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Abstract

In silico drug prioritization may be a promising and time-saving strategy to identify potential
drugs, standing as a faster and more cost-effective approach than de novo approaches. In
recent years, artificial intelligence has greatly evolved the drug development process. Here,
we present a novel computational framework for drug prioritization, labyrinth, designed to
simulate human knowledge retrieval and inference to identify potential drug candidates for
each disease. With the integration of up-to-date clinical trials, literature co-occurrences, drug—
target interactions, and disease similarities, our framework achieves over 90% predictive
accuracy across clinical trial phases and strong alignment with clinical practice in TCGA cohorts.
We have demonstrated effectiveness across 20 different disease categories with robust ROC-
AUC metrics and the balance between predictive accuracy and model interpretability. We
further demonstrate its effectiveness at both the population and the individual levels. This
study not only demonstrates the capacity for its drug prioritization but underscores the
importance of aligning computational models with intuitive human reasoning. We have
wrapped the core function into an R package named labyrinth, which is freely available on
GitHub under the GPL-v2 license (https://github.com/hanjunwei-lab/labyrinth).
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1 Introduction

Drug prioritization, or drug repositioning, has emerged as a promising strategy in drug
development, standing as a faster and more cost-effective approach than de novo approaches?.
By identifying novel indications for existing drugs, computational drug repositioning relies on
large-scale biological data to yield a more robust and reliable result?, thus reducing the costs
and enabling the potential for large-scale drug screening. Knowledge graphs have been used
extensively in the recent few years in drug discovery for rare diseases as they integrate diverse
biological and medical data and offer a structured approach to researchers in life sciences®.

Several studies have successfully employed knowledge graphs in this area. Knowledge graphs
are a large-scale, graph-structured databases integrating various types of data to represent
entities, their relationships, and their semantic attributes. For instance, PrimeKG is a
multimodal knowledge graph for precision medicine analyses to integrate 20 high-quality
resources to describe 17,080 diseases with 4,050,249 relationships representing ten major
biological scales®. Similarly, a comprehensive drug knowledge graph for the knowledge-driven
drug repurposing method showed a promising knowledge graph®. Furthermore, SMR
constructs a high-quality heterogeneous graph, integrating electronic medical records and
medical knowledge graphs to avoid adverse drug reactions®, also highlighting the importance
of embedding techniques in enhancing graph-based predictions. However, these methods
often lack the flexibility and context-aware reasoning that characterize human expertise in this
domain.

Simulations of human cognitive abilities have shown great potential in learning and prediction.
Human memory, especially long-term memory (LTM), serves as an inspiration for organizing
diverse data types. It includes explicit memory and implicit memory, which enables humans
to retrieve relevant information, identify patterns, and make optimal decisions, abilities that
are usually lacking in computational drug discovery approaches. While our understanding of
human memory is limited, the spreading activation network has proven to be a model with
high explanatory power in explaining phenomena in human LTM’. In spreading activation
networks, concepts and memories are represented as nodes, with their associated elements
connected by edges®. It can be schematically represented with shorter or more substantial
edges indicating a closer relationship between two nodes, typically resulting in a higher rate
of recall®.

Humans excel at considering problems from various perspectives, displaying greater flexibility
in knowledge association compared to computers. Our work extends these perspectives by
simulating cognitive processes in drug prioritization, uniquely integrating diverse medical
knowledge sources into a human-like reasoning model. Here, we developed labyrinth, a
computational framework that simulates human knowledge retrieval, specifically designed for
drug prioritization in clinical settings. It addresses the main objective by identifying and
prioritizing existing drugs for potential prioritization through the simulation of human
cognitive processes, while aligning these predictions with real-world clinical outcomes. By
integrating multiple sources of prior medical knowledge including clinical trials, literature
cooccurrences, drug—target interactions, and disease similarities, labyrinth identifies potential
drug candidates using a human-like knowledge retrieval approach. Our validation of labyrinth
through several case studies illuminates its potential to offer unique insights by integrating
biologically meaningful information with text-based data into a comprehensive model for
addressing human diseases. We have wrapped the core function into an R package named



labyrinth, which is freely available on GitHub under the GPL-v2 license
(https://github.com/hanjunwei-lab/labyrinth).

2 Materials and methods

2.1 Main components of /labyrinth

We introduce labyrinth, a novel computational framework that simulates human cognition and
decision-making processes to prioritize drugs for complex disease treatment. Figure 1 depicts
the simplified schema of labyrinth. It integrates two major knowledge sources: text-based
information from medical corpora and biological knowledge from function interaction
networks.
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Figure 1. A simple schema of the labyrinth. We trained labyrinth through the integration of
dual knowledge sources: text-based and biology-based. It calculates drug-disease proximity by
analyzing the separation within a biologically meaningful functional interactome network.
Next, clinical trial information is transformed into structured information to assign weights to
drug-disease pairs, while literature from the Scientific Index (SCl) collection from the Web of
Science is processed to extract drug—disease relationships, which are then represented in an
n-dimensional vector space. Cosine similarities between drugs and diseases generate a matrix
enriched with citation network analysis to capture the temporal influence of research papers,
using citation burst ranges as weights. These processes culminate in a matrix that reflects
research interests, which is combined with a biological knowledge matrix through probabilistic
computation to simulate human knowledge retrieval for drug prioritization with the best
efficiency. This simulation aims to mimic a professional clinician’s decision-making process by
mapping patients to potential treatments based on disease relevance and treatment efficacy,
ultimately identifying candidate drugs with the highest potential for the patient’s benefit.
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The text-based component innovatively incorporates large volumes of textual data that are
distilled into a knowledge network suitable for efficient retrieval. Clinical trial information is
analyzed to extract the maximum phases reached for specific drug—disease pairs, which are
then assigned weights accordingly. For drug—disease pairs without clinical phase information,
labyrinth employs the word2vec algorithm to generate n-dimensional embeddings and
calculate cosine similarities as proximity scores. Additionally, citation burst analysis is
performed on the medical literature to quantify research interests for each drug—disease pair,
resulting in a comprehensive matrix that reflects research interests. All of the parameters are
default in this paper unless explicit explanation is given.

In the biological component, labyrinth evaluates the network proximity between drug target
modules and disease gene modules within the functional interactome network. This proximity
metric captures the biological relevance between drugs and diseases.

The final knowledge network integrates the textual and biological matrices through
probabilistic computations. This simulates the human process of storing relevant knowledge
in long-term memory for decision making. The reasoning process inside labyrinth is inspired
by human cognitive principles with enhanced interpretability. Labyrinth then applies the
random walk with restarts (RWR) algorithm on the integrated knowledge network to prioritize
drugs, mimicking how clinicians abstract patients to several potential diseases and their
severities when making treatment decisions. After making inferences, drugs with higher scores
are considered more promising candidates for treatment.

2.2 Data collection and processing

Labyrinth leveraged multiple authoritative data sources to construct a comprehensive
knowledge base for labyrinth. Drug information, including nomenclature, targets, and
indications, was extracted from DrugBank, CTD, and ChEMBL databases (Figure 2A) so that
drugs with identical chemical formulas were considered identical compounds and
deduplicated information was obtained (Figure 2B). Clinical trial data was sourced from the
Cochrane Library, while co-occurrence patterns in published literature were mined from the
Web of Science corpus (Figure 2C). Functional relationships between proteins were compiled
by integrating seven interaction databases into a unified network.

Text data from over 10 million publications underwent thorough preprocessing, including stop
word removal using the approach proposed by Gerlach et al'® and term vectorization via Skip-
gram models!!. In parallel, structured drug—disease relationships were quantified based on
clinical trial phases, citation analysis, and network proximity between gene sets [Figures 1,
2C(l1), (I))]. These heterogeneous data streams were probabilistically combined into an
integrated knowledge graph.

2.2.1 Normalizing drug names

To acquire drug records from the Web of Science (WOS), it is essential to search drugs by their
names. Drugs that are chemically equivalent can possess multiple synonyms, even though they
are identified by one generic name. Figure 2B demonstrates the various names and identifiers
for the three specific drugs. Our study incorporates three main sources of drug information:
DrugBank, ChEMBL, and CTD to extract synonyms for the same drug, with detailed counts
depicted in Figure 2A.



Rydrochionde; levosatbutamol
Hydroctionde levaibuteral

MLChAD 2 Integrated  Cleaned
Gcrevsl @ORUGBANK sgctd versin  version
Independent ns7 15,235 114853 —» 16716 15827 ool
Eompour CHEMBL1201061 ®
Compound 20,625 24017 276.494 70802 78675 o
%ﬂ'g’ @Xapentx
'mf Mopenex HFA
Qa.\mac:. g ﬁ'*%%‘ﬁefge .
Qmwdlns. Leyosaibutamol
CHEMBLA znaur. R aiRer . ] i
CHEMBL100
Quinidine gluconate .ﬁ‘s‘ 1096
B Clobaetasol 17 propkitate Emwenigs £ Guinider extentabs Levabutens! (arate .DB1 3129
i ey rq ;“; & Cin-quin
&ﬁm:? Jooml En':e"dﬁ" . . Dremavate buraquin Quinaglute @'eosanutamo
DB11750 coel @y, 1@
CHEMBL1201362 (@)  cosetasal @55 cuinora @PCHEMBL1294 @ cHemaLisssess
n lobex s = o Mirvichn
Celsnezon @ © @ osotots “unE  DB00g0S
Ok E\JETWH"'_QEIS b= qmﬁs.‘ﬁﬂ
= ChEMBLID  Giopetasol 17-propionate @) @ CHEMBL1159650 @6 © @
DrugBank 1D ik "Quinidine sulfate i
HECLIN
I Names from DrugBank cﬂm.,a’ impoya @ 'ﬁmu‘.r @ 3
B Names from clinicaltrials.gov Te@m chi @Go\-u.rs.e@se
/] vate hoa
Il Names from rxnorm reorex(@) @ #eoquiniane. @aunicardne g..‘m polygatacturonat

B Names from CTD
Recognized chemicals

s @creveer @cHemsLsroriss
Apo quinidine

c (1} Obtain the text and store them as structured data (I1) Identify and remove stopwords (I} Compute drug-disease distance
'—] ’— '— IE_\pul layer Hidden layer Output layerWord probabilities
12 Clarivate |tokenize :

\

Web of Science” Dovnioad ,

sentence segment

; \
,/ tokenize °,
+@ : i

\

N
Citation network {Skip-grar,

— |_ . S hectorzation
. @ ® e Extract. ’ x
o. @ & 4 relationships Computeftoken entropy
& g

L o I ockedong avaess g : o
vl - Remaving the high- : . e
Abstract Drug frequency tokens 7 ! :
\\ Jf //

Exiraci - »
® B
structures I iy J AR

[ b ®ig -
W Unepproved ndcasons. undes casc IIIUS
Unappioved indcasors. kack of ovidenos
HNowal insealions.

Structural text data

Figure 2. Data preparation process of labyrinth. (A) Integration of drug information from three
distinct databases. (B) Network linking of drugs by name or chemical formula; we consider the
drugs in each disjoint subfigure to have the same chemical structure. (C) Literature text
preprocessing workflow. First, texts from the Web of Science are structured and analyzed for
paper relationships. Second, text tokenization identifies and removes high-frequency stop
words. Finally, we adopted Skip-gram to vectorize the tokens into embeddings, with drug—
disease distances calculated via cosine similarity.

DrugBank is a comprehensive network-based repository containing extensive molecular
information on drugs, including details on targets, labels, chemical properties, indications, and
clinical trials®2. In this study, we extracted 15,235 independent drugs and 24,017 drug names
from DrugBank (version 5.1.10, January 2023).

ChEMBL is a large-scale bioactivity database designed to support drug discovery by providing
extensive open data on the bioactivity of drug-like compounds®>*4, It facilitates the answer to
key scientific questions, including those related to health. We retrieved information on 11,907
drug-target interactions and 51,582 unique drug indications from ChEMBL.

The Comparative Toxicogenomic Database (CTD) is a robust and expansive public resource
aimed at elucidating the impacts of environmental chemical exposures on human health?®.
Documenting over 30.5 million toxicogenomic relationships among chemicals, genes, and
diseases, CTD is indispensable for research in toxicology, environmental health, biology, and
pharmacogenomics. Our study incorporated 114,653 independent drug entries from the CTD.



We constructed an undirected network featuring drug names and assumed connections
between names or identifiers of the same drug, while ensuring no links existed between
different drugs. As Figure 2B shows, the network was initiated using DrugBank IDs as source
nodes, which were then connected to drug names, brand names, and external links of ChREMBL
ID found in DrugBank. This process was repeated in UniChem (updated on April 10, 2023), a
comprehensive, non-redundant cross-reference database linking ChEMBL IDs to other
external databases'®. Due to the absence of names in the local dump in ChEMBL, we linked to
DailyMed, ClinicalTrials, Rxnorm, and Expression Atlas to gather drug names. Subsequently,
drug names were downloaded from the CTD and integrated into the original network.

Finally, this network construction resulted in the identification of 16,716 unique drugs and
79,892 names (Figure 2A). Prior to batch searching on WQOS, we scrutinized the query terms
and excluded compounds not typically distinguished from common foods, with removal
criteria outlined in Table S4. This led to the removal of 889 compounds, leaving 15,827 unique
drugs and 78,675 synonyms (Figure 2A). In this network, each chemical entity is assigned to a
unique cluster ID without considering dosages and administration methods (as shown in
Figure 2B). Different formulations of the same active chemical compound are grouped under
one ID. For multicomponent drugs, we treated them as distinct entities with cross-references
to individual components.

2.2.2 Obtaining the text and construct drug-wise citation networks

Figure 2C depicts the comprehensive data preprocessing flow utilized in this research. Initially,
we retrieved the papers from WOS to establish a vast citation network, capturing the
relationships among these papers with the details stored as structured textual data.

Bibliographical and citation data were meticulously searched for and acquired from the WOS
database, which integrates multiple databases to furnish access to reference and citation
information spanning various academic disciplines, with coverage extending from 1900 to the
present. By integrating the varied compound names of drugs, we formulated query statements
through the concatenation of the different names of a certain drug using “OR”. Subsequently,
we manually downloaded all the records related to 15,827 drugs from the WOS Core Collection
(akin to the Scientific Index, SCI) before April 2023, chosen for its inclusion of both high-quality
papers and citation data'’. Next, we then constructed a citation network culminating in a total
of 10,535 drugs with at least one record in WOS core collection, culminating in a total of 10,535
citation networks.

2.2.3 Identifying stop words using information entropy method

Stop words are commonly used words in any language, aimed at omitting uninformative words
and phrases to conserve storage spaces and enhance search efficiency. Essentially, the
exclusion of stop words generally does not adversely affect the outcomes. Stop words typically

include terms like “the”, “a”, “an”, and “and” that are frequent, noncontributory usage words
in text.

There exists no standardized approach for identifying stop words. Currently, the standard
strategy involves employing a manually curated list of words considered to be uninformative?®,
While several widely recognized stop word lists exist, their applicability is limited due to the
omission of domain-specific terminology. For instance, words like “abstract”, “keyword”,
“method”, and “acknowledgement” may be rarely used in everyday language but are prevalent



across academic papers, indicating the need for a more nuanced approach to stop word
selection.

Traditional mainstream methods for identifying stop words, such as word frequency in
documents and term frequency and inverse document frequency (TF-IDF), are less reliable
across studies, thus making them less reliable for identifying stop words uniformly. In our
research, we extracted stop words by randomly sampling 1% of the documents, segmenting
these documents into word tokens, and then applying a reliable and state-of-the-art technique
proposed by Gerlach et al’®. Finally, we defined stop words as those with an absolute
information content less than a threshold of I* < 0.2.

2.2.4 Acquiring high-quality human diseases and clinical information using
Cochrane Library

The Cochrane Library is a collection of high-quality, independent medical and healthcare
evidence, including systematic reviews, actionable clinical answers, and reported controlled
clinical trials with either randomized or quasi-randomized®®. By utilizing its search API, we
acquired synonyms for all human diseases and information on clinical trials from the Cochrane
Library. In this study, we retrieved an average of 2.33 synonyms across 2,333 diseases with
MeSH ID.

2.2.5 Analyzing drug-disease distance using Skip-gram

After removing the stop words with I* < 0.2, we then employed the Skip-gram algorithm to
vectorize the drug and disease mentioned in the medical corpus. Skip-gram is a
semisupervised machine learning technique designed to identify contextually relevant words
for a given target word by representing them as n-dimensional vectors, known as word
embeddings!. The vector representation process begins with comprehensive text processing
of our medical corpus, where both drug and disease terms are tokenized and vectorized
together. The Skip-gram model learns contextual relationships by analyzing how terms co-
occur and relate to each other within the literature. Upon completion of the model training
on the corpus associated with each drug, these 300-dimension word embeddings successfully
captured the semantic meanings of all included texts.

2.3 Model construction and relationship quantification

2.3.1 Compute clinical status indicator as drug-indication relationships

The first part of our model focuses on the drug-indication relationships. We sourced these
relationships from the ChEMBL database®®, which catalogs indications for drugs approved
worldwide by authorities such as the FDA, WHO, EMA, and BNF, along with clinical candidate
drugs undergoing clinical trials evidenced by USAN, INN, or ClinicalTrials.gov. The value of the
max phase attribute reflects the furthest stage reached in clinical development for a particular
drug, aligned with clinical trial status: approved (4), phase 3 (3), phase 2 (2), phase 1 (1), and
preliminary clinical investigation (0.5). We use the max phase incremented by one as an
indicator of clinical status.

However, the ChEMBL database lacks comprehensive coverage of all current indications,
particularly missing preclinical data on drugs prior to Phase 1 clinical trials. To address this gap



in our study, instead of merely substituting missing values with zeroes, we employed cosine
similarities between specific drugs and diseases to fill these missings. To calculate similarities
between drugs and diseases, we employ a unified vector space representation obtained from
the Skip-gram model?°, ranging from -1 (exact opposite) to 1 (identical), with intermediate
values indicating varying levels of similarity or dissimilarity.

Our approach processes the entire medical corpus simultaneously, ensuring all terms are
embedded within the same n-dimensional semantic space. Since all vectors share the same
dimensionality and are trained within the same semantic context, the application of cosine
similarity is mathematically valid. This relationship measure is computed using the Euclidean
dot product formula for two vectors, v; and v,, expressed as:

L B T (1)
lv vl

The distribution of these cosine similarities across different clinical stages is shown in Figure
S3A. We put our focus on clinical trial records, since they provide standardized, structured
information about drug—disease relationships with precise terminology and validated
therapeutic associations. Instead, all of the scientific corpus is huge and sometimes
contradictory discussions.

cosine similarity = cos 8§ =

2.3.2 Link drug indication and clinical trial information

Using the Cochrane Library, we extracted all clinical trial information and linked them with
relevant publications, resulting in 1,588,863 entries. We then associated each clinical trial
record with the corresponding disease by performing keyword-based matching. This process
enabled us to make clinical trial IDs with the associated literature and categorize the literature
into groups, distinguishing between those with and those without clinical trials.

2.3.3 Assessing the proximity between disease genes and drug targets in the
network

We also downloaded drug target information from DrugBank and ChEMBL. After removing
duplicated items, we employed the network separation metric sy to validate the extent of
overlap between a potential drug target set (module T') and disease gene sets (module D) in
a biologically meaningful network such as a protein—protein interaction network. Let G(V, E)
represent the protein—protein interaction network; for any protein set, A, B €V, sy
represents the shortest path length between these two protein sets. The network separation
metric compares the mean shortest distances between two modules and is defined as:

sp=d =22 (2)
where d is the between-module distance between T and D, and either wy or wp is the
within-module distance within each module A and B. All the indexes (d, wr, wp) are
calculated by the mean shortest distance of s45. Accordingly, the separation metric syp < 0
indicates network overlap, whereas s, > 0 indicates nonoverlap®. The distribution of all the
separation metrics is shown in Figure S4A.



2.3.4 Compute the importance of indications over time spans

Citation networks capture broader research impact and knowledge evolution. Sigma (Z) is a
widely used metric in identifying pivotal literature within a specific domain and gives insights
into the evolution of scientific thought over time?2. It combines the structural significance of
nodes (as measured by betweenness centrality) with their temporal prominence (denoted by
citation burst) properties of a hode? into a singular metric computed as £ = (centrality +
1)burstiness \vhere higher values signify works of greater influential potential.

Betweenness centrality quantifies the degree to which a node serves as a bridge along the
shortest paths between other nodes, reflecting its strategic position within the network?*. A
node with high betweenness typically links diverse clusters, facilitating the flow of
information?. In this context, the betweenness centrality gauges the prominence of papers
within the cocitation network related to a drug.

Burstiness in bibliometrics measures the frequency and intensity of citation spikes for a node
in the cocitation network, indicating periods of heightened interest or activity?>. Generally, it
serves as a tool to outline and foresee research trajectories and thematic shifts within a
specific field?®. The burstiness index for individual papers can be determined using Joh
Kleinberg’s algorithm?’.

Our approach extends beyond the immediate influence of papers by focusing on their
historical significance. Consequently, we diverge from CiteSpace methodology by aggregating
the sum of burst durations identified by Kleinberg’s algorithm for all papers and then
normalized against a base of 19,500 to estimate burst range coverage. The distribution of the
computed Sigma is shown in Figure S4B.

2.3.5 Construct the priority score by integrating proximity and a prior information

Having determined the Sigma for each piece of literature and the proximity distance for each
disease—drug pair, we devised a priority score for these pairs. The distribution of this priority
score is illustrated in Figure S4C,D.

We calculated two Sigma values for each pair, the average Sigma value for the literature with
a clinical trial and the average Sigma value for the literature without any clinical trial. We then
computed these two Sigma values to derive the disease—drug Sigma score. This score was
subsequently adjusted using Yeo-Johnson normalization?® and computed the robust z scores®°.
Finally, the priority score for each disease—drug pair is determined using the formula g =

J(s + 1) - (ps + 1) — 1, where py and p; represent the cumulative probabilities of the
Sigma and separation metric, respectively. These metrics gauge the likelihood of encountering
values less than or equal to each element within the data set. Overall, a higher priority score
suggests a stronger potential for significant treatment effects.

2.4 Technical details in making predictions

2.4.1 Assign disease weights in RNA-seq data

In earlier steps, we trained labyrinth on a large medical corpus, intentionally omitting specific
gene details. So, we can use labyrinth by inputting diseases and associated weights. We need
to identify both the gene perturbations caused by the diseases, as well as the specific diseases,
in order to provide treatment information from the sequencing data.



Identifying disease-related genes can be achieved through various methods, including gene
coexpression modules and differential expression analysis. A prevalent method involves the
analysis of gene coexpression networks to determine disease-associated modules’. However,
this technique lacks a definitive cutoff value for determining significant values. Alternatively,
differential expression analysis offers a robust means of identifying genes with notable
changes in expression between different biological states, employing a significance threshold
(i.e., p < 0.05 or pyg; < 0.05).

In our study, we employed the DESeq2 method for the differential expression analysis of count
data derived from high-throughput sequencing assays®'. DESeq2 calculates fold changes and
dispersions in gene expression across varying experimental setups, leveraging generalized
linear models alongside empirical Bayes shrinkage. Following the application of DESeqg2 to our
expression matrix, we processed the Wald statistics generated by DESeq2 through a random
walk algorithm within the network. Subsequently, the identification of diseases was
accomplished via Gene Set Enrichment Analysis (GSEA) employing the DisGeNET database
resources.

2.4.2 Identify disease-related genes in individuals

In contrast to bulk RNA-seq data collected across multiple patients, the challenge of limited
sample sizes for individual patients is significant. To address this issue, we have implemented
robust principal component analysis (RPCA) as an alternative to DESeq2 for scenarios involving
small-sample sizes®2. RPCA effectively decomposes gene expression data into a low-rank
matrix A, representing nondifferentially expressed genes and a sparse perturbation matrix S.
This approach has proven to be highly accurate and biologically relevant in the analysis of
small-sized samples.

2.4.3 Random walk with restarts (RWR)

In this study, we incorporate random walk with restart to mimic knowledge retrieval. It
abstracts the real world for intelligence systems to enable them to solve complex tasks and
reason about the world®. In simulating memory retrieval, the random walk technique mimics
human semantic cognition3*3>, consistent with the process of human memory retrieval. In
theory, the RWR extends the classic random walk model by adding a restart mechanism, which
allows the walker to return to the starting node with a certain probability y at each step. It
operates by repeatedly moving from a current node to neighboring nodes in a graph with a
transition probability of 1 — y, or returning to the source node with a restart probability y.
This process iterates until the visiting probability distribution p converges, satisfying the value
pttt = (1 —y)Mpt + yp°. In the converged pt*1, M is the column-normalized adjacency
matrix with the network, p* = (pt,p%, ..., pt)’ is the visiting probability of each node at time
stept, and p° = (p?,p2, ..., pY)’ represents the initial probability distribution of nodes. The
converged p provides a measure of each node’s importance or similarity relative to the
starting node in the certain network M.

2.4.4 Estimation of the target responsiveness using medical records

Estimating drug target responsiveness poses a greater challenge than assessing single drug
effects, particularly when relying on incomplete medical records. To evaluate the
responsiveness of drug targets within the TCGA database, we first classified outcomes as either
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a response (incorporating both partial response and completed response) or no response.
Subsequently, we directly associated drugs with their respective targets, quantifying the
instances of response and no response for each. Lastly, we employed exact binomial tests
rather than relying on the response-to-no-response ratio to minimize the impact of random
fluctuations inherent in small samples.

2.4.5 Type 1 error rates

We evaluated the Type 1 error rates for identifying disease-related genes. We established a
null matrix comprising 400 elements as a null distribution, arranged in 20 rows and 20 columns.
The first 10 columns were designated as representing diseases, and the remaining 10 columns
were treated as controls. After that, analyses involved conducting Welch t test, Student t test,
and RPCA with different variants, with the two-sided p values being recorded for each. This
procedure was repeated 5,000 times. At predetermined alpha levels of 0.10 (Figure S5A), 0.05
(Figure S5B), 0.01 (Figure S5C), and 0.001 (Figure S5D), our findings indicated that four out of
six tests maintained the test-wise alpha without inflation. Additionally, these methods were
validated against experiment-wise alpha levels of 0.05 (Figure S6A,C) and 0.01 (Figure S6B,D),
both with (Figure S6C,D) and without the application of the Benjamini—Hochberg correction
(Figure S6A,B). The comparative analysis demonstrated that RPCA effectively manages both
experiment-wise and test-wise error rates, especially when integrated with sum squares
controls.

2.4.6 Calculation of ROC-AUC for model evaluation

We evaluated the prediction performance by the receiver operating characteristic area under
the curve (ROC-AUC). For each clinical trial phase (preclinical, phases 1-3, and approved
treatments), we defined positive cases as drugs that had reached or passed that particular
phase, while negative cases were drugs that had not reached that phase. The ROC-AUC
combines true positive, true negative, false positive, and false negative rates into a single
metric, with values ranging from 0 to 1, where 1.0 indicates perfect classification. It is defined

as:
1
AUC = f TPR (FPR™*(x)) dx (3)
=0
where TPR = ”I.‘r.ue Positive _ axnd the FPR = Fz.al.se Positive _
True Positive+False Negative False Positive+True Negative
3 Results

Our evaluation focuses on three key objectives: predictive accuracy in drug-disease association
identification, model robustness under extreme perturbations, and clinical relevance of the
predictions.

3.1 Labyrinthyields promising results in alignment with medical
standards

To validate our approach, we initially evaluated the predictive accuracy across various diseases.
This involved assessing the Spearman correlations between the priority scores assigned by
labyrinth and the established weights in clinical trials alongside proximity metrics for each
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Figure 3. Labyrinth predicts well across all disease categories. (A) ROC curves across five clinical
trial stages, demonstrating ROC-AUC values exceeding 0.90, indicating strong predictive
performance. (B) Box plot of ROC-AUC values for stage 3 drug usability across disease
categories, with dots indicating individual diseases and a red dashed line for the overall ROC-
AUC value. Labyrinth showed a high accuracy is observed in all categories except for
occupational and stomatognathic diseases.

drug—disease pair. Labyrinth exhibited moderate to high correlations, with coefficients of 0.60
for clinical trials and 0.80 for proximity, respectively.

Subsequently, we extended our analysis to encompass all human diseases, aiming to assess
the predictive performance across five clinical trial phases, including preclinical, phases 1 to 3,
and approved treatments. As illustrated in Figure 3A, the ROC-AUC values for all stages
surpassed 0.90 in the entire data set, indicating a predictive success rate of over 90% in
distinguishing between drugs classified for clinical trials or non-clinical trials.

Notably, labyrinth exhibited high predictive accuracy in determining drug usability for Stage 3
across all disease categories except for occupational and stomatognathic diseases (Figure 3B).
Also, cardiovascular, endocrine system diseases, and neoplasms garnered the most significant
benefits from labyrinth. Detailed ROC-AUC predictions for all diseases are provided in the
Supporting Information.

3.2 Labyrinthlearns implicit mechanisms that mediate specific
drug response

Fatty-liver contributes to a 26% increase in overall health costs over five years® and exhibits
disparities across racial and ethnic groups®’. To demonstrate the predictive capability of our
framework in addressing actual human diseases, we chose fatty liver as a case study. We
inputted genes associated with fatty liver from DisGeNET into labyrinth and then identified the
top ten therapeutic candidates (Table S1). Analysis revealed that three targets were common
across four to six repurposed drugs (Figure 4A). These targets were then visualized within a
functional interactome network, highlighted in Figure 4B with fatty liver-related genes
emphasized. Notably, the top three most prevalent genes within this network (PPARG, PPARA,
and ESR1) are directly implicated in fatty liver pathogenesis. PPARG and PPARA are members
of the peroxisome proliferator-activated receptor (PPAR) nuclear receptor subfamily, while
ESR1 encodes the estrogen receptor nuclear receptor subfamily.
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Figure 4. Labyrinth captures druggable targets and pathways: fatty liver as a case. (A) Bar plot
highlighting the frequency of shared targets among repurposed drugs. (B) Protein—protein
interaction network illustrating connections between fatty liver-associated proteins and
repurposed drug targets, with node darkness and size indicating target frequency. The nodes
with labels represent the top ten drug targets. The bolder text represents fatty liver related
nodes. (C) Enrichment analysis of these top drug targets within GO terms. The color represents
the subcategory of the GO term. The bolder texts are fatty liver related pathways. Pathways

are sorted in descending order of log 10 transformed p value.

PPARG is targeted by six repurposed drugs. It plays a vital role in adipocyte differentiation,
adipogenesis, and lipid metabolism, showing significantly elevated expression levels in
patients with non-alcoholic fatty liver disease (NAFLD)3®. PPARA is the second most common
target. It is crucial for fatty acid oxidation regulation, with its hepatic expression often
upregulated by high-fat diets®. ESR1 is the third major target. ESR1 predominantly influences
the liver’s response to estrogens, with ESR1 knockout leading to increased weight and obesity
in female rats3, highlighting gender-specific effects. These findings underscore the significance
of these targets in fatty liver pathogenesis, as demonstrated through animal studies. Despite
the promise of PPAR-agonists in treatment, their clinical application is hindered by potential
side effects such as idiosyncratic hepatotoxicity, fluid retention, and weight gain®.

Additionally, we conducted a Gene Ontology (GO) enrichment analysis of these drug targets
to assess the applicability of the repurposed drugs. As illustrated in Figure 4C, the analysis
revealed that over two-thirds of the top 30 pathways are associated with fatty liver and fat
metabolism, indicating the success of repurposing. Detailed references supporting this
evidence are provided in Table S2.

3.3 Labyrinth aligns with medical practice

As mentioned above, we validated labyrinth using disease genes from DisGeNET. Further, we
assessed its applicability to clinical practice with bulk RNA-seq data from The Cancer Genome
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Atlas (TCGA), a comprehensive database documenting genomic characteristics across 33
cancer types that makes possible to compare characteristics among multiple types*!. Utilizing
treatment records and RNA-seq transcripts from TCGA, we aimed to confirm the alignment of
labyrinth with medical practices.

Upon reviewing the TCGA data, we excluded patients lacking treatment records or with
illogical treatment timelines (e.g., treatments ending before their start date). We further
narrowed the data set by eliminating cancer types with uniform treatment responses,
retaining only five cancer types for analysis.

Our evaluation focused on the usability of repurposed drugs for patients. As represented by
the green dots in Figure 5A, the ROC-AUC values were high across these cancer types,
indicating a strong alignment of labyrinth with clinical practice. Specifically, LUSC and LUAD
showed over 90% coherence, and BRCA and STAD exhibited up to 70% coherence. The ROC-
AUC result of COAD was less promising due to the lack of COAD samples, leading to a
coherence of only around 60%. Detailed methodologies can be found in Materials and
Methods.

Further analysis of the targets of repurposed drugs indicated a potential predictive value for
patient response, as evidenced by similarly high ROC-AUC values shown in red dots in Figure
5A. This suggests that drug prioritization predictions can effectively predict patient responses.

3.4 Labyrinthis robust in corner cases and perturbations

Due to the prevailing risk-averse strategy in drug discovery, alongside a focus on previously
validated drug targets by clinicians, researchers, and pharmacies has led to an oversight of
potentially druggable proteins linked to diseases*’. This trend results in a disproportionate
focus on a limited set of widely studied drugs or treatments as visualized by the long-tail
distribution of drugs in clinical trials. Specifically, a few drugs frequently appear in trials and
papers, whereas the majority are seldom tested.

Beyond drug discovery, the broader fields of science and technology also exhibit a decline in
innovation and a tendency toward conservatism despite an increase in research output* and
the use of positive words**. This conservatism contributes to a knowledge distribution that is
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heavily skewed toward widely studied topics. This bias toward the head of the distribution
hinders addressing niches or corner cases. Compounding the issue, inconsistencies undermine
the credibility of the publications with about half of the publications having found that at least
one primary outcome was changed, introduced, or omitted compared to their written
protocols®. Hence, it is crucial and necessary to examine the robustness when corner cases
and uncertainties.

To assess robustness in facing corner cases, we evaluated the predictive accuracy after
removing the last 10%, 30%, and 50% of the edges from the original model. Despite these
slims, the predictive performance decreased by less than 10% in all cancer types (see Figure
5A). This indicates that nearly 10% of the predictions are impacted in the long run, thus
demonstrating its resilience in corner cases.

Further analysis of clinical trial inconsistencies revealed a minor but significant portion of
protocol discrepancies®. Treating these inconsistencies as random perturbations, we tested
the performance of labyrinth under such conditions by randomly removing edges in its
model*’. As Figure 5B shows, the predictive accuracy remained consistent across all cancer
types, even with up to 50% of the edges dropped. These validations indicate the robustness of
labyrinth against both specific outlier scenarios and random perturbations.

3.5 Labyrinth can be utilized in personalized medicine

Few drug repurposing algorithms are adaptable for both cohort analyses and individual patient
scenarios. We then applied labyrinth to a data set comprising samples from melanoma
patients with clinically acquired resistance to MAPK inhibitor therapies (GSE65185)* to
evaluate its utility in personalized medicine. This data set contains 67 samples from 24 patients,
averaging approximately 2.7 samples per patient. Given the difficulty of performing differential
analysis with such a matrix as above, we instead utilized robust principal component analysis
(RPCA) for our analysis to avoid the scenario that the standard deviation calculation requires
at least three samples per group. The main idea is illustrated in Figure 6A and described in
Materials and Methods.

As for RPCA, having at least three samples per patient is preferable. By selecting patients with
three or more samples, we focused on these nine patients for drug repurposing. The
correlation map is shown in Figure 6B and Table S3, indicating the patient-wise correlation of
0.99, suggesting labyrinth repurposed similar drugs for these patients. Given their melanoma
diagnosis, we analyzed the effectiveness of the repurposed drugs. The correlations exceed
0.80, which highlights distinct differences between patients with MAPK inhibitor-resistant
melanoma and those with typical melanoma. Comparisons with skin cancer yielded
correlations above 0.70. Furthermore, we depicted the principal component analysis (PCA)
plot in Figure S1. Nine MAPK resilience patients are in a cluster, underscoring their shared
characteristics among these patients.

Building on findings by Hugo et al.*® regarding the role of c-Met upregulation in MAPK inhibitor
resilience, we analyzed the top 100 drug targets against melanoma-related genes from
DisGeNET, the MAPK signaling pathway, and the c-Met pathway from KEGG. As illustrated in
Figure 6C, we focused on the largest connected component of the subgraph for readability.
Our analysis revealed that repurposed drug targets are more distantly related to the MAPK
signaling pathway (s = 0.872) than to the c-Met pathway (s = 0.575), with the MAPK
pathway showing greater overlap with melanoma-related genes (s = —0.398) compared to
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Figure 6. Labyrinth can be used in personalized medicine. (A) Overview of using RPCA as an
alternative to differential analysis. (B) Correlation map for nine MAPK-resistance melanoma
patients, compared to those with standard melanoma and skin cancer. (C) The protein—protein
interaction network displaying interactions among repurposed drug targets, MAPK and c-Met
pathways, and melanoma-related genes, focusing on the largest connected component for
clarity. (D) Enrichment of repurposed targets in the KEGG signaling pathway subcategory. The
pathways are sorted by log-transformed p values, with color transparency indicating gene
ratios within each pathway.

the c-Met pathway (s = —0.027). Enrichment analysis in KEGG signaling subcategories
identified the top nine pathways sorted by log-transformed p values, excluding the MAPK
signaling pathway from the list of the top pathways (Figure 6D). This suggests the repurposed
drugs might effectively circumvent the MAPK signaling pathway, potentially destabilizing c-
Met gene expressions.

3.6 Benchmarking against other drug repurposing methods

To evaluate its performance against existing approaches, we utilized a recently published data
set (GSE248619) documenting the phase 2 clinical trial of enzalutamide in metastatic
castration-resistant prostate cancer (mCRPC) patients, which is an androgen receptor (AR)
targeted drug®. This data set was used as a case study to test our model. We compared
labyrinth with four state-of-the-art drug repurposing methods: DTSEA>®, DrugVsDisease®?,
SubtypeDrug®, and CMap>3. To ensure fair comparison, all methods were evaluated using the
same data set with their optimized parameters. In the comparison, we define successful
repurposing as the ability to identify AR-targeted drugs. As illustrated in Figure S7, labyrinth
achieved the highest ROC-AUC (0.773) among all methods tested.
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4 Discussion

Drug repositioning is a critical challenge in contemporary pharmaceutical research. While
existing computational approaches excel at pattern recognition®, they often lack
interpretability and reasoning processes. This study introduces labyrinth as a novel strategy
for recommending existing drugs at both the population and individual levels. Our framework
integrates explicit knowledge (clinical trials and drug—target interactions), implicit knowledge
(literature-derived relationships), and experiential knowledge (expressions and historical
treatment outcomes). This integration occurs within an associative network structure that
mirrors human memory organization, where concepts are linked through meaningful
relationships rather than simple co-occurrences. Our approach qualitatively and quantitatively
validates the utility of labyrinth in identifying potential treatments for human diseases. Our
model is designed as a knowledge-based system that simulates human cognitive processes in
drug prioritization.

We tested labyrinth across various human diseases validated by the ROC-AUC metrics, and
confirmed its predictions align closely with clinical trials. The robustness of the model was
unexpectedly high particularly against random perturbations. However, the predictions of
labyrinth are based on clinical trials, which raise significant concerns about their reliability and
credibility. Approximately one-third of the researchers have admitted to engaging in practices
potentially considered fraudulent, shedding light on the unsettling prevalence of questionable
research integrity within the field. While some researchers justify their fraud practices under
defensible reasons®>, the existence of published fraudulent studies is being verified in large
multicentered random clinical trials, especially given the propensity of medical research to
suffer from untrustworthy clinical trials*® and results®. Thus, it is important to raise the danger
of clinicians getting unreliable results from such a model.

Critically, evaluating the validity of a model solely on the basis of its efficiency in fitting can be
misleading. Like in clinical settings, a clinician relies on their professional training from medical
education, academic literature, reliable information sources from Google, and their own
clinical experience to prescribe or evaluate drug efficacy for their patients. As an example,
labyrinth integrates two independent knowledge sources to simulate human-like knowledge
retrieval for drug prioritization, which limits the methods for validation.

Our methodology is inspired by the human cognitive process of memory retrieval rather than
tuning and fitting an uninterpretable model. Consequently, simplicity often becomes a better
solution when making interpretations®®. However, simplifying the model does not mean
overlooking the complexity of the data or the multifaceted nature of diseases and treatments.
By aiming to model the process of human memory retrieval, we seek to capture this
complexity in a manner that is both intuitive and scientifically sound. A core contribution of
our work is the development of an interpretable model that aligns with human cognitive
processes such as memory retrieval and reasoning. To this end, we aim to construct a model
that not only predicts with high reliability but also aligns with intuitive, common-sense
strategies for knowledge application and problem-solving.

Despite our efforts to perfect this balance of predictive accuracy and minimalism, integrating
the processes for bulk RNA-seq data and individual patients into a unified model remains
challenging. Preliminary experiments revealed a moderate correlation (r; > 0.4) between
disease weights derived using DESeq2 and RPCA methods across five cancer types in the TCGA
database (Figure S2), potentially attributed to the extensive sample heterogeneity within the
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TCGA cohorts. The current version of labyrinth operates at the main disease category level
without considering the subtypes of diseases, which may limit its precision in cases in which
treatment responses vary significantly among subtypes.

Moreover, patient costs may increase as a result of this approach extended to personalized
treatment, particularly when multiple tissue samples are necessary for sequencing. Although
these costs could be reduced by more streamlined methods, the current approach emphasizes
the economic and logistical burdens of advanced sequencing techniques, especially for
underprivileged populations. We consider the practicality and affordability of diagnostic
methods, such as immunohistochemistry against the more sensitive but costlier next-
generation sequencing in detecting biomarkers and isolating subtypes of cancer®®®°. This
consideration is crucial for ensuring equitable access to advanced medical diagnostics across
diverse socioeconomic backgrounds.

In conclusion, labyrinth represents a pioneering approach to drug recommendation,
distinguished by its simulation of cognitive processes and human knowledge retrieval. Its
implications for future research are vast, promising a new direction in the integration of
multidisciplinary efforts toward enhancing personalized medicine. This study not only
demonstrates the potential of labyrinth in revolutionizing drug repurposing but also highlights
the broader challenges of ensuring research integrity and accessibility in the journey toward
advanced personalized medical solutions.

5 Conclusions

We present a computational framework that simulates the cognitive abilities of humans for
drug repositioning and precision medicine applications. Labyrinth integrates multiple data
sources like clinical trials, literature co-occurrences, drug—target interactions, and disease
similarities to identify potential drug candidates in a human-like knowledge retrieval approach.
Combining predictive accuracy with model interpretability, we demonstrate its robust
performance across diverse diseases, underscoring the importance of aligning computational
models with intuitive human reasoning for personalized medicine. By drawing inspiration from
human memory and knowledge association, this interdisciplinary work advances drug
prioritization while highlighting the value of biomimetic artificial intelligence in biomedical
research.
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Figure 1. A simple schema of the /abyrinth. We trained labyrinth through the integration of
dual knowledge sources: text-based and biology-based. It calculates drug-disease proximity by
analyzing the separation within a biologically meaningful functional interactome network. Next,
clinical trial information is transformed into structured information to assign weights to drug-
disease pairs, while literature from the Scientific Index (SCI) collection from the Web of
Science is processed to extract drug—disease relationships, which are then represented in an n-
dimensional vector space. Cosine similarities between drugs and diseases generate a matrix
enriched with citation network analysis to capture the temporal influence of research papers,
using citation burst ranges as weights. These processes culminate in a matrix that reflects
research interests, which is combined with a biological knowledge matrix through probabilistic
computation to simulate human knowledge retrieval for drug prioritization with the best
efficiency. This simulation aims to mimic a professional clinician’s decision-making process
by mapping patients to potential treatments based on disease relevance and treatment efficacy,
ultimately identifying candidate drugs with the highest potential for the patient’s benefit.
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Figure 2. Data preparation process of /abyrinth. (A) Integration of drug information from three
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preprocessing workflow. First, texts from the Web of Science are structured and analyzed for
paper relationships. Second, text tokenization identifies and removes high-frequency stop
words. Finally, we adopted Skip-gram to vectorize the tokens into embeddings, with drug—
disease distances calculated via cosine similarity.
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Figure 4. Labyrinth captures druggable targets and pathways: fatty liver as a case. (A) Bar plot
highlighting the frequency of shared targets among repurposed drugs. (B) Protein—protein
interaction network illustrating connections between fatty liver-associated proteins and
repurposed drug targets, with node darkness and size indicating target frequency. The nodes
with labels represent the top ten drug targets. The bolder text represents fatty liver related nodes.
(C) Enrichment analysis of these top drug targets within GO terms. The color represents the
subcategory of the GO term. The bolder texts are fatty liver related pathways. Pathways are
sorted in descending order of log 10 transformed p value.
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Figure 6. Labyrinth can be used in personalized medicine. (A) Overview of using RPCA as an
alternative to differential analysis. (B) Correlation map for nine MAPK-resistance melanoma
patients, compared to those with standard melanoma and skin cancer. (C) The protein—protein
interaction network displaying interactions among repurposed drug targets, MAPK and c-Met
pathways, and melanoma-related genes, focusing on the largest connected component for clarity.
(D) Enrichment of repurposed targets in the KEGG signaling pathway subcategory. The
pathways are sorted by log-transformed p values, with color transparency indicating gene ratios
within each pathway.
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