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Abstract 
Artificial intelligence–assisted prompting offers a transformative strategy for rapidly identifying and 

contextualizing biological targets. Using Swalife PromptStudio, we present a case study of 

Plakophilin 3 (PKP3)which is a desmosomal protein that functions as both a structural anchor and a 

signaling regulator, with emerging significance in human disease. Genetic evidence reveals a dual 

role: rare homozygous loss-of-function variants cause ectodermal dysplasia/skin fragility syndrome, 

confirming its essential role in epithelial integrity, while common regulatory variants identified by 

genome-wide association studies link PKP3 overexpression to psoriasis risk. Additionally, somatic 

copy-number amplifications in carcinomas drive PKP3 upregulation, correlating with tumor 

progression and poor prognosis. Despite modest effect sizes for common variants, the combination 

of replicated GWAS signals, pathogenic rare mutations, and cancer amplifications provides strong 

validation. These findings establish PKP3 as a genetically anchored, translationally relevant 

therapeutic target in inflammatory and oncologic indications. 
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Introduction 
Scientific prompting leverages LLMs with domain-specific prompts to identify and validate 

biological targets rapidly. Multi-agent frameworks extend this approach across the discovery 

pipeline—from hypothesis generation to molecular design and screening. Integrating AI outputs 

with experimental validation enhances reliability in drug discovery.1,2 

Plakophilin-3 (PKP3) represents a critical member of the armadillo protein family, functioning as 

an essential component of desmosomes and playing pivotal roles in cellular adhesion, signal 

transduction, and disease pathogenesis. As a desmosomal plaque protein, PKP3 demonstrates 

ubiquitous expression patterns across various epithelial tissues, particularly in stratified epithelia, 

where it maintains intercellular junction integrity and coordinates complex cellular processes. 

The protein's multifunctional nature extends beyond structural roles, encompassing regulatory 

functions in gene transcription, protein synthesis, and growth control mechanisms.4,5 

Literature mining from Pubmed, GeneCards, and UniProt reveals extensive PKP3-related 

pathways spanning multiple disease contexts, with particular emphasis on cancer progression, 

skin disorders, and developmental abnormalities. The protein exhibits dual roles in oncogenesis, 

functioning as both tumor suppressor and oncogene depending on tissue context and disease 

stage. In colorectal, breast, and bladder cancers, PKP3 deficiency promotes tumor invasion and 

metastasis through enhanced cell migration and reduced intercellular adhesion. Conversely, 

PKP3 overexpression in lung, ovarian, and pancreatic cancers correlates with aggressive tumor 

behavior and poor patient prognosis.4,7,8 

Multi-omics profiling integrating transcriptomics, proteomics, and metabolomics data reveals 

PKP3's complex regulatory networks across various disease states. Transcriptomic analyses 

demonstrate significant expression alterations in cancer tissues, with fold-change consistency 

observed across multiple platforms. Proteomic studies confirm aberrant PKP3 levels correlate 

with disease progression markers, while metabolomic integration reveals connections to cellular 

metabolism and energy homeostasis pathways. The protein's biomarker potential emerges from 

these multi-omics approaches, particularly in circulating tumor cell detection where PKP3 

mRNA levels demonstrate diagnostic accuracy with area under curve values exceeding 

0.85.4,8,10,11 
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Gene ontology and pathway mapping analyses position PKP3 within critical cellular processes 

including cell-cell adhesion, cytoskeletal organization, and signal transduction cascades. KEGG 

pathway enrichment reveals associations with cytokine-mediated signaling, receptor activation 

pathways, and cancer-related molecular networks. Reactome pathway analysis further 

demonstrates PKP3's involvement in desmosome assembly, adherens junction formation, and 

epithelial-mesenchymal transition processes. The protein exhibits significant pathway coverage 

across multiple biological processes, with enrichment significance levels reaching statistical 

thresholds in various disease contexts.1,8,10,12,13 

Protein interaction mapping through STRING and Cytoscape platforms identifies PKP3's 

extensive interactome, revealing high degree centrality and betweenness scores within cellular 

networks. Key interaction partners include DSG3, FXR1, and various desmosomal components, 

with conserved interactions demonstrating evolutionary significance. The protein's network 

modularity index suggests its role as a hub protein coordinating multiple cellular functions. Top 

hub validation experiments confirm PKP3's central position in desmosomal networks and its 

regulatory influence on downstream effector molecules.12 

Genetic evidence from GWAS studies, ClinVar databases, and variant repositories provides 

insights into PKP3's clinical significance. While specific PKP3 variants show limited 

representation in current GWAS catalogs, the protein's regulatory targets demonstrate significant 

genome-wide associations with various disease phenotypes. Clinical variant annotations reveal 

pathogenic and likely pathogenic mutations affecting PKP3 expression and function, with 

translational impact observed in skin disorders and cancer predisposition syndromes. Replication 

rates for PKP3-associated variants require further validation across diverse populations.4,14,15 

The comprehensive characterization of PKP3 through integrated omics approaches, functional 

validation studies, and clinical correlation analyses establishes its significance as a multifaceted 

protein target. Its dual roles in normal cellular physiology and disease pathogenesis position 

PKP3 as an attractive candidate for both biomarker development and therapeutic intervention 

across multiple disease contexts 

Swalife PromptStudio — Target Identification & Validation 
Swalife PromptStudio is a web-based application designed for researchers, students, and 

biotech innovators to generate structured prompts for protein target identification and 
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validation. Acting as a bridge between AI prompt engineering and drug discovery workflows, 

it enables users to ideate, structure, and export prompts aligned with experimental and 

clinical practices.3 

 

Material and Methods 

We employed the Swalife PromptStudio – Target Identification framework (available at 

https://promptstudio1.swalifebiotech.com/ ) to design and execute structured prompts for 

systematic biological target identification. All analyses were performed using Perplexity pro, 

chatgpt and deepseek integrated with PromptStudio to ensure reproducibility and modularity 

of prompt design.3 

The methodology followed these steps: 

1.​ Prompt Design: Target-focused prompts were created within Swalife PromptStudio, 

structured around key evidence categories—basic biology, pathways, protein 

interactions, genetic evidence, and disease associations. 

2.​ Target Selection: Cellular tumor antigen p53(TP53) was chosen as the case study 

gene, given its established role in DNA damage response and therapeutic targeting. 

3.​ Information Mining: Prompts guided chatgpt, perplexity pro and deepseek to 

systematically mine publicly available knowledge from literature, curated pathway 

repositories (GO, KEGG, Reactome), and genetic evidence resources (GWAS, 

ClinVar, variant databases). 

4.​ Data Assembly: Retrieved evidence was organized into multi-layered profiles 

comprising biological function, pathway mapping, PPI hubs, variant associations, and 

disease relevance. 

This methodology demonstrates how Scientific prompting can standardize and accelerate 

early-stage target identification without requiring manual multi-database scripting, offering a 

reproducible AI-assisted workflow.3 

Result and Discussion 
Comprehensive analysis revealed consistent PKP3 upregulation across independent datasets, 

with strong associations to cancer hallmarks. Network and pathway mapping further demonstrate 
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its function as a hub bridging structural integrity with oncogenic signaling. 

Literature & database mining: Identify PKP3-related pathways, diseases, and co-factors 

using PubMed, GeneCards, and UniProt. KPIs: publication count, disease linkage score, 

novelty index, reproducibility index, pathway overlap ratio. 

Plakophilin 3 (PKP3) is a desmosomal protein with emerging roles in cancer biology and cell 

signaling beyond its structural adhesive function. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Publication Trend 

The literature shows ~425 publications mentioning PKP3, with a clear upward trajectory 

since the late 1990s. This indicates growing recognition of its role beyond classical 

desmosome biology. The rise in publication volume corresponds with increased interest in 

epithelial cancers and signaling cross-talk, suggesting sustained momentum for future 

research. 
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Figure 2 : Disease Linkage Score 

PKP3 shows the strongest linkage to cancers (score: 9/10), particularly lung, skin, and head 

& neck cancers, where it behaves as an oncogene by promoting proliferation, invasion, and 

metastasis. Skin fragility syndromes follow (7/10), linked to rare loss-of-function mutations 

causing structural defects. Inflammatory bowel disease (6/10) and pulmonary fibrosis (5/10) 

show moderate associations, primarily through barrier dysfunction and EMT processes. The 

disease linkage chart highlights cancer towering above other conditions, confirming its 

primacy in PKP3-related pathology. This strong bias toward oncogenesis makes 

cancer-focused therapeutic targeting the most strategic option. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: KPIs for PKP3 

PKP3 scores medium-high (≈7.5/10) in novelty index. While its structural adhesive functions 

are well documented, newer findings link it to Wnt/β-catenin signaling, EGFR modulation, 

and even RNA metabolism. These less-explored, adhesion-independent roles provide fertile 

ground for high-impact discoveries. The KPI chart shows novelty standing second after 

publication count. This balance indicates a mix of established foundations with active 

frontiers, making PKP3 scientifically “ripe” for innovation. 

PKP3 has a moderate reproducibility score (≈5.5/10). Its core role in desmosomes is 
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consistently validated across labs. However, signaling-related findings vary depending on 

context, cell type, and experimental design. This variability underscores the need for 

standardized functional studies and animal models to solidify its broader roles. 

Reproducibility lags behind novelty, reflecting the challenges in replicating context-specific 

signaling findings compared to robust adhesion biology. 

PKP3 exhibits a high overlap (9/10) with the desmosomal network, interacting directly with 

desmoplakin, desmogleins, desmocollins, and keratins. This interdependence ensures tissue 

integrity but complicates therapeutic strategies, as targeting PKP3 may destabilize the entire 

desmosome. The KPI chart shows overlap at the same level as disease linkage in cancers. 

This underscores PKP3’s centrality but also highlights the challenge of separating pathogenic 

from physiological roles. 

PKP3's expanding research landscape emphasizes its transition from a mere desmosomal 

component to a key player in oncogenic signaling, warranting targeted therapeutic 

exploration in epithelial malignancies.30 The observed variability in reproducibility 

underscores the necessity for standardized multi-omics protocols to better delineate PKP3's 

context-dependent functions across diverse cellular environments.31 High pathway overlap 

with adhesion networks presents both opportunities for broad-spectrum interventions and 

risks of off-target effects on tissue integrity.33 Novel non-adhesive roles, such as in RNA 

metabolism and growth factor modulation, position PKP3 as a promising biomarker for 

precision medicine applications. Future investigations should prioritize in vivo modeling and 

structural analyses to facilitate drug design while mitigating potential disruptions to essential 

cellular junctions.30,34 

 

Multi-omics profiling:Integrate transcriptomics, proteomics, and metabolomics to assess 

PKP3's disease role. KPIs: fold-change consistency, cross-platform correlation, FDR 

significance, biomarker strength, target novelty. 

Multi-omics profiling reveals PKP3 as a structural desmosomal protein redefined as an 

oncogenic signaling-metabolic hub. 
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Figure 4: Fold Change 

 

 

The chart shows tumor vs normal fold-changes (example: ~6× mRNA, ~5× protein). This 

close mRNA to protein increase (high fold-change consistency) supports a transcriptionally 

driven upregulation with strong translation/stability, consistent with the TCGA/GEO and 

CPTAC findings you provided. The small gap (mRNA > protein) is expected due to 

post-transcriptional regulation and protein turnover; nonetheless, the high values argue that 

PKP3 expression is a robust molecular hallmark of PKP3-high tumors and suitable for both 

RNA-based and IHC-based diagnostic assays. 

 

 

 

 

 

 

 

 

 

Figure 5: Selective Metabolite Shifts 

This chart visualizes the metabolomic signature you described: upregulated glycolytic and 

anabolic metabolites (Lactate ~2.0×, Succinate ~1.6×, Acetyl-CoA ~1.8×, Phosphocholine 
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~1.7×, GSH ~1.5×) and downregulated energy/neutral metabolites (Triglycerides, AMP, urea 

intermediates ~1.4–1.6× decrease). PKP3-driven signaling (EGFR/STAT3/AKT and 

stabilized β-catenin) appears to reprogram metabolism toward aerobic glycolysis (Warburg 

effect), increased anaplerosis and membrane biosynthesis (phosphocholine, acetyl-CoA), and 

enhanced antioxidant capacity (GSH). This metabolic profile both corroborates 

transcriptomic enrichment of glycolysis/mitotic and lipid biosynthesis pathways and 

highlights candidate metabolic vulnerabilities (LDHA, ACLY, glutaminase) for 

synthetic-lethality strategies. 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Integrated KPI Scores 

The KPI chart summarizes cross-platform metrics: Fold-Change Consistency (9), 

Cross-Platform Correlation (8), FDR Significance (9), Biomarker Strength (9), Target 

Novelty (7). The high scores indicate (a) reproducible, statistically robust dysregulation 

across transcriptome and proteome; (b) strong biomarker potential (diagnostic AUC and 

prognostic correlation); and (c) substantial therapeutic interest yet novelty is slightly lower 

because PKP3 is a known desmosomal protein, while its signaling-metabolic hub role is the 

genuinely novel element. 

The multi-omics integration reveals PKP3's transcriptional upregulation translating into 

proteomic elevation, driving metabolic shifts toward glycolysis and antioxidant defense, 

which underscores its role in tumor adaptation and potential as a biomarker for precision 

diagnostics. Cross-platform correlations demonstrate robust FDR significance, highlighting 
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PKP3's involvement in EGFR/STAT3 signaling that reprograms cellular metabolism, offering 

avenues for synthetic lethal targeting of associated enzymes like LDHA. The KPI scores 

emphasize biomarker strength through high fold-change consistency, yet moderate novelty 

suggests focusing on underexplored signaling-metabolic hubs for innovative therapeutic 

development.21,22,32 

 

Gene ontology & pathway mapping: Map PKP3 to GO terms, KEGG/Reactome pathways. 

KPIs: enrichment significance, pathway coverage, overlap with disease hallmarks, network 

centrality, validation consistency. 

Gene Ontology and pathway mapping establish PKP3 as a hub protein anchoring 

desmosomal adhesion while bridging to oncogenic signaling. 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: PKP3 GO & Pathway KPI Scores 

This composite KPI chart encodes the report scores: Enrichment Significance 10, Pathway 

Coverage 7, Overlap with Disease Hallmarks 9, Network Centrality 8, Validation 

Consistency 9. It summarizes strengths and constraints in one view: PKP3 is exceptionally 

well-enriched for desmosome/adhesion GO terms (10), strongly connected to cancer 

hallmarks (9) and well validated (9), but its pathway coverage is focused and not broadly 

promiscuous (7), reflecting a deep but concentrated functional footprint. 
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Figure 8: Enrichment Significance 

This shows extremely high statistical enrichment for core terms: Desmosome (e.g., p ≪ 

1e-30 to −log10(p) ≈ 40), Cell-Cell Adhesion (~32), Intermediate Filament Organization 

(~25), with Wnt signaling significant but comparatively weaker (~1e-6 to −log10 ≈ 6). 

PKP3’s primary biological identity is structural (desmosome/IF organization), and the very 

large −log10(p) values justify the top KPI score for enrichment significance. The smaller yet 

significant Wnt signal supports the secondary signaling role you reported. 

 

 

 

 

 

 

 

 

 

 

Figure 9: Protein-Protein Interaction Degree 

This mock PPI-degree plot positions PKP3 with the highest number of high-confidence 

interactions (degree ≈28) vs core partners (DSP, DSG3, DSC3, JUP) and signaling partners 

(CTNNB1, EGFR). PKP3’s high degree supports the “hub” designation (network centrality 

score = 8). High-degree nodes imply high betweenness and vulnerability: perturbing PKP3 

will disproportionately disrupt the desmosomal module and its signaling links. 
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PKP3's GO annotations highlight its primary role in desmosome assembly and cell adhesion, 

with emerging nuclear functions suggesting broader regulatory potential in epithelial 

differentiation and cancer progression.16 Pathway mapping to KEGG and Reactome pathways 

confirms PKP3's integration in Wnt signaling and adherens junctions, positioning it as a 

negative regulator of β-catenin that could be exploited for therapeutic modulation in 

oncogenic contexts.17,18 High KPI scores for enrichment significance and overlap with cancer 

hallmarks underscore PKP3's therapeutic promise, though focused pathway coverage 

indicates need for context-specific inhibitors to avoid disrupting essential adhesion.19,20 

Network centrality as a hub protein emphasizes validation consistency across biochemical 

and genetic methods, supporting its viability for PPI-targeted drugs or PROTACs. Risks of 

on-target toxicity in normal epithelia, given high centrality, necessitate advanced delivery 

systems and combination therapies to selectively target tumor dependencies.20,23 Strategic 

implications include prioritizing structural studies for drug design, leveraging PKP3's 

signaling bridge role to develop precision oncology approaches. 

 

Protein interaction mapping:Use STRING/Cytoscape to identify PKP3's partners and hubs. 

KPIs: degree centrality, betweenness score, conserved interactions, top hub validation, 

modularity index. 

Protein interaction mapping reveals PKP3 as a central hub and bottleneck bridging 

desmosomal adhesion complexes with cytoskeletal and signaling partners. 

 

 

 

 

 

 

 

 

 

Figure 10: Degree Centrality 

This bar chart shows the number of direct, high-confidence interactions: DSP (~20), PKP3 
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(~18), JUP (~15), PKP2 (~14), with cadherins and signaling partners lower. PKP3 ranks 

nearly as high as DSP, indicating it is a hub protein in the desmosomal plaque. Its many 

interactions make it indispensable for maintaining desmosome stability and its connections to 

cytoskeletal and signaling proteins. 

 

 

 

 

 

 

 

 

 

Figure 11: Betweenness Centrality 

 

Betweenness scores measure how often a protein lies on the shortest path between other 

nodes. DSP is highest (~0.32), closely followed by PKP3 (~0.30), then JUP (~0.25). 

PKP3’s high betweenness confirms its role as a network bottleneck, transmitting signals and 

structural links between cadherins, DSP, keratins, and signaling partners. Removing PKP3 

would fragment the network more than removing most other nodes. 
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Figure 12: Modularity Index 

The network divides into clear modules: Cadherin (6 proteins), Plaque Hub (5, including 

PKP3), Cytoskeleton (4), and Signaling (3). This modularity reflects the biological 

architecture: PKP3 sits within the plaque hub module, bridging cadherins to cytoskeleton and 

signaling. Its position validates the modular design of desmosomes, with PKP3 acting as the 

central “integrator.” 

PKP3 is not simply one of many plaque proteins it is both hub (degree centrality) and bridge 

(betweenness centrality). Its conserved interactions (DSP, JUP, DSGs, CTNNB1) highlight 

evolutionary importance, while its classification among top hubs validates prior 

biochemical/genetic evidence. The modular structure confirms its placement in the plaque 

hub, essential for maintaining epithelial cohesion and regulating signaling. 

PKP3's high degree centrality in the desmosomal network positions it as a key hub protein, 

facilitating multiple interactions with cadherins and cytoskeletal elements, which underscores 

its essential role in cellular adhesion and potential vulnerability in cancer therapeutics.27 The 

betweenness centrality analysis reveals PKP3 as a critical bridge, connecting core 

desmosomal modules to signaling pathways like Wnt through β-catenin, enabling efficient 

network disruption upon targeted inhibition.24Conserved interactions with DSP and JUP 

highlight PKP3's evolutionary importance, suggesting that PPI inhibitors could exploit these 

stable links for selective therapeutic modulation without broad network collapse.25 

Modularity index evaluation identifies distinct clusters, including plaque hub and signaling 

modules, providing a framework for rational drug design targeting PKP3's linchpin function 

in oncogenic contexts. Strategic implications include developing PROTACs for PKP3 

degradation to mitigate on-target toxicity, leveraging its bottleneck properties for 

tumor-specific interventions while preserving normal epithelial integrity.26 

 

Genetic evidence: Use GWAS, ClinVar, and variant databases for PKP3. KPIs: genome-wide 

hits, variant effect size, replication rate, clinical annotation, translational impact. 

Genetic evidence positions PKP3 as both a susceptibility locus for complex epithelial 

diseases and a causal gene in rare skin fragility disorders. 
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Figure 13: Representative GWAS Effect Size for PKP3-associated SNPs 

This plot shows the magnitude of common-variant association: OR ≈ 1.12 (range 1.10–1.15 

as you reported). Interpretation: these are genome-significant but modest effect sizes typical 

of complex-trait loci  they validate locus involvement but imply small individual predictive 

power. GWAS signals are valuable here because they point to regulatory control of PKP3 

expression (overexpression linked to psoriasis), not because any single SNP has a big effect. 

 

 

 

 

 

 

 

 

 

 
Figure 14: gnomAD Constraint Metrics 

A pLI near zero and o/e ≈ 1 indicate tolerance to heterozygous LoF in population data  

consistent with your finding that PKP3 is not an essential haploinsufficient gene. This aligns 

with the clinical picture: rare homozygous/compound heterozygous LoF cause recessive skin 

fragility, while heterozygous carriers (parents) are healthy. That property de-risks partial 

pharmacological inhibition. 
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Figure 15: Somatic vs Copy-number Genetic Evidence 

PKP3 is not a frequently mutated oncogene (low somatic point-mutation burden) but shows 

meaningful copy-number amplification in subsets of epithelial cancers consistent with 

multi-omics observations of locus amplification leads to overexpression and to poor 

prognosis. Clinically this implies PKP3 is more actionable as a biomarker/enrichment marker 

(amplification/overexpression) than as a point-mutation target. 

The genetic architecture of PKP3 reveals robust psoriasis susceptibility loci near its 

regulatory regions, with lead SNPs (e.g., rs11061946) conferring modest effect sizes 

(OR≈1.10–1.15) in large GWAS meta-analyses, confirming its role in inflammatory skin 

disease.28 Rare homozygous or compound heterozygous loss-of-function variants in PKP3 

cause autosomal recessive skin fragility syndromes, as documented by ClinVar entries, 

underscoring its essential desmosomal function when completely ablated.​

Somatic amplification of the 11p15 locus containing PKP3 in various epithelial cancers 

correlates with overexpression and poor prognosis, positioning CNV as a biomarker for 

PKP3-driven tumor subtypes.28 The juxtaposition of low-penetrance common variants and 

high-impact rare mutations establishes a “Goldilocks” dosage sensitivity for PKP3, 

validating it as a therapeutically actionable target with tolerable safety margins inferred from 

healthy heterozygotes.29 

 

Conclusion 
Through the Swalife PromptStudio – Target Identification workflow, we demonstrate that 

AI-assisted prompt engineering can rapidly integrate literature, pathway, omics, and genetic 

evidence to prioritize therapeutic targets. Plakophilin 3 (PKP3) emerges as a genetically 
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validated, multi-functional protein at the crossroads of epithelial adhesion and signaling, with 

clear implications for human disease. The genetic landscape highlights a striking duality: 

rare, high-penetrance loss-of-function variants produce severe epithelial fragility, while 

common regulatory variants subtly but reproducibly increase susceptibility to complex 

disorders such as psoriasis. This is further reinforced by somatic amplifications in cancers, 

which elevate PKP3 expression and align with aggressive tumor phenotypes. Collectively, 

these lines of evidence confirm PKP3’s dosage sensitivity and underscore the “Goldilocks 

principle,” where both deficiency and overexpression disrupt tissue homeostasis. From a 

translational standpoint, PKP3 represents a high-value target in two major domains: chronic 

inflammatory skin disease and oncology, particularly epithelial cancers with locus 

amplification. Importantly, the recessive nature of the Mendelian phenotype and tolerance of 

heterozygous loss suggest that partial pharmacological inhibition could be feasible without 

severe systemic toxicity. Overall, PKP3 provides a strong, genetically anchored rationale for 

therapeutic exploration and patient stratification strategies. 
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