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Abstract: Drug repurposing increasingly relies on transcriptomic evidence to identify new 

therapeutic uses for existing drugs or drug-like compounds. This review examines how AI-

assisted gene expression signature reversal contributes to candidate prioritization in drug 

repurposing. The approach compares disease-associated gene expression signatures with 

drug-induced transcriptional profiles, using resources such as the Connectivity Map and 

LINCS as the data foundation. Signature reversal is valuable because it offers a biologically 

interpretable ranking logic: compounds that oppose disease-associated expression changes 

may be prioritized for further study. The reviewed literature suggests that this logic is useful, 

but uneven. Some studies provide evidence that reversal scores can relate to drug efficacy, 

whereas validation-focused work also shows that reversal signals may be confounded by 

broad anti-proliferative effects. AI and machine learning extend this framework by 

supporting high-dimensional expression analysis, transcriptional response prediction, 

expression ranking, and context-aware prioritization. Recent deep learning approaches 

highlight the importance of dose and cellular context when predicting drug-induced 

responses. Overall, AI-assisted signature reversal is most defensible as a candidate triage 

strategy rather than as evidence of efficacy. Its value depends on combining reversal scores 

with pathway interpretation, biological context, and targeted follow-up testing. 

1. Introduction 

Traditional drug discovery is a lengthy, costly, and uncertain process. A new drug usually moves 

through target identification, laboratory testing, preclinical studies, and several phases of clinical 

trials before approval. Even after substantial investment, many candidates fail because they do not 

show sufficient efficacy, raise safety concerns, or perform poorly when translated from experimental 

systems into clinical use. Drug repurposing responds to this problem by asking a different question: 

whether existing drugs or drug-like compounds with available biological, pharmacological, or clinical 

information can be redirected toward new therapeutic indications [1, 2]. Its attraction is not only speed. 

More importantly, repurposing allows researchers to begin with compounds for which some prior 

evidence already exists. 

Transcriptomic resources have made this strategy more systematic. Many diseases are 

accompanied by abnormal gene expression patterns, and drug treatment can also produce measurable 

transcriptional changes. Gene expression signature reversal builds on this relationship. If a compound 
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induces an expression profile that opposes a disease-associated signature, it may deserve priority as 

a repurposing candidate [3, 4]. The Connectivity Map and LINCS provide the key reference space 

for this comparison by linking disease signatures with drug-induced perturbation profiles [5, 6]. 

L1000CDS² further translates this idea into a searchable tool by identifying compounds predicted to 

mimic or reverse a submitted gene expression signature [7]. 

AI and machine learning add a second layer to this framework. Instead of relying only on direct 

database matching, these methods can help process high-dimensional expression data, predict drug-

induced transcriptional responses, rank expression patterns, and prioritize compounds when the 

candidate space is large [8-11]. The most useful contribution of AI is therefore not simply automation. 

It can change how researchers move from noisy transcriptomic data to a smaller, more interpretable 

candidate list. Yet this advantage introduces a harder interpretive problem: a computationally strong 

reversal pattern is not necessarily a disease-specific therapeutic signal [12]. 

This review asks the following research question: How can AI-assisted gene expression signature 

reversal improve candidate drug prioritization in drug repurposing? To answer this question, the paper 

first explains the theoretical basis of drug repurposing, signature reversal, and CMap/LINCS-based 

comparison. It then reviews studies on CMap/LINCS resources, signature reversal methods, and AI-

assisted prioritization. The final discussion evaluates where the combined approach is strongest, 

where it is most vulnerable, and how it should be interpreted before follow-up testing. 

2. Theoretical Background 

Drug repurposing refers to identifying new therapeutic uses for existing drugs or drug-like 

compounds. Compared with conventional drug discovery, it often starts from compounds with some 

known biological, pharmacological, or clinical properties. This can narrow the search space before 

further testing, rather than beginning entirely from new chemical entities [1, 2]. In this review, drug 

repurposing is not treated as a broad pharmaceutical business strategy. It is treated more narrowly as 

the endpoint of a computational process: selecting and ranking existing compounds that may be 

relevant in a new disease context. 

Gene expression signature reversal provides the theoretical logic for that process. A gene 

expression signature is a pattern of genes that are upregulated or downregulated under a particular 

biological condition. In disease research, a disease-associated signature is usually derived by 

comparing disease samples with normal or control samples. Such a signature does not represent the 

whole disease, but it can capture part of the molecular state associated with that condition. Drug 

treatment, in turn, can produce measurable transcriptional changes known as drug-induced expression 

profiles [5, 6]. 

The reversal idea is straightforward but powerful. If a disease increases the expression of one group 

of genes and decreases another, then a candidate drug may be interesting if it pushes those changes 

in the opposite direction. This inverse relationship gives signature reversal its appeal as a 

prioritization method [3, 4]. It is also where the method becomes vulnerable. A strong inverse score 

can indicate an expression-level opposition, but it does not by itself explain why a compound should 

work therapeutically. The score needs to be read as a ranking signal, not as a mechanistic conclusion 

[12]. 

Connectivity Map and LINCS make this type of reasoning operational. They contain large 

collections of perturbation-induced expression profiles generated under different experimental 

conditions. By comparing a disease signature with these profiles, researchers can estimate whether a 

compound is positively or negatively connected with a disease state [5, 6]. For drug repurposing, 

negative connectivity is usually more informative because it suggests that the compound may oppose 

disease-related expression changes. L1000CDS² provides a more direct query-based implementation 
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of this logic by identifying compounds predicted to mimic or reverse submitted signatures [7]. 

Within this framework, AI and machine learning should be viewed as computational amplifiers 

rather than replacements for biological reasoning. They can help identify informative expression 

patterns, reduce the burden of high-dimensional data, predict drug-induced transcriptional responses, 

and rank candidate compounds [8, 9, 10, 13]. Newer models also address dose-dependent and context-

specific responses, which matters because drug effects are not fixed properties of compounds alone; 

they vary with cell type, tissue state, exposure level, and phenotype readout [11]. The theoretical 

contribution of AI-assisted signature reversal is therefore sharper than a general claim about “AI in 

drug discovery”: it is a way to improve candidate ranking when transcriptomic evidence is available 

but difficult to interpret. 

3. Literature Review 

3.1. CMap / LINCS-Based Drug Repurposing Studies 

CMap and LINCS-based approaches have become central to gene expression-based drug 

repurposing because they provide a shared computational space for comparing disease-associated 

signatures with drug-induced profiles [5, 6, 14]. This is a different logic from classical target-based 

screening. Rather than asking whether a compound binds to one predefined target, the method asks 

whether a compound shifts a broader transcriptional state in a direction that is relevant to disease. 

That distinction matters most for complex diseases, where pathological states often involve 

coordinated changes across genes, pathways, and regulatory networks rather than a single dominant 

molecular lesion [2, 14]. 

The original Connectivity Map introduced the idea that genes, small molecules, and disease states 

could be connected through expression signatures [5]. Its most important contribution was conceptual: 

it made transcriptional profiles usable as query objects. The next-generation CMap and L1000 

platform expanded that idea in scale, allowing many more compounds and experimental conditions 

to be examined computationally [6]. As a result, gene expression-based repurposing became less 

dependent on isolated case-by-case comparisons and more suited to systematic candidate screening. 

In most CMap/LINCS-based studies, the workflow begins with a disease signature. Researchers 

identify genes that are increased or decreased in disease samples relative to normal or control samples, 

then compare that signature with drug-induced profiles. A positive connection may indicate that a 

drug produces a disease-like transcriptional state, whereas a negative connection suggests an 

opposing state [14, 15]. For repurposing, the second relationship is usually more useful because it 

offers a route for identifying compounds that may counteract disease-associated molecular changes. 

The literature shows that CMap/LINCS-based strategies can support candidate discovery across 

disease areas, including oncology and viral infection [1, 2, 15]. These studies should not be read as 

evidence that database matching alone can establish efficacy. Their stronger contribution is more 

practical: they show how transcriptomic comparison can reduce a broad and disordered compound 

space into a smaller, biologically interpretable set of candidates. For this review, CMap and LINCS 

therefore function mainly as infrastructure. They supply perturbation profiles; the critical scientific 

question is how those profiles are scored, ranked, and interpreted. 

3.2. Signature Reversal Methods in Drug Repurposing 

Signature reversal is the most direct bridge between disease biology and candidate prioritization 

in this review. It assumes that a disease state can be partly represented by an abnormal expression 

signature and that a useful compound may produce an opposite transcriptional effect. In practical 

terms, genes increased in the disease may be reduced after drug treatment, while genes reduced in the 
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disease may be increased. This inverse relationship gives the method a clear biological interpretation 

and explains why it has become attractive for repurposing studies [3, 4]. 

A typical reversal workflow has three linked steps. First, a disease-associated signature is 

generated from transcriptomic data. Second, this signature is compared with drug-induced profiles 

from databases such as CMap or LINCS. Third, compounds are ranked according to the strength of 

the inverse relationship [7, 15]. Negative connectivity scores or related reversal scores are often used 

to express this relationship. A stronger negative score suggests that the drug-induced profile is more 

opposed to the disease-associated profile and may therefore deserve higher priority for follow-up 

analysis [4, 7, 15]. 

The method is valuable partly because it is not restricted to drugs with known mechanisms in the 

target disease. By comparing transcriptional patterns, signature reversal can identify unexpected 

relationships between existing compounds and disease states. This feature is especially relevant to 

repurposing, where the strongest candidate may not be the compound with the most obvious original 

indication [2, 3]. L1000CDS² makes this logic practical by allowing a user-submitted expression 

signature to be queried for small molecules predicted to mimic or reverse it [7]. 

Evidence for the method, however, is not all of the same strength. Studies linking reversal of cancer 

gene expression to drug efficacy provide important support because they connect the score to 

biological activity rather than leaving it as a purely computational output [4]. At the same time, 

validation-focused work on transcriptome signature reversion in oncology gives one of the clearest 

cautions in the literature: reversal scores may partly capture general anti-proliferative effects rather 

than disease-specific therapeutic activity [12]. This is a more serious limitation than a generic need 

for “more validation.” It means that a compound can look promising because it broadly suppresses 

proliferating cells, not because it targets the disease mechanism under study. 

For that reason, reversal-based ranking should be interpreted as a disciplined starting point, not a 

finished answer. The quality of the disease signature, the scoring design, the cell line used to generate 

the drug profile, and the dose and time of treatment can all shape the final ranking [6, 12, 14]. The 

method remains useful, but its usefulness depends on interpretation. A high-ranked candidate is more 

convincing when the reversal score is supported by pathway-level relevance, disease biology, and a 

plausible drug-response pattern. 

3.3. AI and Machine Learning in Candidate Prioritization 

AI and machine learning enter this field because transcriptomic repurposing creates more 

information than researchers can interpret manually. Gene expression datasets may contain thousands 

of measured or inferred features, while sample sizes are often much smaller. Meaningful signals can 

be mixed with technical noise, redundant genes, and context-specific variation. Machine learning 

methods can help identify informative patterns, reduce dimensional complexity, and support more 

systematic comparison between disease states and drug-induced profiles [8, 13]. 

The most immediate use of AI is candidate ranking. Computational screens rarely return one 

obvious compound; they produce lists that need to be ordered. Machine learning-based approaches 

have been used to generate ranked lists of possible repurposing candidates from disease-related 

expression information [8]. Other approaches use disease clustering before reversal-based 

comparison, which shows that AI can contribute before the final ranking step by organizing disease 

states into more meaningful groups [13]. This is an important distinction: AI does not only score 

drugs; it can also structure the input space in which drug-disease comparisons are made. 

Deep learning extends the framework further by predicting drug-induced transcriptional responses 

rather than relying only on profiles already measured in a database. DLEPS uses chemically induced 

transcriptional profiles from L1000 to predict drug efficacy from disease-related gene signatures and 
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selected compound libraries [9]. CIGER focuses on predicting chemical-induced gene expressions 

for de novo chemicals and applies that prediction to pancreatic cancer drug repurposing [10]. These 

studies are particularly relevant because they move prioritization beyond simple lookup. They suggest 

that AI can estimate how a compound may perturb expression even when direct experimental data 

are incomplete. 

The most methodologically important development is context-aware prediction. MultiDCP 

predicts dose-dependent and context-specific drug-induced gene expression and cell viability, 

addressing the weakness of models that use a small number of fixed cell lines as substitutes for 

disease-relevant tissues or patient contexts [11]. This is not just technical refinement. For repurposing, 

dose and cellular context can change whether a candidate appears promising, ineffective, or unsafe. 

AI therefore contributes most when it helps prioritize compounds under biologically relevant 

conditions, rather than merely producing a longer ranked list. 

Taken together, the literature supports a pipeline in which CMap/LINCS resources provide 

perturbation data, signature reversal supplies the inverse-matching logic, and AI/ML methods 

improve prediction, pattern recognition, and candidate ranking. The combined approach matters 

because it makes prioritization more explicit. It does not simply say that a compound is “related” to 

a disease; it asks how that relationship is represented in expression space, how strongly it opposes the 

disease state, and whether the ranking remains plausible under biological constraints. 

4. Discussion & Synthesis 

The reviewed literature supports a qualified but useful answer to the research question. AI-assisted 

gene expression signature reversal can improve candidate prioritization by linking three elements that 

are often treated separately: disease-associated transcriptional change, perturbation databases, and 

computational ranking. The strongest contribution is triage. Instead of beginning with a large and 

weakly organized compound pool, researchers can begin with candidates whose transcriptional 

effects have at least some relationships to the disease signature [3, 4]. 

Among the components of this framework, the data foundation is relatively mature. CMap and 

LINCS have established a practical reference space for perturbation-based comparison [5, 6], and 

L1000CDS² provides an accessible way to query mimic or reversal relationships [7]. The more 

difficult problem is not whether profiles can be compared, but what the comparison means. A negative 

connection is attractive because it is interpretable, but interpretability can also be misleading if the 

biological basis of the reversal is not examined. 

The most serious methodological risk is the specificity of the reversal signal. Validation-focused 

work on transcriptome signature reversion suggests that some reversal scores in oncology may reflect 

broad anti-proliferative effects rather than selective targeting of disease-specific pathways [12]. This 

point changes how the method should be used. The task is not simply to find the most negative score. 

A stronger workflow would ask whether the reversed genes are connected to disease-relevant 

pathways, whether the drug response is plausible at a usable dose, and whether the signal persists in 

an appropriate cellular context. 

AI can improve this workflow, but only when its role is specified carefully. The strongest AI 

contributions in the reviewed literature are not vague claims about faster drug discovery. They are 

more concrete: ranking candidates from disease-related expression information [8], organizing 

disease groups before reversal analysis [13], predicting transcriptional responses from chemical 

information [9, 10], and modeling dose- and context-dependent responses [11]. These functions 

address real bottlenecks in transcriptomic repurposing. They also make the pipeline more complex, 

because predicted profiles and rankings must be interpreted rather than accepted automatically. 

Dose and cellular context deserve particular attention. A compound that reverses a signature in 
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one cell type, at one concentration, and under one treatment duration may not behave the same way 

in the tissue or patient group of interest. MultiDCP is important in this discussion because it treats 

drug response as context-dependent rather than assuming that a small set of cell lines can stand in for 

all disease settings [11]. For candidate prioritization, this may be more consequential than small 

improvements in ranking accuracy. A biologically relevant prediction is more useful than a 

mathematically strong ranking produced under inappropriate conditions. 

The overall implication is that AI-assisted signature reversal should be developed as an evidence-

weighting workflow. A candidate should become more convincing when several layers point in the 

same direction: inverse expression matching, pathway-level relevance, appropriate cellular context, 

plausible dose-response behavior, and interpretable model output. If these layers disagree, the ranking 

should be treated cautiously even when the reversal score is strong. This layered interpretation is 

where the approach has the greatest value for drug repurposing. It does not remove uncertainty, but 

it makes the uncertainty more visible and easier to manage. 

5. Conclusion 

AI-assisted gene expression signature reversal offers a focused strategy for prioritizing drug 

repurposing candidates. Its value comes from combining transcriptomic databases, inverse expression 

matching, and computational ranking. CMap and LINCS provide perturbation profiles, L1000CDS² 

helps operationalize mimic and reversal searches, and AI/ML methods extend the framework through 

prediction, ranking, and context-aware analysis. 

The review supports a cautious conclusion. Signature reversal is useful when it is treated as a 

ranking logic anchored in disease biology, not as proof that a compound will be effective. Evidence 

linking reversal to drug efficacy strengthens the method, while validation-focused work shows that 

reversal scores can also be influenced by non-specific anti-proliferative effects. The most defensible 

use of the approach is therefore not to identify a final therapeutic answer, but to select candidates that 

deserve closer biological and experimental examination. 

Future work should focus less on producing longer candidate lists and more on improving the 

quality of prioritization. The most promising direction is an integrated workflow that combines 

reversal scores with pathway interpretation, disease-relevant cell or tissue context, dose-response 

information, and transparent model reasoning. Used in this way, AI-assisted signature reversal can 

make early-stage drug repurposing more selective, interpretable, and biologically grounded. 
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