes from all directions and in various formats. How can we make this
information speak "in the same language"? For instance, for core entities like proteins, semantic standardization is
always misaligned. If not done well, it will lead to a mess in subsequent analyses. There is an even more
intractable question - can the established atlas really help us infer new molecular relationships? These are
precisely the things that this study aims to explore. First, we designed a set of construction plans, taking into
account data cleaning, entity modeling and storage architecture, so that proteins, small molecules and the like can
all have clear positions in the map. Then explore methods such as graph representation learning, network analysis,
and semantic reasoning to see if they can help discover new interaction clues; Take protein-protein interactions as
an example again, create a case map, and verify the reasoning results through experiments and literature. Finally, a
prototype system was set up to make the spectra visible and interactive, which is convenient for both drug
mechanism and disease network research. Compared with our predecessors, we pay more attention to the
integration and exploration at the detailed level, connecting theory, algorithms and applications into a line, hoping
to take the research on molecular interactions one step further.

2 Data Sources and Preprocessing

2.1 Data types and sources

To build a reliable knowledge graph of molecular interactions, the first step is often not modeling but "retrieving
data". Genes, proteins, small molecules, pathways, and diseases - these pieces of information are scattered in
different places, some in databases and some hidden in papers. For protein-protein interactions, the ones that
people often look up include IntAct, STRING, and BioGRID. The relationship between drugs and targets is
mostly derived from Drugbanks or ChEMBL. As for functional annotations and semantic systems, GO and UMLS
are almost unavoidable sources. Of course, these data were never readily available. The naming conventions of
different databases vary. The same protein may be called differently in different databases. It is necessary to unify
the identification first. Some mutual records of literature have not been reproduced, and their credibility needs to
be rated. The types of interactions we focus on mainly include protein-protein, protein-small molecule, and gene
regulation, etc. Therefore, when collecting, we not only need to capture the database but also rely on text mining
to extract the description of "who interacts with whom" from PubMed (Figure 1) (Feng et al., 2022). Structural
resources can also come in handy, such as finding clues to protein complexes from the eutectic structure of PDB.
Overall, this process is more like a "jigsaw puzzle": the data from different companies vary greatly, and only
through repeated comparisons and cross-verifications can the entire chart be both comprehensive and reliable
(Zhou et al., 2024).

2.2 Data standardization and cleaning

Obtaining the initial data doesn't mean the work is over. The truly troublesome part often comes later - cleaning
and standardization. Data from different sources are like speaking different dialects, with distinct names, formats,
and symbols. Without uniformity, it's simply impossible to proceed further. Usually, we first sort out the naming
conventions. For instance, proteins are labeled with UniProt ID, genes with NCBI Gene ID, and small molecules
with DrugBank or ChEBI numbers. This way, there won't be any confusion during the merging process. Next, it is
necessary to give these concepts a "home", using an ontology system like GO to define functions, categories, and
levels. Relationships also need to be defined in a unified way. Protein interactions should be unified as
"interacts with", and those with specific directions should be clearly labeled. The cleaning stage is more like a
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meticulous job: duplicates need to be removed, low-credibility data should be filtered out, and missing attributes
should be filled in - even filling in "unknown" first is better than leaving it blank. Finally, convert all formats into
a unified structure, such as RDF or CSV, to facilitate the import into the database (Mavridis et al., 2025). The
results we have sorted out this time contain approximately tens of thousands of protein entities and tens of
thousands of interaction relationships, each accompanied by a source identifier. The data processed in this way is
clean and uniform, and can finally support the subsequent construction of the graph (Schulz et al., 2013).

Scientific documents <abstract> <p>The coronavirus disease 2019 (COVID-19) pandemic with high
infectivity and mortality has caused severe social and economic impacts

i ide. ...</p> < >
Preprocessing worldwide. ...</p> </abstract
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Figure 1 Architecture of the e-TSN web application (Adopted from Feng et al., 2022)
Image caption: The workf low involves several stages of scientific documents download, preprocessing, named entity recognition,
relation extraction, knowledge discovery and visualization (Adopted from Feng et al., 2022)

2.3 Entity recognition and semantic normalization

When dealing with raw text data, the first problem one often has to confront is not the algorithm but rather the
question of "what to call it". In different papers and databases, a protein may have several names - they need to be
recognized first and then unified. The step of named entity recognition is to enable the system to automatically
extract these biological names from the text and the relationships between them. For instance, in the sentence
"P53 directly interacts with MDM?2", two proteins and their interaction can be identified. Deep learning models
are particularly useful here, especially those that can handle confusing aliases and irregular formats (Habibi et al.,
2017). However, recognition is just the beginning; the real challenge lies in normalization. Like "TP53", "p53
protein" and "tumor suppressor protein 53", they all refer to the same thing - TP53. To make the graph recognize
this, it is usually necessary to check the standard library, such as UniProt or NCBI, and match it with a unified ID.
The same is true for compounds. One name may correspond to multiple trade names or chemical names. The
naming of relationships should also be unified. It is best to group "inhibition" and "negative regulation" into the
same category. As for those easily confused names, such as "APC", which are sometimes genes and sometimes
protein complexes, one can only make a judgment by combining the context or the existing structure of the map.
Only after all these have been processed can the data be considered "clean" and be firmly transformed into nodes
and edges in the graph (Sung et al., 2022).

3 Knowledge Graph Construction Methods

3.1 Entity and relationship modeling

After the data is sorted out, the "framework" still needs to be set up. In the molecular interaction map, nodes

usually include proteins, genes, small molecules, diseases, etc. The coding relationship between genes and
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proteins should be marked. Each type of entity has its own attributes, such as the function and sequence of
proteins, and the target and application of drugs. The core of the relationship is "interaction", but there may also
be directional relationships such as "activation", "inhibition", and "combination". If it is too detailed, the data will
become sparse. Therefore, it is often first unified as "interaction", and then further subdivided during reasoning.
Cross-layer relationships can also be added, such as "gene mutations cause diseases" and "drugs treat diseases".
Some relationships are aimless, while others have a direction. To complete the information, the reasoning
relationship of "proteins of the same family" can also be added to help the model discover similarities (Zhou et al.,
2024). The final graph framework is clear, facilitating subsequent expansion and analysis (Taneja et al., 2022).

3.2 Graph architecture design and storage model

After determining the entities and relationships, the next step is to figure out a way to "fit" these things in. There
are generally two approaches: either follow the semantic web system of RDF or use the attribute graph model of
graph databases. RDF emphasizes norms, with clear triples and the ability to directly use existing ontologies for
semantic reasoning. However, once the data volume is large and the relationships are complex, the speed slows
down. Property graphs are more like practical players. Nodes and edges can all be equipped with properties,
making path lookup and centrality calculation fast. Many databases (such as Neo4j) rely on them. Considering
that the molecular interaction graph has to handle tens of thousands of relationships, we prefer to choose the
attribute graph. However, we cannot completely abandon semantics either. Therefore, adding ontology labels to
the node attributes can be regarded as a compromise. In actual operation, each Protein node is labeled with a type,
such as' :Protein ', along with attributes like name and species. Information can also be hung on the edge, such as
(BRCA1)-[:INTERACTS_WITH {pmid:123456, method:"Y2H"}]->(PALB2), which not only shows who is
interacting with whom but also knows the source of the evidence. Such an architecture is intuitive, flexible and
convenient for expansion to larger diagrams in the future (Figure 2) (Tomaszuk et al., 2020; Alocci et al., 2015).

3.3 Automate the build process

It is almost impossible to manually sort out tens of thousands of pieces of information on molecular interactions
bit by bit. Not only is it slow, but it is also prone to errors. So we simply set up an automated process to enable the
knowledge graph to "grow" by itself. The entire process is roughly divided into four steps: first, capture the data;
then, clean and transform it; next, import it into the graph database; and finally, check it once. The step of
extracting data is the most complicated. You have to write scripts to call the AP, pull protein data from NCBI and
UniProt, crawl abstractions from PubMed, and then run NER models in batches to extract interaction information.
After obtaining the raw data, it is necessary to convert the format, turning them into nodes and edges, and also
perform normalization at the same time, such as merging synonyms into one entity. The conversion results will
first be saved in the CSV file so that people can check them at any time. Next, import Neo4j, load nodes and
relationships with batch tools, and configure indexes to improve query speed. After the graph is completed, it still
needs to be verified whether there are any isolated nodes, whether the relationships are correct, and whether the
PMids are accurately connected. If they are not up to standard, we will go back and change the rules to run again.
If this cycle is repeated several times, the graph will become cleaner and cleaner. Now, after running one round, it
only takes a few hours from the raw data to the formation of the graph. The relationships are almost all traceable,
and updates are much more convenient (Clancy et al., 2019; Li et al., 2020).

4 Graph Representation and Analysis Methods
4.1 Knowledge representation learning
Building a map is just the beginning. The truly interesting part lies in whether one can "learn" something from it.
We hope that these molecules and relationships are not just nodes and lines, but can be transformed into numbers
that machines can understand. The approach is not complicated. To put it simply, it is to transform entities and
relationships into vectors. This step is called embedding. After being converted into vectors, the model can use
them to calculate similarities and make predictions. Different algorithms have different approaches. Some treat
relations as translations (such as TransE), while others use ComplEx number Spaces to represent complex
relations (like complex, RotatE) (Sun et al., 2018). There are many types of relationships in molecular interaction
graphs, and they often have directionality. Therefore, we tend to choose models that can handle asymmetric
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relationships. During training, some "fake data" also needs to be fed, such as randomly paired proteins, to help the
model learn to distinguish between true interactions and false interactions. After training, proteins of the same
type will automatically cluster together, and those with similar functions will also be closer, indicating that the
structure and semantics have been embedded. After that, these vectors can still be used - for example, to find
similar genes, predict new interactions, and conduct classification analysis. We also try to make the model
"clearer", combining path or rule information to make the prediction more interpretable (Hu et al., 2024).
Ultimately, this vectorized representation transforms the knowledge graph from merely a stack of information into
a knowledge network that can be truly understood by the model.
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Figure 2 Ontology overview (Adopted from Alocci et al., 2015)
Image caption: Overview of the ontology developed for translating glycan structures into RDF/semantic triples. The figure shows all
the predicates and the entities used for defining a glycan structures into the RDF triple store (Adopted from Alocci et al., 2015)

4.2 Network topology analysis

The molecular interaction knowledge graph is actually a vast network. Just looking at the nodes and lines doesn't
make much sense; one has to find ways to read out the structural rules within it. We start with topological analysis
and first calculate the importance of nodes, that is, who is more "critical" in the network. Some proteins are highly
linked and have a high degree of centrality, often serving as hub molecules. There are also some that have few
connections but are in special positions, connecting different modules like Bridges. Once such "bottleneck"
proteins malfunction, the entire pathway may be affected. In addition to individual nodes, we also examined the
group structure and used community detection algorithms to divide the network into compact small clusters. The
results are quite interesting. For instance, some modules are entirely composed of immune-related proteins, while
others focus on cell cycle regulation. Path analysis is more like looking for clues in a diagram - two seemingly
unrelated molecules can sometimes connect after just two or three steps, and this might be a new regulatory
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pathway. We even found some potential associations in the disease subplots, such as the indirect connection of
Tau and GSK3p through signaling pathways. Overall, these topological features reveal the hierarchy and patterns
within the network and also provide many new hypotheses for subsequent biological experiments (Mall et al.,
2017; Seoane, 2024).

4.3 Semantic reasoning and relationship prediction

The beauty of a knowledge graph lies not in how much data it stores, but in what it can "guess". It is not merely a
warehouse; it is more like a reasoning system. In the molecular interaction atlas, we hope it can identify missing
connections on its own, such as predicting protein interactions or drug effects that have not yet been verified.
There are generally two approaches: relying on rules or relying on models. Rule-based reasoning is logical. For
instance, "If X activates Y and Y inhibits Z, then X might indirectly affect Z." Or perhaps A and B interact with
each other, and B and C interact with each other. Then A and C might be on the same path. Such rules are clear
but incomplete and are also easily disturbed by noise. So more people choose statistical methods - turning all the
molecules into vectors to calculate which combinations are the most "compatible". We also predicted new
interactions on the protein map in this way and compared them with the experimental data. Some of them were
even confirmed by the literature. Later, we tried graph neural networks, enabling the model to aggregate neighbor
information in subgraphs, making more accurate predictions and even telling you "why" - for instance, both A and
B are connected to the key protein C (Kishan et al., 2020; Liu et al., 2021). Reasoning does not equal discovery.
Predictions will eventually be verified, but it can help us pick out the most promising few from tens of thousands
of molecules, greatly saving experimental energy.

5 Case Study: Knowledge Graph of Protein-Protein Interactions

5.1 Case selection and dataset description

To see if this atlas construction method is really effective or not, we selected protein-protein interactions (PPI) as
the test case. The PPI network is the most crucial part of molecular interactions, featuring dense information and
numerous connections. It is involved in disease mechanisms and drug effects, and almost every systems biology
research will encounter it. Nowadays, the PPI map of human beings has been developed quite extensively, but this
time we do not aim for completeness; we only aim for accuracy. The data mainly comes from several common
libraries: extracting human interaction records from BioGRID and selecting highly reliable data that has been
supported by multiple experiments or multiple literature articles (Oughtred et al., 2020); The data of STRING is
also used as a supplement, but only the part with a higher comprehensive score is selected (Popik et al., 2014).
The annotation information of proteins was captured from UniProt and GO, while the disease associations were
obtained from OMIM and DisGeNET. Finally, a bit of literature mining results were added, and some new
interactions that were not yet included in the database were supplemented. When integrated, the map contains
approximately 15,000 protein nodes, over a thousand disease nodes, and several thousand high-quality interaction
relationships. We value credibility more than quantity. Interactions with weak evidence will not be included for
the time being. For the convenience of calculation, this time the undirected interaction network is mainly analyzed,
and the direction of regulation is not subdivided for the time being. All data have undergone automatic process
cleaning and standardization, uniformly identified by UniProt ID, and finally imported into the graph database.
The entire process can now be replicated.

5.2 Analysis process and visualization results

After constructing the protein interaction map, we first conducted an overall statistics: approximately 15,000
protein nodes, over a thousand disease nodes, and more than 60,000 interactions, presenting a typical scale-free
distribution. A few proteins, such as p53 and EGFR, have extremely large connections. The network is almost
fully connected, indicating that the data integration is good. In the centrality analysis, signal hubs such as TP53,
MYC, and AKT1 rank among the top. Further examination of the MAPK pathway reveals that the core proteins
form a tight subnet with a clear structure. When magnifying the submap of the apoptotic pathway, the interaction
patterns of the caspase family, Bcl-2 proteins, etc. are consistent with the classical pathway, but unexpected nodes
such as SIRT1 also appear, suggesting potential new regulation. Link prediction also discovered several possible
new interactions, some of which have been confirmed by the literature (Lopez-Cortés et al., 2018; Kim et al.,
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2021). There is another small group of unknown functional proteins that interact closely or are involved in
chromatin remodeling. These results indicate that the graph not only integrates effectively but also inspires new
discoveries.

5.3 Biological validation and result discussion

The graph has been built and the analysis results have come out, but whether it is reliable or not still needs to be
verified through experiments. Let's first take a look at the "key proteins" unearthed through topological analysis.
The top 20 results show that almost all of them are familiar faces - TP53, EGFR, and AKT]1 are all included,
indicating that the algorithm didn't make wild guesses. Interestingly, one of the originally less well-known
proteins has unexpectedly become a bridge for the signaling pathway. After we knocked it down, the activity of
both pathways dropped, which actually confirmed its crucial position. Then, we selected several pairs of new
interactions predicted by the model for verification. We measured two pairs using the Co-IP experiment. One pair
successfully detected the binding signal, while the other pair did not see any bands, possibly due to incorrect
conditions. The successful couple has already been added to the map by us. Looking at the module level again, a
group of mitochondrial proteins have aggregated into distinct subnets with consistent functions. The modules of
those five unknown proteins are intriguing. We checked the co-expression data and found that they were always
upregulated simultaneously. We also saw in a preprint that two of them did indeed appear in the same complex.
Although these are just clues, they are sufficient to show that the direction of the graph prediction is valuable.
Overall, it can not only reproduce known patterns but also generate new hypotheses. However, it is still a bit far
from being "completely reliable", and experimental verification remains a crucial step (Collura et al., 2007; Zhan
et al., 2024).

6 System Implementation and Application

6.1 System architecture and visual interface design

To make it more convenient for researchers to use this knowledge graph of molecular interactions, we have
developed a prototype system, which can be regarded as integrating the "graph" into an interactive interface. The
system architecture is not complicated, with the front-end and back-end separated: the back-end uses Neo4j and
Flask, and the front-end uses Vue with D3. The database holds nodes and relationships, and the API is responsible
for data retrieval, such as inputting /query? protein=BRCAI1 can return the list of proteins that interact with it.
Users don't need to write query statements; they just need to click on the interface. The front end looks like a
rotatable mind map, with proteins as dots, diseases as squares, and small molecules as triangles. The lines are
connected, and by hovering, the relationships can be seen. Want to keep going? Just tap the node to expand. Too
much information can also be filtered out, such as only looking at experimentally verified interactions. The
sidebar can also display the centrality value and module affiliation, and the thickness of the edge represents the
strength of the evidence. If you want to see if there is a connection between two proteins, just input them to
highlight the shortest path. Click on any side and you can also see the literature information and PMID link. The
prediction relationship is also clearly marked, along with the reasoning path. Several biologists tried it out and
found the operation natural, as easy as browsing the web. Although the system is a prototype, it has stable
performance, a fast response, and also leaves sufficient room for future expansion (Peng et al., 2022; Glen et al.,
2025).

6.2 Application scenarios

The uses of the molecular interaction knowledge graph are actually quite diverse, and different people can do
different things with it. For researchers, it is more like a knowledge map that can "come alive". In the past, to
check the interaction of a protein, one had to switch back and forth between several databases. Now, just search
for the name directly, and all the online, annotation and literature information will be clearly visible on one screen.
For instance, when studying a new gene, one can simply click on the node to see which known carcinogenic
proteins it is connected to, thereby inferring its possible pathways. For doctors, the atlas can also help identify the
cause of the disease. When the patient's mutant gene is introduced, the system will mark the intersection points in
the network and indicate which signaling pathways may have problems. It can also be used in new drug
development. Researchers can look for potential targets in disease networks or explore new indications with
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existing drugs. In education, it is also a useful teaching tool, allowing students to directly observe how signals are
transmitted layer by layer. Data engineers can also use it as a graph analysis platform to extract features, calculate
network metrics, and even connect to Al systems for question-and-answer. Overall, this atlas can not only be
searched, viewed and "thought about", but also will be indispensable in the future, whether in scientific research,
clinical practice or teaching (Lu et al., 2025).

6.3 Scalability and interoperability

To ensure that this knowledge graph system can survive for a long time, we left as much leeway as possible
during the design process. The data part is the most prone to change - new molecular types and new interaction
relationships can emerge at any time, so the system is not dead. To add content, simply give the node a new label
and import new data. There is no need to change the architecture. The ETL process can also be run repeatedly, just
like regularly updating BioGRID data, with the difference parts directly imported increentially. If the data keeps
piling up larger and larger, switching to the enterprise version of Neo4; or distributed deployment can also hold up,
and the front end doesn't need to modify a single line of code. Functionally, we follow a modular approach. New
features can be used as soon as they are installed, just like plugins. I tried adding a relationship prediction module
before, and it only took a few lines of interface code to run it successfully. It won't be difficult to add path
algorithms or time series analysis later. Intercommunication has also been taken into account. The system
supports apis and SPARQL endpoints, and external platforms can directly retrieve data. Each node on the
interface can jump to an external database. For example, clicking on a protein will lead to Uniprot. We also tested
importing the data into Cytoscape and directly connecting it to NCBI for comparison, and it went quite smoothly.
There are also loopholes left in the security aspect, making it convenient to connect to OAuth or manage
permissions later. Overall, this system is flexible enough, scalable and can also keep pace with other platforms
(Stear et al., 2023; Glen et al., 2025).

7 Challenges and Prospects

7.1 Data heterogeneity and dynamic update issues

Although the knowledge graph of molecular interactions has a broad prospect, it also has many troubles. First of
all, the data is in a mess, with too many sources and too diverse formats. It includes both structured data and a
bunch of literature texts and semi-finished products. Different experiments and database standards operate
independently, resulting in varying degrees of reliability. When constructing a map, it is often necessary to
manually remove duplicates and unify naming. For instance, in PPI, the same protein may be written with several
alternative names, and there may also be duplicate names across species. Multi-omics integration is even more
challenging, as data conflicts arise as soon as they are fused. In the future, we will have to rely on smarter
algorithms to automatically align and reduce manual patching (Xiao et al., 2023). The second issue is the update
problem. Biological research is advancing at an astonishing pace. New discoveries are made every day, and
relationships that were valid yesterday may be overturned today. If the graph is not updated in a timely manner, it
will lead to the wrong rhythm. Especially for the relationship related to drugs or diseases, if the old information is
not revoked, the model analysis will be biased. To solve this problem, it is not only necessary to add new data, but
also to be able to remove the old and retain the version. Perhaps a timestamp, confidence level or even an
expiration date can be added to each relationship. In addition, automatic text mining is added to enable the system
to discover on its own which knowledge should be updated (Hoyt et al., 2019). Over time, redundant data also
needs to be cleared to prevent the graph from becoming bloated. Ultimately, for this system to always "survive", it
must be able to adapt to changes and evolve on its own. Only in this way can it truly become a breathing
warehouse of biomedical knowledge.

7.2 Model interpretability and knowledge uncertainty

The "black box" problem of models is particularly prominent in the biomedical field. Algorithms can produce

results but cannot explain "why" clearly, which makes it difficult for researchers and doctors to be fully convinced.

For instance, the model claims that proteins A and B interact with each other, but if no reason is given - even if it's

just a simple statement like "They are both involved in the same pathway" - the conclusion would seem empty.

For this reason, many studies have begun to attempt to make models "speak": find paths, draw subgraphs, and add
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rules. Sometimes the model can be interpreted as "A is connected to B via X and Y", or the most critical local
structures can be marked. Such results are more acceptable. The ideal system in the future should be able to
provide reasoning basis like a human being, rather than merely throwing out a score (Rajabi et al., 2022). On the
other hand, the issue of uncertainty is also tricky. Biological knowledge has never been black and white. Some
interactions only hold true in specific cells, and some conclusions remain at the hypothesis stage. If a graph is
described entirely by definite relationships, it will instead be distorted. A more realistic approach is to score each
edge and indicate the confidence level. For instance, 0.8 represents high support, while 0.3 indicates insufficient
evidence. In this way, when doctors see the prediction that "drug X may act on disease Y", they can also have a
clear idea. One more point needs to be reminded: The incompleteness of the map does not mean "there is no such
relationship"”, but just "it has not yet been discovered". It would be best for future systems to present such a
grayscale, for instance, allowing users to see confidence intervals, literature differences, and even providing a
"counterexample" button to help people understand the boundaries of knowledge (Bahaj et al., 2024). Science has
always advanced in uncertainty, and knowledge graphs should also learn to recognize this.

7.3 Future development direction

The molecular interaction knowledge graph is just the starting point; there are simply too many directions for
future development. For instance, multimodal fusion - most of the current graphs only handle structured data,
which seems a bit "thin". If the molecular structure, cell images and even the content of the literature could all be
integrated, the information would be much more three-dimensional. Imagine that after the protein-protein
interaction network is combined with the three-dimensional structure, researchers can directly see where the
interaction interface is. For instance, intelligent question answering. In the future, researchers may not need to go
through databases. They just need to ask, "Which proteins are involved in insulin signaling and are related to
Alzheimer's disease?" The system can answer and also provide the literature path. The scene where a doctor asks
about the patient's condition and the system makes a diagnosis is not far from reality. The collaboration of
knowledge graphs is also a trend - relying on a few database teams for updates is clearly insufficient. In the future,
perhaps everyone will be able to upload new discoveries, allowing knowledge graphs to grow and roll like
Wikipedia. Of course, to ensure quality, audits and standards are indispensable. There are also more cutting-edge
directions such as cross-species and spatio-temporal maps, which not only allow for the observation of differences
but also the tracking of dynamic changes in life processes (Lopez et al., 2024). Even the graph can guide
experiments in reverse, with machines proposing hypotheses, automatically verifying them, and then providing
feedback for updates. By then, scientific research and Atlantis may have merged into one. In other words, this
technology is just getting started, and its future is more wonderful than we can imagine now.

8 Conclusion

This research is essentially answering a question: How to organize the scattered information on molecular
interactions into a knowledge system that can be understood by computers and directly used by researchers. Let's
start with the most basic data. First, process the biological information from various sources, unify the names,
relationships and formats, so that they can make sense on the same picture. Next comes the modeling process,
which involves determining which nodes to count, which relationships to count, and what kind of structure to use
to accommodate these elements. After the graph was set up, we also implemented an automated process to make
the construction process more like an assembly line, allowing for repeated execution. The analysis part is more
like mining: using embedding learning methods to convert the graph into vectors that machines can calculate, and
then identifying key molecules and potential functional modules through metrics such as centrality and
community. We chose protein-protein interactions as a case study, and the results were quite interesting. Besides
reproducing the known relationships, we also unearthed some new interactions, and even had experimental
support. Finally, we also developed a prototype system that can be both checked and viewed. Overall, this
framework has successfully completed the process of "construction - analysis - verification - application", laying a
solid foundation for more complex graph research in the future.

This research is not merely a matter of technology stacking. First, we brought the idea of knowledge graphs into
the field of molecular interactions, attempting to use it to integrate biological data that "speak different languages"
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from each other. Modeling, automated construction, and heterogeneous data fusion - these seemingly dull parts
actually support the entire framework. We also wanted to see if it could truly serve scientific problems, such as
identifying key proteins and recognizing functional modules. Therefore, topological analysis was introduced,
treating the atlas as an experimental field in systems biology. The extent to which the model can explain has
always been a pain point. We have added an "evidence path" in the reasoning stage, making the prediction no
longer just about the result but also allowing us to see the process. On the other hand, we have also developed a
practical system by ourselves, incorporating tens of thousands of protein interaction relationships, allowing
researchers to directly query and analyze them. Even more surprisingly, through the prediction of the atlas, we
really discovered and verified new protein-protein interactions, which indicates that it is not just a theoretical tool
but can bring about new biological discoveries. It can be said that this work has opened up a gap in concept and
built a step in practice, leaving room for more complex applications in the future, such as clinical diagnosis and
drug design.

Although we have already built the prototype of the knowledge graph of molecular interactions, it is still far from
being "complete”. The next step is to expand the scale - not only to look at proteins, but also to incorporate aspects
such as transcriptional regulation and metabolic pathways, making the map more like a true molecular panorama.
Of course, this also means that the data is more complex and the relationships are more chaotic, and our methods
need to be refined again. Algorithmically, we also aim to take another step towards explainability, such as
introducing the causal reasoning approach, so that the model can not only predict but also clearly explain "why".
Knowledge graphs are not static either. We plan to attempt modeling in the time dimension to see how the
interaction network changes during the disease process. The system should also be more flexible, allowing for
direct invocation in R or Python. It would be best if biologists could use it without learning new systems. We also
plan to carry out more cooperation in the future and apply the atlas to real research, such as assisting in the
analysis of rare disease mechanisms or the screening of drug targets. Ideally, researchers can not only use it but
also feed their new discoveries back into the graph, allowing the system to "grow knowledge" on its own. Overall,
our paths can be roughly divided into three: larger, smarter, and more practical. This is just the beginning. There is
still a long way to go.
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